Introduction and Preliminaries

Conceptual Outline

NI A deceptively simple model of the dynamics of a system is a deterministic

iterative map applied to a single real variable. We characterize the dynamics by look-
ing at its limiting behavior and the approach to this limiting behavior. Fixed points that
attract or repel the dynamics, and cycles, are conventional limiting behaviors of a
simple dynamic system. However, changing a parameter in a quadratic iterative map
causes it to undergo a sequence of cycle doublings (bifurcations) until it reaches a
regime of chaotic behavior which cannot be characterized in this way. This deter-
ministic chaos reveals the potential importance of the influence of fine-scale details
on large-scale behavior in the dynamics of systems.

HNEI A system that is subject to complex (external) influences has a dynamics

that may be modeled statistically. The statistical treatment simplifies the complex un-
predictable stochastic dynamics of a single system, to the simple predictable dy-
namics of an ensemble of systems subject to all possible influences. A random walk
on aline is the prototype stochastic process. Over time, the random influence causes
the ensemble of walkers to spread in space and form a Gaussian distribution. When
there is a bias in the random walk, the walkers have a constant velocity superim-
posed on the spreading of the distribution.

NI \WVhile the microscopic dynamics of physical systems is rapid and complex,
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the macroscopic behavior of many materials is simple, even static. Before we can un-
derstand how complex systems have complex behaviors, we must understand why
materials can be simple. The origin of simplicity is an averaging over the fast micro-
scopic dynamics on the time scale of macroscopic observations (the ergodic theorem)
andan averaging over microscopic spatial variations. The averaging can be performed
theoretically using an ensemble representation of the physical system that assumes
all microscopic states are realized. Using this as an assumption, a statistical treatment
of microscopic states describes the macroscopic equilibrium behavior of systems. The
final part of Section 1.3 introduces concepts that play a central role in the rest of the
book. It discusses the differences between equilibrium and complex systems.
Equilibrium systems are divisible and satisfy the ergodic theorem. Complex systems
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are composed out of interdependent parts and violate the ergodic theorem. They have
many degrees of freedom whose time dependence is very slow on amicroscopic scale.

To understand the separation of time scales between fast and slow de-
grees of freedom, a two-well system is a useful model. The description of a particle
traveling in two wells can be simplified to the dynamics of a two-state (binary vari-
able) system. The fast dynamics of the motion within a well is averaged by assuming
that the system visits all states, represented as an ensemble. After taking the aver-
age, the dynamics of hopping between the wells is represented explicitly by the dy-
namics of a binary variable. The hopping rate depends exponentially on the ratio of
the energy barrier and the temperature. When the temperature is low enough, the
hopping is frozen. Even though the two wells are not in equilibrium with each other,
equilibrium continues to hold within a well. The cooling of a two-state system serves
as a simple model of a glass transition, where many microscopic degrees of freedom
become frozen at the glass transition temperature.

Cellular automata are a general approach to modeling the dynamics of
spatially distributed systems. Expanding the notion of an iterative map of a single vari-
able, the variables that are updated are distributed on a lattice in space. The influ-
ence between variables is assumed to rely upon local interactions, and is homoge-
neous. Space and time are both discretized, and the variables are often simplified to
include only a few possible states at each site. Various cellular automata can be de-
signed to model key properties of physical and biological systems.

The equilibrium state of spatially distributed systems can be modeled by
fieldsthatare treated using statistical ensembles. The simplestisthe Ising model, which
captures the simple cooperative behavior found in magnets and many other systems.
Cooperative behavior is a mechanism by which microscopic fast degrees of freedom
can become slow collective degrees of freedom that violate the ergodic theorem and
are visible macroscopically. Macroscopic phase transitions are the dynamics of the
cooperative degrees of freedom. Cooperative behavior of many interacting elements
is an important aspect of the behavior of complex systems. This should be contrasted
to the two-state model (Section 1.4), where the slow dynamics occurs microscopically.

Computer simulations of models such as molecular dynamics or cellular
automata provide important tools for the study of complex systems. Monte Carlo sim-
ulations enable the study of ensemble averages without necessarily describing the
dynamics of a system. However, they can also be used to study random-walk dy-
namics. Minimization methods that use iterative progress to find a local minimum are
often an important aspect of computer simulations. Simulated annealing is a method
that can help find low energy states on complex energy surfaces.

We have treated systems using models without acknowledging explicitly
that our objective is to describe them. All our efforts are designed to map a system
onto a description of the system. For complex systems the description must be quite
long, and the study of descriptions becomes essential. With this recognition, we turn
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to information theory. The information contained in a communication, typically a
string of characters, may be defined quantitatively as the logarithm of the number of
possible messages. When different messages have distinct probabilities P in an en-
semble, then the information can be identified as —In(P) and the average information
is defined accordingly. Long messages can be modeled using the same concepts as
a random walk, and we can use such models to estimate the information contained
in human languages such as English.

MMM (1 order to understand the relationship of information to systems, we must

also understand what we caninfer frominformation that is provided. The theory of logic
is concerned with inference. It is directly linked to computation theory, which is con-
cerned with the possible (deterministic) operations that can be performed on a string
of characters. All operations on character strings can be constructed out of elemen-
tary logical (Boolean) operations on binary variables. Using Turing’s model of compu-
tation, itis further shown that all computations can be performed by a universal Turing
machine, aslong as its input character string is suitably constructed. Computation the-
oryis also related to our concern with the dynamics of physical systems because it ex-
plores the set of possible outcomes of discrete deterministic dynamic systems.

MNMIOME \\e return to issues of structure on microscopic and macroscopic scales

by studying fractals that are self-similar geometric objects that embody the concept
of progressively increasing structure on finer and finer length scales. A general ap-
proach to the scale dependence of system properties is described by scaling theory.
The renormalization group methodology enables the study of scaling properties by
relating a model of a system on one scale with a model of the system on another
scale. Its use is illustrated by application to the Ising model (Section 1.6), and to the
bifurcation route to chaos (Section 1.1). Renormalization helps us understand the ba-
sic concept of modeling systems, and formalizes the distinction between relevant
and irrelevant microscopic parameters. Relevant parameters are the microscopic
parameters that can affect the macroscopic behavior. The concept of universality is
the notion that a whole class of microscopic models will give rise to the same macro-
scopic behavior, because many parameters are irrelevant. A conceptually related
computational technique, the multigrid method, is based upon representing a prob-
lem on multiple scales.

The study of complex systems begins from a set of models that capture aspects of the
dynamics of simple or complex systems. These models should be sufficiently general
to encompass a wide range of possibilities but have sufficient structure to capture in-
teresting features. An exciting bonus is that even the apparently simple models dis-
cussed in this chapter introduce features that are not typically treated in the conven-
tional science of simple systems, but are appropriate introductions to the dynamics of
complex systems.Our treatment of dynamics will often consider discrete rather than
continuous time. Analytic treatments are often convenient to formulate in continu-
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ous variables and differential equations;however, computer simulations are often best
formulated in discrete space-time variables with well-defined intervals. Moreover, the
assumption of a smooth continuum at small scales is not usually a convenient start-
ing point for the study of complex systems. We are also generally interested not only
in one example of a system but rather in a class of systems that differ from each other
but share a characteristic structure. The elements of such a class of systems are col-
lectively known as an ensemble. As we introduce and study mathematical models, we
should recognize that our primary objective is to represent properties of real systems.
We must therefore develop an understanding of the nature of models and modeling,
and how they can pertain to either simple or complex systems.

Iterative Maps (and Chaos)

An iterative map f is a function that evolves the state of a system s in discrete time
s(t) = f(s(t - ot)) (1.1.7)

where s(t) describes the state of the system at time t. For convenience we will gener-
ally measure time in units of 8t which then has the value 1,and time takes integral val-
ues starting from the initial condition att =0.

Many of the complex systems we will consider in this text are of the form of
Eq.(1.1.1),if we allow s to be a general variable of arbitrary dimension. The generality
of iterative maps is discussed at the end of this section. We start by considering several
examples of iterative maps where s is a single variable. We discuss briefly the binary
variable case, s = 1. Then we discuss in greater detail two types of maps with s a real
variable, sT A, linear maps and quadratic maps. The quadratic iterative map is a sim-
ple model that can display complex dynamics. We assume that an iterative map may be
started at any initial condition allowed by a specified domain of its system variable.

1.1.1 Binary iterative maps

There are only a few binary iterative maps.Question1.1.1 is a complete enumeration
of them.*

uestion 1.1.1 Enumerate all possible iterative maps where the system
is described by a single binary variable, s = £1.

Solution 1.1.1 There are only four possibilities:
s(t) =1
s(t)=-1
s(h) =s(t- 1)
s(t) =-s(t- 1)

(1.1.2)

*Questions are an integral part of the text. They are designed to promote independent thought. The reader
is encouraged to read the question, contemplate or work out an answer and then read the solution provided
in the text. The continuation of the text assumes that solutions to questions have been read.
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It is instructive to consider these possibilities in some detail. The main rea-
son there are so few possibilities is that the form of the iterative map we are
using depends,at most, on the value of the system in the previous time. The
first two examples are constants and don’t even depend on the value of the
system at the previous time. The third map can only be distinguished from
the first two by observation of its behavior when presented with two differ-
ent initial conditions.

The last of the four maps is the only map that has any sustained dy-
namics. It cycles between two values in perpetuity. We can think about this
as representing an oscillator. [

Question 1.1.2

a. Inwhat way can the map s(t) =-s(t - 1) represent a physical oscillator?
b. How can we think of the static map, s(t) =s(t - 1), as an oscillator?

¢. Can we do the same for the constant maps s(t) =1 and s(t) =- 1?
Solution 1.1.2 (a) By looking at the oscillator displacement with a strobe
at half-cycle intervals,our measured values can be represented by this map.
(b) By looking at an oscillator with a strobe at cycle intervals. (c) You might
think we could, by picking a definite starting phase of the strobe with respect

to the oscillator. However, the constant map ignores the first value, the os-
cillator does not. [

1.1.2 Linear iterative maps: free motion, oscillation, decay
and growth

The simplest example of an iterative map with s real, s T A, is a constant map:
s(t) =5, (1.1.3)

No matter what the initial value,this system always takes the particular value s,. The
constant map may seem trivial,however it will be useful to compare the constant map
with the next class of maps.

A linear iterative map with unit coefficient is a model of free motion or propa-
gation in space:

s(t)=s(t- 1) +v (1.1.49)
at successive times the values of s are separated by v, which plays the role of the velocity.
Question 1.1.3 Consider the case of zero velocity
s(t) =s(t- 1) (1.15)
How is this different from the constant map?

Solution1.1.3 Thetwomapsdifferintheirdependenceontheinitialvalue. O
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Runaway growth or decay is a multiplicative iterative map:

s(t) =gs(t - 1) (1.1.6)
We can generate the values of this iterative map at all times by using the equivalent
expression

st)=g's, =e"Ots, (1.1.7)

which is exponential growth or decay. The iterative map can be thought of as a se-
quence of snapshots of Eq.(1.1.7) at integral time. g =1 reduces this map to the pre-
vious case.

uestion 1.1.4 We have seen the case of free motion, and now jumped

to the case of growth. What happened to accelerated motion? Usually we
would consider accelerated motion as the next step after motion with a con-
stant velocity. How can we write accelerated motion as an iterative map?

Solution 1.1.4 The description of accelerated motion requires two vari-
ables: position and velocity. The iterative map would look like:

X)) =x(t- 1) +v(t- 1)
v(t)=v(t- 1) +a

This is atwo-variable iterative map. To write this in the notation of Eq.(1.1.1)
we would define sas a vector s(t) = (x(t), v(t)). O

(1.1.8)

uestion 1.1.5 What happens in the rightmost exponential expression
in Eqg. (1.1.7) when g is negative?

Solution 1.1.5 The logarithm of a negative number results in a phase izx.
The term izt in the exponent alternates sign every time step as one would
expect from Eg. (1.1.6). O

At this point,it is convenient to introduce two graphical methods for describing
an iterative map. The first is the usual way of plotting the value of s as a function of
time. This is shown in the left panels of Fig. 1.1.1. The second type of plot,shown in
the right panels, has a different purpose. This is a plot of the iterative relation s(t) as
a function of s(t - 1). On the same axis we also draw the line for the identity map
s(t) =s(t - 1). These two plots enable us to graphically obtain the successive values of
s as follows. Pick a starting value of s, which we can call s(0). Mark this value on the
abscissa. Mark the point on the graph of s(t) that corresponds to the point whose ab-
scissa iss(0),i.e.,the point (s(0),s(1)).Draw a horizontal line to intersect the identity
map. The intersection point is (s(1), s(1)). Draw a vertical line back to the iterative
map. This is the point (s(1), s(2)). Successive values of s(t) are obtained by iterating
this graphical procedure. A few examples are plotted in the right panels of Fig. 1.1.1.

In order to discuss the iterative maps it is helpful to recognize several features of
these maps.First,intersection points of the identity map and the iterative map are the
fixed points of the iterative map:

So = f (So) (119)
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Figure 1.1.1 The left panels show the time-dependent value of the system variable s(t) re-
sulting from iterative maps. The first panel (a) shows the result of iterating the constant map;
(b) shows the result of adding v to the previous value during each time interval; (c)—(f) show
the result of multiplying by a constant g, where each figure shows the behavior for a different
range of g values: (¢) g>1,(d)0<g<1,(e) —1<g<0,and(f) g<—1. The right panels are
a different way of showing graphically the results of iterations and are constructed as follows.
First plot the function f(s) (solid line), where s(t) = f(s(t — 1)). This can be thought of as plot-
ting s(t) vs. s(t — 1). Second, plot the identity map s(t) = s(t — 1) (dashed line). Mark the ini-
tial value s(0) on the horizontal axis, and the point on the graph of s(t) that corresponds to
the point whose abscissa is s(0), i.e. the point (s(0), s(1)). These are shown as squares. From
the point (s(0), s(1)) draw a horizontal line to intersect the identity map. The intersection
point is (s(1), s(1)). Draw a vertical line back to the iterative map. This is the point (s(1),
s(2)). Successive values of s(t) are obtained by iterating this graphical procedure. [

Fixed points,not surprisingly, play an important role in iterative maps. They help us
describe the state and behavior of the system after many iterations. There are two
kinds of fixed points—stable and unstable. Stable fixed points are characterized by
“attracting” the result of iteration of points that are nearby. More precisely, there exists
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a neighborhood of points of s, such that for any s in this neighborhood the sequence
of points
.16),176),1°6) %4} (1110)

converges to s,. We are using the notation f 2(s) =f(f (5)) for the second iteration,and
similar notation for higher iterations. This sequence is just the time series of the iter-
ative map for the initial condition s. Unstable fixed points have the opposite behavior,
in that iteration causes the system to leave the neighborhood of s,. The two types of
fixed points are also called attracting and repelling fixed points.

The family of multiplicative iterative maps in Eqg.(1.1.6) all have a fixed point at
sy = 0. Graphically from the figures, or analytically from Eq. (1.1.7), we see that the
fixed point is stable for |g| <1 and is unstable for |g| > 1. There is also distinct behav-
ior of the system depending on whether g is positive or negative. For g < 0 the itera-
tions alternate from one side to the other of the fixed point, whether it is attracted to
or repelled from the fixed point. Specifically, if s <s, then f(s) > s, and vice versa, or
sign(s - sp) = -sign(f(s) - sy). For g >0 the iteration does not alternate.

Question 1.1.6 Consider the iterative map.

s(t) =gs(t- 1) +v (1.1.11)

convince yourself that v does not affect the nature of the fixed point, only
shifts its position.

uestion1.1.7 Consideranarbitrary iterativemap oftheformEq.(1.1.1),
with a fixed points, (Eq.(1.1.9)). If the iterative map can be expanded in
a Taylor series around s, show that the first derivative

-2

- (1.1.12)

0
characterizes the fixed point as follows:
For |g| <1, s, is an attracting fixed point.
For|g| > 1, s, is a repelling fixed point.
For g <0, iterations alternate sides in a sufficiently small neighborhood of s,
For g > 0,iterations remain on one side in a sufficiently small neighborhood of ;.

Extra credit: Prove the same theorem for a differentiable function (no Taylor
expansion needed) using the mean value theorem.

Solution 1.1.7 If the iterative map can be expanded in a Taylor series we
write that

f($)=f(0)+9 (- So)*+h (- o) +¥a (1.1.13)
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where g is the first derivative at s, and h is one-half of the second derivative
at sy. Since s is a fixed point f(sp) = s, we can rewrite this as:

f(5)-so

=g +h (s- sp) +%a (1.1.14)
S-S

If we did not have any higher-order terms beyond g, then by inspection each
of the four conditions that we have to prove would follow from this expres-
sion without restrictions on s. For example, if |g| > 1, then taking the mag-
nitude of both sides shows that f(s) - s, is larger thans- s,and the iterations
take the point s away from s, If g >0,then this expression says that f(s) stays
on the same side of s,. The other conditions follow similarly.

To generalize this argument to include the higher-order terms of the ex-
pansion, we must guarantee that whichever domaingisin (g >1,0<g <1,
-1<g <0, org<-1), the same is also true of the whole right side. For a
Taylor expansion, by choosing a small enough neighborhood |s - sy <9, we
can guarantee the higher-order terms are less than any number & we choose.
We choose ¢ to be half of the minimum of |g - 1|, |9 - 0] and |g + 1|. Then
g + ¢ isin the same domain as g. This provides the desired guarantee and the
proof is complete.

We have proven that in the vicinity of a fixed point the iterative map
may be completely characterized by its first-order expansion (with the ex-
ception of the special points g = +1,0). O

Thus far we have not considered the special cases g =+1,0. The special casesg =0
and g = 1 have already been treated as simpler iterative maps. When g = 0, the fixed
point ats = 0 is so attractive that it is the result of any iteration. When g =1 all points
are fixed points.

The new special case g = - 1 has a different significance. In this case all points al-
ternate between positive and negative values, repeating every other iteration. Such
repetition is a generalization of the fixed point. Whereas in the fixed-point case we re-
peat every iteration, here we repeat after every two iterations. This is called a 2-cycle,
and we can immediately consider the more general case of an n-cycle. In this termi-
nology a fixed point is a 1-cycle.One way to describe an n-cycle is to say that iterating
n times gives back the same result, or equivalently, that a new iterative map which is
the nth fold composition of the original map h =" has a fixed point. This descrip-
tion would include also fixed points of fand all points that are m-cycles, where m is a
divisor of n. These are excluded from the definition of the n-cycles. While we have in-
troduced cycles using a map where all points are 2-cycles,more general iterative maps
have specific sets of points that are n-cycles. The set of points of an n-cycle is called
an orbit. There are a variety of properties of fixed points and cycles that can be proven
for an arbitrary map. One of these is discussed in Question 1.1.8.
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uestion 1.1.8 Prove that there is a fixed point between any two points
of a 2-cycle if the iterating function f is continuous.

Solution 1.1.8 Let the 2-cycle be written as
s2=(51)
s1=(52)

Consider the function h(s) =f(s) - s, h(s;) and h(s,) have opposite signs and
therefore there must be ans, between s; and s, such that h(sy) = 0—the fixed
point. O

(1.1.15)

We can also generalize the definition of attracting and repelling fixed points to
consider attracting and repelling n-cycles. Attraction and repulsion for the cycle is
equivalent to the attraction and repulsion of the fixed point of f .

1.1.3 Quadratic iterative maps: cycles and chaos
The next iterative map we will consider describes the effect of nonlinearity (self-action):

s(t) =as(t- 1)(1- s(t- 1)) (1.1.16)
or equivalently
f(s)=as(l- s) (1.1.17)

This map has played a significant role in development of the theory of dynamical sys-
tems because even though it looks quite innocent,it has a dynamical behavior that is
not described in the conventional science of simple systems. Instead, Eq. (1.1.16) is
the basis of significant work on chaotic behavior, and the transition of behavior from
simple to chaotic. We have chosen this form of quadratic map because it simplifies
somewhat the discussion. Question 1.1.11 describes the relationship between this
family of quadratic maps,parameterized by a, and what might otherwise appear to be
a different family of quadratic maps.

We will focus on a values in the range 4 > a > 0. For this range, any value of s in
the interval s T [0,1] stays within this interval. The minimum value f (s) = 0 occurs for
$=0,1 and the maximal value occurs for s =1/2. For all values of a there is a fixed point
at s =0 and there can be at most two fixed points, since a quadratic can only intersect
aline (Eg. (1.1.9)) in two points.

Taking the first derivative of the iterative map gives

a =a(l- X) (1.1.18)
ds
At s =0 the derivative is a which, by Question 1.1.7,shows that s = 0 is a stable fixed
point for a < 1 and an unstable fixed point for a > 1. The switching of the stability of
the fixed point at s = 0 coincides with the introduction of a second fixed point in the
interval [0,1] (when the slope at s =0 is greater than one,f(s) >sfor small s, and since
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f(1) = 0, we have that f(s;) = s, for some s, in [0,1] by the same construction as in
Question 1.1.8). We find s, by solving the equation

sp=as;(1- 8) (1.1.19)

s5=@-D/a (1.1.20)
Substituting this into Eq. (1.1.18) gives

d—fL =2-a (1.1.22)

ds )

This shows that for 1 <a < 3,the new fixed point is stable by Question 1.1.7. Moreover,
the derivative is positive for 1 <a <2,s0 s, is stable and convergence is from one side.
The derivative is negative for 2 <a <3, so s, is stable and alternating.

Fig. 1.1.2(a)—(c) shows the three cases: a=0.5,a=15and a=2.8. For a=0.5,
starting from anywhere within [0,1] leads to convergence to s =0. When s(0) > 0.5 the
first iteration takes the system to s(1) < 0.5. The closer we start to s(0) = 1 the closer
to s = 0 we get in the first jump. At 5(0) = 1 the convergence to 0 occurs in the first
jump. A similar behavior would be found for any value of 0 <a < 1. For a=1.5 the be-
havior is more complicated. Except for the pointss =0,1,the convergence is always to
the fixed point s, = (a - 1)/a between 0 and 1. For a = 2.8 the iterations converge to
the same point;however, the convergence is alternating. Because there can be at most
two fixed points for the quadratic map, one might think that this behavior would be
all that would happen for 1 <a <4.0ne would be wrong. The first indication that this
is not the case is the instability of the fixed point at s, starting from a = 3.

What happens for a > 3? Both of the fixed points that we have found,and the only
ones that can exist for the quadratic map, are now unstable. We know that the itera-
tion of the map has to go somewhere, and only within [0,1]. The only possibility,
within our experience, is that there is an attracting n-cycle to which the fixed points
are unstable. Let us then consider the map f 2(s) whose fixed points are 2-cycles of the
original map. f 2(s) is shown in the right panels of Fig. 1.1.2 for increasing values of a.
The fixed points of f (s) are also fixed points of f (s). However, we see that two addi-
tional fixed points exist for a > 3. We can also show analytically that two fixed points
are introduced at exactly a = 3:

f2s)=a’(l-s)(1- as- s)) (1.1.22)
To find the fixed point we solve:
s=a’(1- s)(1- as(L-s)) (1.1.23)

We already know two solutions of this quartic equation—the fixed points of the map
f. One of these at s = 0 is obvious. Dividing by s we have a cubic equation:

a%’- 2a%" +a’(1+ap +(1-a°)=0 (1.1.24)
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Figure 1.1.2 (pp. 28-30) Plots of the result of iterating the quadratic map f(s) = as(1 - s)
for different values of a. The left and center panels are similar to the left and right panels of
Fig. 1.1.1. The left panels plot s(t). The center panels describe the iteration of the map f(s)
on axes corresponding to s(t) and s(t - 1). The right panels are similar to the center panels
but are for the function fz(s). The different values of a are indicated on the panels and show
the changes from (a) convergence to s = 0 for a = 0.5, (b) convergence to s = (a - 1)/ a for
a = 1.5, (c) alternating convergence to s = (a- 1)/ a for a = 2.8, (d) bifurcation — conver-
gence to a 2-cycle for a=3.2, (e) second bifurcation — convergence to a 4-cycle for a = 3.5,
(f) chaotic behavior fora =3.8. O

We can reduce the equation to a quadratic by dividing by (s - s;) as follows (we sim-
plify the algebra by dividing by a(s- s;) = (as- (a- 1))):

a’s’-a@+Ds+(@+1)
(as- @- 1)|a’s® - 2a% 2 +a’@+a)s +(1- a?)
a’s’ - @- Da's’ (1.1.25)
- (@+Da%s® +a’(l+ak +(1-a?)
-(a +l)a252+a(1+a)(a- Ds
+all+a)+(1- az)

Now we can obtain the roots to the quadratic:
a’s?- a@+Dds+@+n)=0 (1.1.26)

5, = @+1) iJ(a +1)(@- 3) (1.1.27)
2a

This has two solutions (as it must for a 2-cycle) for a <- 1 or for a > 3. The former case
is not of interest to us since we have assumed 0 <a < 4. The latter case is the two roots
that are promised. Notice that for exactly a = 3 the two roots that are the new 2-cycle
are the same as the fixed point we have already found s;. The 2-cycle splits off from
the fixed point at a = 3 when the fixed point becomes unstable. The two attracting
points continue to separate as a increases. For a > 3 we expect that the result of itera-
tion eventually settles down to the 2-cycle. The system state alternates between the
two roots Eq. (1.1.27). This is shown in Fig. 1.1.2(d).

As we continue to increase a beyond 3, the 2-cycle will itself become unstable at
a point that can be calculated by setting

~ (1.1.28)
2



32 Introduction and Preliminaries

to be a = 1 + (B = 3.44949. At this value of a the 2-cycle splits into a 4-cycle
(Fig. 1.1.2(e)).Each of the fixed points of f 2(s) simultaneously split into 2-cycles that
together form a 4-cycle for the original map.

uestion 1.1.9 Show that when f has a 2-cycle, both of the fixed points
of f 2 must split simultaneously.

Solution 1.1.9 The split occurs when the fixed points become unstable—
the derivative of f 2 equals —1. We can show that the derivative is equal at the
two fixed points of Eq. (1.1.27), which we call s3:
df s
( )L (1.1.29)
2

ﬁ[ _dige)| _dre
f(sz) ds

ds ds Lz ds

where we have made use of the chain rule.Since f (s,) = s, and vice versa, we
have shown this expression is the same whether s, =, or s,=s,.

Note: This can be generalized to show that the derivative of f Kis the
same at all of its k fixed points corresponding to a k-cycle of f. [

The process of taking an n-cycle into a 2n-cycle is called bifurcation. Bifurcation con-
tinues to replace the limiting behavior of the iterative map with progressively longer
cycles of length 2*. The bifurcations can be simulated. They occur at smaller and
smaller intervals and there is a limit point to the bifurcations at a, = 3.56994567.
Fig. 1.1.3 shows the values that are reached by the iterative map at long times—the
stable cycles—as a function of a < a,. We will discuss an algebraic treatment of the bi-
furcation regime in Section 1.10.

Beyond the bifurcation regime a > a, (Fig. 1.1.2(f)) the behavior of the iterative
map can no longer be described using simple cycles that attract the iterations. The be-
havior in this regime has been identified with chaos. Chaos has been characterized in
many ways, but one property is quite generally agreed upon—the inherent lack of
predictability of the system dynamics. This is often expressed more precisely by de-
scribing the sensitivity of the system’s fate to the initial conditions.A possible defini-
tion is: There exists a distance d such that for any neighborhood V of any point s it is
possible to find a point s¢within the neighborhood and a number of iterations k so
that f I‘(stl) is further than d away from f I‘(s). This means that arbitrarily close to any
point is a point that will be displaced a significant distance away by iteration.
Qualitatively, there are two missing aspects of this definition,first that the points that
move far away must not be too unlikely (otherwise the system is essentially pre-
dictable) and second that d is not too small (in which case the divergence of the dy-
namics may not be significant).

If we look at the definition of chaotic behavior, we see that the concept of scale
plays an important role.A small distance between s and s¢turns into a large distance
between fk(s) and f k(stD. Thus a fine-scale difference eventually becomes a large-scale
difference. This is the essence of chaos as a model of complex system behavior. To un-
derstand it more fully, we can think about the state variable s not as one real variable,
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Figure 1.1.3 A plot of values of s visited by the quadratic map f(s) = as(1 - s) after many
iterations as a function of a, including stable points, cycles and chaotic behavior. The differ-
ent regimes are readily apparent. For a <1 the stable point iss = 0. For 1 <a < 3 the stable
point is ats, = (a- 1)/a. For 3<a <a, with a, = 3.56994567, there is a bifurcation cascade
with 2-cycles then 4-cycles, etc. 2k-cycles for all values of k appear in progressively narrower
regions of a. Beyond 4-cycles they cannot be seen in this plot. For a > a, there is chaotic be-
havior. There are regions of s values that are not visited and regions that are visited in the
long time behavior of the quadratic map in the chaotic regime which this figure does not fully
illustrate. O

but as an infinite sequence of binary variables that form its binary representation s =
0.ryr,r3r,... Each of these binary variables represents the state of the system—the value
of some quantity we can measure about the system—on a particular length scale. The
higher order bits represent the larger scales and the lower order ones represent the
finer scales. Chaotic behavior implies that the state of the first few binary variables,
r,r,, at a particular time are determined by the value of fine scale variables at an ear-
lier time. The farther back in time we look, the finer scale variables we have to con-
sider in order to know the present values of r;r,. Because many different variables are
relevant to the behavior of the system, we say that the system has a complex behavior.
We will return to these issues in Chapter 8.

The influence of fine length scales on coarse ones makes iterative maps difficult
to simulate by computer. Computer representations of real numbers always have fi-
nite precision. This must be taken into account if simulations of iterative maps or
chaotic complex systems are performed.
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Another significant point about the iterative map as a model of a complex system
is that there is nothing outside of the system that is influencing it. All of the informa-
tion we need to describe the behavior is contained in the precise value of s. The com-
plex behavior arises from the way the different parts of the system—the fine and
course scales—affect each other.

uestion 1.1.10: Why isn’t the iterative map in the chaotic regime
equivalent to picking a number at random?

Solution 1.1.10: We can still predict the behavior of the iterative map over
a few iterations. It is only when we iterate long enough that the map becomes
unpredictable. More specifically, the continuity of the function f (s) guaran-
tees that for s and s¢close together f (s) and f (s§ will also be close together.
Specifically, given an ¢ it is possible to find a 6 such that for [s - s¢ <9, |f(5)-
f (s9| < e. For the family of functions we have been considering, we only need
to set § < e/a, since then we have:

[fG)- fE9|=als(l- s)- s&1-sO|=als- sH[1- (s +sO|<als-sf<e
(1.1.30)

Thus if we fix the number of cycles to be k, we can always find two points
close enough so that | f k(sd)- f k(s)|< ¢ by setting |s - sq< ela’. O

The tuning of the parameter a leading from simple convergent behavior through
cycle bifurcation to chaos has been identified as a universal description of the ap-
pearance of chaotic behavior from simple behavior of many systems. How do we take
a complicated real system and map it onto a discrete time iterative map? We must de-
fine a system variable and then take snapshots of it at fixed intervals (or at least well-
defined intervals). The snapshots correspond to an iterative map. Often there is a nat-
ural choice for the interval that simplifies the iterative behavior. We can then check to
see if there is bifurcation and chaos in the real system when parameters that control
the system behavior are varied.

One of the earliest examples of the application of iterative maps is to the study
of heart attacks. Heart attacks occur in many different ways. One kind of heart at-
tack is known as fibrillation. Fibrillation is characterized by chaotic and ineffective
heart muscle contractions. It has been suggested that bifurcation may be observed in
heartbeats as a period doubling (two heartbeats that are inequivalent). If correct,
this may serve as a warning that the heart structure, due to various changes in heart
tissue parameters, may be approaching fibrillation. Another system where more de-
tailed studies have suggested that bifurcation occurs as a route to chaotic behavior is
that of turbulent flows in hydrodynamic systems.A subtlety in the application of the
ideas of bifurcation and chaos to physical systems is that physical systems are better
modeled as having an increasing number of degrees of freedom at finer scales. This
is to be contrasted with a system modeled by a single real number, which has the
same number of degrees of freedom (represented by the binary variables above) at
each length scale.
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1.1.4 Are all dynamical systems iterative maps?
How general is the iterative map as a tool for describing the dynamics of systems?
There are three apparent limitations of iterative maps that we will consider modify-
ing later, Eq. (1.1.1):
a. describes the homogeneous evolution of a system since f itself does not depend
on time,

b. describes a system where the state of the system at time t depends only on the
state of the system at time t — 6t, and

¢. describes a deterministic evolution of a system.

We can,however, bypass these limitations and keep the same form of the iterative map
if we are willing to let s describe not just the present state of the system but also

a. the state of the system and all other factors that might affect its evolution in time,

b. the state of the system at the present time and sufficiently many previous times,
and

¢. the probability that the system is in a particular state.

Taking these caveats together, all of the systems we will consider are iterative maps,
which therefore appear to be quite general.Generality, however, can be quite useless,
since we want to discard as much information as possible when describing a system.

Another way to argue the generality of the iterative map is through the laws of
classical or quantum dynamics. If we consider s to be a variable that describes the po-
sitions and velocities of all particles in a system, all closed systems described by clas-
sical mechanics can be described as deterministic iterative maps.Quantum evolution
of a closed system may also be described by an iterative map if s describes the wave
function of the system. However, our intent is not necessarily to describe microscopic
dynamics, but rather the dynamics of variables that we consider to be relevant in de-
scribing a system. In this case we are not always guaranteed that a deterministic iter-
ative map is sufficient. We will discuss relevant generalizations, first to stochastic
maps, in Section 1.2.

xtra Credit Question 1.1.11 Show that the system of quadratic iterative
maps

sit)=s(t - 1)>+k (1.1.31)

is essentially equivalent in its dynamical properties to the iterative maps we
have considered in Eg. (1.1.16).

Solution 1.1.11 Two iterative maps are equivalent in their properties if we
can perform a time-independent one-to-one map of the time-dependent
system states from one case to the other. We will attempt to transform the
family of quadratic maps given in this problem to the one of Eq.(1.1.16) us-
ing a linear map valid at all times

st)=ms€t)+b (1.1.32)
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By direct substitution this leads to:
ms&t)+b = (ms & - 1)+b) +k (1.1.33)

We must now choose the values of m and b so as to obtain the form of
Eq. (1.1.16).

2, 1
sE)=ms@t - D& - 1)+ =) +—({> +k - b) (1.1.34)
m° m
For a correct placement of minus signs in the parenthesis we need:

& 20 1,
s&t)=(-m)s&t - 1)(3— ;;-s%t- J))+a(b +k-h)  (1.1.35)

or
b%-b+k =0 (1.1.36)
D (1.1.37)
m
giving
b=z yl- &)/2 (1.1.38)
a=-m=2=(1+yL- 4) (1.1.39)

We see that for k < 1/4 we have two solutions. These solutions give all possi-
ble (positive and negative) values of a.

What about k > 1/4? It turns out that this case is not very interesting
compared to the rich behavior for k < 1/4, since there are no finite fixed
points,and therefore by Question 1.1.8 no 2-cycles (it is not hard to gener-
alize this to n-cycles). To confirm this, verify that iterations diverge to +¥
from any initial condition.

Note: The system of equations of this question are the ones extensively
analyzed by Devaney in his excellent textbook A First Course in Chaotic
Dynamical Systems. O

xtra Credit Question 1.1.12 You are given a problem to solve which
when reduced to mathematical form looks like

s=f.(5) (1.1.40)

where f is a complicated function that depends on a parameter c. You know
that there isa solution of this equation in the vicinity of s,. To solve this equa-
tion you try to iterate it (Newton’s method) and it works,since you find that
f k(so) converges nicely to a solution. Now, however, you realize that you need
to solve this problem for a slightly different value of the parameter ¢, and
when you try to iterate the equation you can’t get the value of s to converge.
Instead the values start to oscillate and then behave in a completely erratic
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way. Suggest a solution for this problem and see if it works for the function
f. (s) =cs(1- s),c=3.8,5,=0.5. Asolution is given in stages (a) - (c) below.

Solution 1.1.12(a) A common resolution of this problem is to consider it-
erating the function:

he(s)=as +(1- a)f () (1.1.41)
where we can adjust o to obtain rapid convergence. Note that solutions of
s =h.(©) (1.1.42)
are the same as solutions of the original problem.

Question 1.1.12(b) Explain why this could work.

Solution 1.1.12(b) The derivative of this function at a fixed point can be
controlled by the value of a. It is a linear interpolation between the fixed
point derivative of f, and 1. If the fixed point is unstable and oscillating, the
derivative of f, must be less than - 1 and the interpolation should help.

We can also explain this result without appealing to our work on itera-
tive maps by noting that if the iteration is causing us to overshoot the mark,
it makes sense to mix the value s we start from with the value we get from
f.(s) to get a better estimate.

Question 1.1.12(c) Explain how to pick o.

Solution 1.1.12(c) If the solution is oscillating, then it makes sense to as-
sume that the fixed point is in between successive values and the distance is
revealed by how much further it gets each time;i.e., we assume that the iter-
ation is essentially a linear map near the fixed point and we adjust o so that
we compensate exactly for the overshoot of f..

Using two trial iterations, a linear approximation to f, at s, looks like:

5= fc(sl) »q (s, - 50)+So

s3 =F.62)» 9(5, - 59) 5
Adopting the linear approximation as a definition of g we have:
9° (3 5)/(52-51) (1.1.44)

Set up a so that the first iteration of the modified system will take you
to the desired answer:

(1.1.43)

so=0as; +(1- a)f.(s1) (1.1.45)

or
Sp- 81 =(1- a)(fe(s0)- 51)=(1- )62 - 51) (1.1.46)
(- a)=(o- s1)/(2-51) (1.1.47)

37
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To eliminate the unknown s, we use Eq. (1.1.43) to obtain:

G2~ 51)=9(1 - S0)*+ (0 - 51) (1.1.48)
o - 51)=(2-51)/L-9) (1.1.49)

or
1- a=1/(1- g) (1.1.50)
a=-0/(-9)=62-53)/(B7- 51 -53) (1.1.51)

It is easy to check, using the formula in terms of g, that the modified itera-
tion has a zero derivative at s, when we use the approximate linear forms for
f.. This means we have the best convergence possible using the information
from two iterations of f,. We then use the value of o to iterate to convergence.
Tryit! O

Stochastic Iterative Maps

Many of the systems we would like to consider are described by system variables
whose value at the next time step we cannot predict with complete certainty. The un-
certainty may arise from many sources,including the existence of interactions and pa-
rameters that are too complicated or not very relevant to our problem. We are then
faced with describing a system in which the outcome of an iteration is probabilistic
and not deterministic. Such systems are called stochastic systems. There are several
ways to describe such systems mathematically. One of them is to consider the out-
come of a particular update to be selected from a set of possible values. The proba-
bility of each of the possible values must be specified. This description is not really a
model of a single system, because each realization of the system will do something dif-
ferent. Instead,this is a model of a collection of systems—an ensemble.Our task is to
study the properties of this ensemble.

A stochastic system is generally described by the time evolution of random vari-
ables. We begin the discussion by defining a random variable.A random variable s is
defined by its probability distribution P,(s9), which describes the likelihood that s has
the value s¢ If s is a continuous variable,then P, (s§ds¢is the probability that s resides
between s¢and s¢+ ds¢ Note that the subscript is the variable name rather than an in-
dex. For example, s might be a binary variable that can have the value +1 or - 1. P, (1)
is the probability thats =1 and P, (- 1) is the probability that s = - 1. If s is the outcome
of an unbiased coin toss, with heads called 1 and tails called - 1, both of these values
are 1/2.When no confusion can arise,the notation P, (s9 is abbreviated to P(s), where
s may be either the variable or the value. The sum over all possible values of the prob-
ability must be 1.

a P9=1

e (1.2.1)
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In the discussion of a system described by random variables, we often would like
to know the average value of some quantity Q(s) that depends in a definite way on the
value of the stochastic variable s. This average is given by:

<Q6)>=a P.69Q69 (12.2)
s¢
Note that the average is a linear operation.

We now oonsider the case of a time-dependent random variable. Rather than de-
scribing the time dependence of the variable s(t), we describe the time dependence of
the probability distribution P (s¢t). Similar to the iterative map, we can consider the
case where the outcome only depends on the value of the system variable at a previ-
ous time,and the transition probabilities do not depend explicitly on time. Such sys-
tems are called Markov chains. The transition probabilities from a state at a particu-
lar time to the next discrete time are written:

Ps(s &) Is €t - 1)) (123)
P, is used as the notation for the transition probability, since it is also the probability
distribution of s at time t, given a particular value st - 1) at the previous time. The
use of a time index for the arguments illustrates the use of the transition probability.
P, (1]1) is the probability that whens =1 at time t- 1 thens=1attime t. P, (- 1|]1) is
the probability that whens=1at timet- 1 thens=- 1 at timet. The transition prob-
abilities,along with the initial probability distribution of the system P, (s¢ t = 0), de-
termine the time-dependent ensemble that we are interested in. Assuming that we
don't lose systems on the way, the transition probabilities of Eq. (1.2.3) must satisfy:

éa_tPs(S‘WS“Fl (1.2.4)

This states that no matter what the value of the system variable is at a particular time,
it must reach some value at the next time.

The stochastic system described by transition probabilities can be written as an
iterative map on the probability distribution P(s)

o
Ps(s q:t): a Ps(stHs@Ps(s @t - 1) (1.2,5)
s¢
It may be more intuitive to write this using the notation
P &)it)= @ Pss&D)Is & - D, (& - 1t - 1) (1.2.6)
s¢t-1)
in which case it may be sufficient, though hazardous, to write the abbreviated form

PE) = & PEO)ISE - PG - 1) (L2.7)

S(t-1)
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It is important to recognize that the time evolution equation for the probability
is linear. The linear evolution of this system (Eg. (1.2.5)) guarantees that superposi-
tion applies. If we start with an initial distribution F{s:0) = JF'(s;0) + ;F%(s;0) at
time t = 0, then we could find the result at time t by separately looking at the evolu-
tion of each of the probabilities P*(s;0) and Pz(s ;0) Explicitly we can write
P(Gs;t) = %Pl(s;t) + %Pz(s;t). The meaning of this equation should be well noted. The
right side of the equation is the sum of the evolved probabilities P*(s;t) and P%(s;t).
This linearity is a direct consequence of the independence of different members of the
ensemble and says nothing about the complexity of the dynamics.

We note that ultimately we are interested in the behavior of a particular system
s(t) that only has one value of s at every time t. The ensemble describes how many such
systems will behave. Analytically it is easier to describe the ensemble as a whole,how-
ever, simulations may also be used to observe the behavior of a single system.

1.2.1 Random walk

Stochastic systems with only one binary variable might seem to be trivial, but we will
devote quite a bit of attention to this problem. We begin by considering the simplest
possible binary stochastic system. This is the system which corresponds to a coin toss.
Ideally, for each toss there is equal probability of heads (s = +1) or tails (s = - 1), and
there is no memory from one toss to the next. The ensemble at each time is indepen-
dent of time and has an equal probability of +1:

P@;t) =-’2L65,1 + gas,_l (1.2.8)
where the discrete delta function is defined by

Q=]
_!
6|,J —io i1 (1.2.9)

Since Eq. (1.2.8) is independent of what happens at all previous times, the evolution
of the state variable is given by the same expression

P(Us) =15 +205¢1 (1.2.10)
We can illustrate the evaluation of the average of a function of s at time t:

<QE)> = AQEIP.6%)= & Q6Y10:a +3die1)= 4 BQ6Y (1211
sE4

s&H sEx1
For example, if we just take Q(s) to be s itself we have the average of the system
variable:

[}
<s> =7 aso (1.2.12)

s'=x1
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uestion 1.2.1 Will you win more fair coin tosses if (a) you pick heads

every time, or if (b) you alternate heads and tails, or if () you pick heads
or tails at random or if (d) you pick heads and tails by some other system?
Explain why.

Solution 1.2.1 In general, we cannot predict the number of coin tosses that
will be won, we can only estimate it based on the chance of winning.
Assuming a fair coin means that this is the best that can be done. Any of the
possibilities (a)—(c) give the same chance of winning. In none of these ways
of gambling does the choice you make correlate with the result of the coin
toss. The only system (d) that can help is if you have some information about
what the result of the toss will be,like betting on the known result after the
coin is tossed.A way to write this formally is to write the probability distri-
bution of the choice that you are making. This choice is also a stochastic
process. Calling the choice c(t), the four possibilities mentioned are:

(@) PEit)=0y (1.2.13)
(b) Peeit)=2C1s, +ECIL5, | =mod, @) +mod, (t +1)d;,.1 (1.2.14)
(©) PE;t)=28:1+58; 1 (12.15)

(d) PCt)=0¢sq) (1.2.16)

It is sufficient to show that the average probability of winning is the
same in each of (a)—(c) and is just 1/2. We follow through the manipulations
in order to illustrate some concepts in the treatment of more than one sto-
chastic variable. We have to sum over the probabilities of each of the possi-
ble values of the coin toss and each of the values of the choices, adding up
the probability that they coincide at a particular time t;

<Os >= A A degsdPs GE)P(CG1) (1.2.17)
s¢ ¢

This expression assumes that the values of the coin toss and the value of
the choice are independent,so that the joint probability of having a particu-
lar value of s and a particular value of ¢ is the product of the probabilities of
each of the variables independently:

Py (Get) = Py(s $)P (c 6t) (1.2.18)

—the probabilities-of-independent-variables factor. This is valid in cases
(a)—(c) and not in case (d), where the probability of ¢ occurring is explicitly
a function of the value of s.

We evaluate the probability of winning in each case (a) through (c) using

41
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<6CS > :é é- 6C‘Es¢(jz'6s¢1+ ]2'6s¢2- l)Pc cet)
s¢ ¢¢
o
= (0cq +10cq-1)Pc %)
ce

=8 GR@L)+3P(- Lt)=3
c¢

(1.2.19)

where the last equality follows from the normalization of the probability (the
sum over all possibilities must be 1, Eq. (1.2.1)) and does not depend at all
on the distribution. This shows that the independence of the variables guar-
antees that the probability of a win is just 1/2.

For the last case (d) the trivial answer, that a win is guaranteed by this
method of gambling, can be arrived at formally by evaluating

o O
<85 >=a A deaseP (G St) (1.2.20)
s¢ c¢

The value of s at time tis independent of the value of ¢, but the value of ¢ de-
pends on the value of s. The joint probability P (s¢c¢t) may be written as the
product of the probability of a particular value of s = s¢times the conditional
probability P (cds¢t) of a particular value of ¢ = c¢given the assumed value
of s:

<Os > = A A SetseP (GOP.C UsGt)

s6 o . (1221) O
=a a %esPs(5¢t)0c¢sc=Q Ps(EGt) =1
s¢ c¢ s¢

The next step in our analysis of the binary stochastic system is to consider the be-
havior of the sum of s(t) over a particular number of time steps. This sum is the dif-
ference between the total number of heads and the total number of tails. It is equiva-
lent to asking how much you will win or lose if you gamble an equal amount of money
on each coin toss after a certain number of bets. This problem is known as a random
walk, and we will define it as a consideration of the state variable

t
dt)=a 9 (1.2.22)

t&1

The way to write the evolution of the state variable is:
P(dqd)zjz'adtbd+l+%6d¢d—l (1223)

Thus a random walk considers a state variable d that can take integer valuesdi {...,
- 1,0,1,...}. Atevery time step, d(t) can only move to a value one higher or one lower
than where it is. We assume that the probability of a step to the right (higher) is equal
to that of a step to the left (lower). For convenience, we assume (with no loss of gener-
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ality) that the system starts at position d(0) = 0. This is built into Eq.(1.2.22). Because
of the symmetry of the system under a shift of the origin, this is equivalent to consid-
ering any other starting point. Once we solve for the probability distribution of d at
time t, because of superposition we can also find the result of evolving any initial prob-
ability distribution P(d;t = 0).

We can picture the random walk as that of a drunk who has difficulty consis-
tently moving forward. Our model of this walk assumes that the drunk is equally
likely to take a step forward or backward. Starting at position 0, he moves to either
+1 or - 1. Let’s say it was +1. Next he moves to +2 or back to 0. Let’s say it was 0. Next
to +1 or - 1. Let’s say it was +1. Next to +2 or 0. Let’s say +2. Next to +3 or +1. Let’s
say +1. And so on.

What is the value of system variable d(t) at time t? This is equivalent to asking
how far has the walk progressed after t steps.Of course there is no way to know how
far a particular system goes without watching it. The average distance over the en-
semble of systems is the average over all possible values of s(t). This average is given
by applying Eq. (1.2.2) or Eq. (1.2.11) to all of the variables s(t):

<d@)>=1 a ok a 1 a L a do
t)=t1 3)=t1 21 1)=+1
s(t) s@3) s(2= (1) (1.2.24)

:§_<S(t¢>20

te¢L

The average is written out explicitly on the first line using Eq.(1.2.11). The second line
expression can be arrived at either directly or from the linearity of the average. The fi-
nal answer is clear, since it is equally likely for the walker to move to the right as to the
left.

We can also ask what is a typical distance traveled by a particular walker. By typ-
ical distance we mean how far from the starting point. This can either be defined by
the average absolute value of the distance, or as is more commonly accepted,the root
mean square (RMS) distance:

o(t) = y<dt)’ > (1.2.25)

et 0 t t
<d®)’>=<gadst9z >=< At Y>= & <SABEH> (12.26)

et (7] tt &=1 0 &1

To evaluate the average of the product of the two steps, we treat differently the case in
which they are the same step and when they are different steps. When the two steps
are the same one we use s(t) = +1 to obtain:

<s(t)?>=<1>=1 (1.2.27)

Which follows from the normalization of the probability (or is obvious). To evaluate
the average of the product of two steps at different times we need the joint probabil-
ity of s(t) and s(t9Q. This is the probability that each of them will take a particular
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value. Because we have assumed that the steps are independent, the joint probability is
the product of the probabilities for each one separately:

P (), st9) =PGE)PGE9) ttte (1.2.28)

so that for example there is 1/4 chance that s(t) = +1 and s(t) = - 1. The independence
of the two steps leads the average of the product of the two steps to factor:

<sst9>=  P(t), sEO(Ls( 9
st),st 9
= & PEO)PEEHBM)SY t1te (1.2.29)
st)st9
=<s(t)><st®> =0

This is zero, since either of the averages are zero. \We have the combined result:

<s(t)st 9> =8¢ (1.2.30)
and finally:
3 S S
<dt)’>= a <st%t9>= Q dqe=a L=t (L231)
tGt¢=1 G ¢=1 te1

This gives the classic and important result that a random walk travels a typical distance
that grows as the square root of the number of steps taken: o it} = 4/t.

We can now consider more completely the probability distribution of the posi-
tion of the walker at time t. The probability distribution at t = 0 may be written:

Pd;0)=d4p (1.2.32)
After the first time step the probability distribution changes to
P(d:1)= Jz-édJ +12-e‘>d,_1 (1.2.33)

this results from the definition d (1) =s(1). After the second step d(2) =s(1) +5(2) it
is:

P(d;2)=2842+5840 +48y 2 (1.2.34)

More generally it is not difficult to see that the probabilities are given by normalized
binomial coefficients,since the number of ones chosen out of t steps is equivalent to
the number of powers of x in (1 + x)". To reach a position d after t steps we must take
(t +d)/2 steps to the right and (t - d)/2 steps to the left. The sum of these is the num-
ber of steps t and their difference is d. Since each choice has 1/2 probability we have:
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lee U O oddeven _ 1 t! oddeven
PAt)=— : ==
@n ot &d +t)/28 " S [(d+0)/2[¢ - dy/2]t *°
oddeven __ (1+(' 1)t+d)
e

(1.2.35)

where the unusual delta function imposes the condition that d takes only odd or only
even values depending on whether t is odd or even.

Let us now consider what happens after a long time. The probability distribution
spreads out,and a single step is a small distance compared to the typical distance trav-
eled. We can consider s and t to be continuous variables where both conditions
d,t >>1 are satisfied. Moreover, we can also consider (dik< t, because the chance that
all steps will be taken in one direction becomes very small. This enables us to use
Sterling’s approximation to the factorial

x!~J2;e'xxX
In(x1)~ x(Inx - 1) +In(y2x)

For large t it also makes sense not to restrict d to be either odd or even. In order to al-
low both, we,in effect, interpolate and then take only half of the probability we have
in Eq. (1.2.35). This leads to the expression:

t, -t
P ,t):—ﬁ te
_ (amt@- X))
(L4 xfEH 2 a2

(1.2.36)

(1.2.37)
where we have defined x =d / t. To approximate this expression it is easier to consider
it in logarithmic form:

In(P(d,t))= - (t/2)[(A+ X)In@ +X) +(1- X)In@- X)]- (1/2)In(2xt(L- X))
» -/2)[A+X)(X - X2/2+..)+(1- X)(- X - X2/2+..)]- W/2)In@rt+..)
= -tx2/2- In(v2nt) (1.2.38)

or exponentiating:

1 2 1 42 2
PAt)= == @ /% = /% (1.2.39)

Vort oo
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The prefactor of the exponential, 1/Gro, originates from the factor (2xx in
Eq. (1.2.36). It is independent of d and takes care of the normalization of the proba-
bility. The result is a Gaussian distribution. Questions 1.2.2-1.2.5 investigate higher-
order corrections to the Gaussian distribution.

uestion 1.2.2 In order to obtain a correction to the Gaussian distribu-
tion we must add a correction term to Sterling’s approximation:

xi~ 2 e XXX (1+ L +4)
1 1 (1.2.40)
In(xH~x(Inx - ) + In(J?nx) +In@+ E +/y)

X

Using this expression, find the first correction term to Eq. (1.2.37).
Solution 1.2.2 The correction term in Sterling’s approximation contributes

a factor to Eq. (1.2.37) which is (for convenience we write here ¢ = 1/12);

(L+c/t) —_3_Cl:_i1
(1+20/(t+d))(1+2c/(t-d))_(l =+ V) =(L- — ) (1241)

where we have only kept the largest correction term,neglecting d compared
to t. Note that the correction term vanishes as t becomes large. [

uestion 1.2.3 Keepingadditional terms of the expansion in Eq.(1.2.38),
and the result of Question 1.2.2,find the first order correction terms to
the Gaussian distribution.

Solution 1.2.3 Correction terms in Eq. (1.2.38) arise from several places.
We want to keep all terms that are of order 1/t. To do this we must keep in
mind that a typical distance traveled is d ~ Q, so that x ~ 1/4/t. The next
terms are obtained from:
In(Pd,t))=-(t/2)[+x)InQL +x) +(1- x)In(L- x)]
- W/2)In@rt(1- x*))+In(1- 1/4)
» - (t/2)[(1+X)(x - Jz-x2 +%-x3 - i-x"' )
+(@1- X)(-x- %xz - %xs - %x“ )]
- In(y2t) - (U/2)In(L- x)+In(L- 1/4t) (1.242)
» - (t/2)[(x +x2- Jz-x2 - -;-x3 +-;-x3 + %x“ - i-x“...)
+ExHx2-Ax2+dx3 - L3 +dxd - Axd )]
2 2 3 3 4
- |n(J2m)+(x2/2 +Y3)+ (- 1/4t + V2
= - tx2/2- In(W2nt)- tx* 112 +x2/2- 1/4t
This gives us a distribution:
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P@1)= ’Zime-dzlzte-d“/mg+d2/2t2-1/4t (12.43) O

uestion 1.2.4 What is the size of the additional factor? Estimate the
size of this term as t becomes large.

Solution 1.2.4 The typical value of the variable d is its root mean square
value o = Q. At this value the additional term gives a factor

ol8t (1.2.44)

which approaches 1 as time increases. [

uestion 1.2.5 What is the fraction error that we will make if we neglect
this term after one hundred steps? After ten thousand steps?

Solution 1.2.5 After one hundred time steps the walker has traveled a typ-
ical distance of ten steps. We generally approximate the probability of arriv-
ing at this distance using Eq.(1.2.39). The fractional error in the probability
of arriving at this distance according to Eq. (1.2.44) is 1 - ef s -1/ 6t =
- 0.00167. So already at a distance of ten steps the error is less than 0.2%.

It is much less likely for the walker to arrive at the distance 2o =20. The
ratio of the probability to arrive at 20 compared to 10ise * /e ®° ~0.22. If
we want to know the error of this smaller probability case we would write
(1- ¢ 622000y — 1 . 512ty 55 - 0.0042, which is a larger but still small
error.

After ten thousand steps the errors are smaller than the errors at one
hundred steps by a factor of one hundred. O

1.2.2 Generalized random walk and the central limit theorem

We can generalize the random walk by allowing a variety of steps from the current lo-
cation of the walker to sites nearby, not only to the adjacent sites and not only to in-
teger locations. If we restrict ourselves to steps that on average are balanced left and
right and are not too long ranged, we can show that all such systems have the same
behavior as the simplest random walk at long enough times (and characteristically
not even for very long times). This is the content of the central limit theorem. It says
that summing any set of independent random variables eventually leads to a Gaussian
distribution of probabilities, which is the same distribution as the one we arrived at
for the random walk. The reason that the same distribution arises is that successive it-
eration of the probability update equation, Eq.(1.2.7),smoothes out the distribution,
and the only relevant information that survives is the width of the distribution which
is given by o(t). The proof given below makes use of a Fourier transform and can be
skipped by readers who are not well acquainted with transforms. In the next section
we will also include a bias in the random walk. For long times this can be described as
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an average motion superimposed on the unbiased random walk.\We start with the un-
biased random walk.

Each step of the random walk is described by the state variables(t) at time t. The
probability of a particular step size is an unspecified function that is independent of
time:

PG:t) =1() (1.2.45)

We treat the case of integer values of s. The continuum case is Question 1.2.6. The ab-
sence of bias in the random walk is described by setting the average displacement in
a single step to zero:

o
<s>=q sf(§)=0 (1.2.46)
N
The statement above that each step is not too long ranged,is mathematically just that
the mean square displacement in a single step has a well-defined value (i.e., is not
infinite):

<s? >=§ $*f(s)=0f (1.2.47)
N
Egs. (1.2.45)—(1.2.47) hold at all times.
We can still evaluate the average of d(t) and the RMS value of d(t) directly using
the linearity of the average:

t
<d(t)>=<Q st9> =t <s>=0 (1.2.48)
t &1
&L 0 ¢
<d(t)* > =<gast9: >= a <t 9> (1.2.49)

el @ tGe=1
Since s(t® and s(t2) are independent for t¢1 tdf as in Eq. (1.2.29), the average
factors:

<s(tPst B>=<stY><stW>=0 ter tap (1.2.50)

Thus, all terms t¢t td&are zero by Eq. (1.2.46). We have:

t
<d@®)?>=8 <s(t9?>=to{ (1.2.51)
tel

This means that the typical value of d (t) is 00("1_.

To obtain the full distribution of the random walk state variable d(t) we have to
sum the stochastic variables s(t). Since d(t) =d(t - 1) +s(t) the probability of transi-
tionfromd( - ) tod(t)isf(d(t) - d(t- 1)) or:
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PdYd) =f(d¢- d) (1.2.52)
We can now write the time evolution equation and iterate itt times to get P (d;t).
P@t) = P@|dIP@6t- D= § f(@d- d9P(dGt- 1) (1.253)

d d'

This is a convolution, so the most convenient way to effect a t fold iteration is in
Fourier space. The Fourier representation of the probability and transition functions
for integral d is:

P:t)° § e “P(d:t)
d
fk)o § e ™f(s) (1254

We use a Fourier series because of the restriction to integer values of d. Once we solve
the problem using the Fourier representation, the probability distribution is recov-
ered from the inverse formula:

P@:it)= % Gke™ Pk 1) (1.2.55)

which is proved

1

L ke Bt = opke™ § e P (der)
2n _n ad - ¢

X . (1.2.56)
=8 P(en) gyke™ 7 = 8 P(A61)0 ge = P

de - de
using the expression:
17 ik dg
6d,d¢= — mke (1257)
27 -~

Applying Eq. (1.2.54) to Eq. (1.2.53):

Pliy=8 e " 8 f@-d9p@et-
4 e apun
=§ ée"k““e-ikd TAHPEst- 1) o
S8 e % 008 ¢ WP D=TRPK- )

Qo
o

d¢
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we can iterate the equation to obtain:

P;t)=f )Pkt - 1)= f(k) (1.2.59)
where we use the definition d (1) =s(1) that ensures that P(d;1) = P(s;1) =f(d).

For large t the walker has traveled a large distance,so we are interested in varia-
tions of the probability P(dt) over large distances. Thus,in Fourier space we are con-
cerned with small values of k. To simplify Eq.(1.2.59) for large t we expand f(k) near
k=0.From Eq.(1.2.54) we can directly evaluate the derivatives of f(k) atk =0in terms
of averages:

d"f(k)l =4 i) fE)=¢i) <s" > (1.2.60)
dk b, s

We can use this expression to evaluate the terms of a Taylor expansion of f~(k):

)
fK) =f(0)+ (k)l ML/ I (1.2.61)
o 2 kP |
=0

f) =<1> -i<s >k - %<sz>k2+... (1.2.62)

Using the normalization of the probability (<1 >=1),and Egs.(1.2.46) and (1.2.47),
gives us:

PRy =(1- dodk?+..) (1.263)

We must now remember that a typical value of d (t),from its RMS value, is 00('5 . By the
properties of the Fourier transform,this implies that a typical value of k that we must
consider in Eq.(1.2.63) varies with time as 1/@Q. The next term in the expansion,cu-
bic in k, would give rise to a term that is smaller by this factor, and therefore becomes
unimportant at long times. If we write k = q/Q, then it becomes clearer how to write
Eq. (1.2.63) using a limiting expression for large t:

g

J.ooq e 00012 _ o -tadk’ /2 (1.2.64)

P(k t)= 81

2

This Gaussian, when Fourier transformed back to an expression in d, gives us a
Gaussian as follows:

JE\ 2 1 ¥\ . 2,2
Colke e -togk® /2 @E Cylke e o0k 72 (1.2.65)
. -¥

P(d;t)=$
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We have extended the integral because the decaying exponential becomes narrow as t
increases. The integral is performed by completing the square in the exponent, giving:

£

c\yke-dz/ztoée- (todk?- 2ikd-d* ftof )2 _ 1 -d?/2t}
¥

€ 1.2.66
J2nt0§ ( )

1
231: -
or equivalently:

1 42 2
P(d;t): d“/20()

e
V2o () (1.2.67)

which is the same as Eq. (1.2.39).

uestion 1.2.6 Prove the central limit theorem when s takes a contin-
uum of values.

Solution 1.2.6 The proof follows the same course as the integer valued
case. We must define the appropriate averages,and the transform. The aver-
age of s is still zero, and the mean square displacement is defined similarly:

<s>=(Jissf ()= 0 (1.2.46")
<s? > =(yiss’f (5) =0 (1.2.47)

To avoid problems of notation we substitute the variable x for the state vari-
able d:

t
<x(t)>:<é_s(t0)>:t<s>:0 (1.2.48)
té&1

Skipping steps that are the same we find:

2

<x(t)?>= <&as(tg_ >= a <st®’ > =to? (1.2.51)

&1

since s(t® and s(td) are still independent for t¢* tdf Eq. (1.2.53) is also es-
sentially unchanged:

P(x;t) = CpIx®f (x - xOP(x Gt - 1) (1.2.53)
The transform and inverse transform must now be defined using
P(;t)° Gixe P (xt)

000 g1 (1254
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P@dit)= % Qke™ P 1) (1.2.55)

The latter is proved using the properties of the Dirac (continuum) delta
function:

_’]_ .
3(X - X = — cylkek(x-x9
2 ¢ (1.2.56")

Oix 8 (x - x9g(x9=9(x)

where the latter equation holds for an arbitrary function g(x).
The remainder of the derivation carries forward unchanged. O

1.2.3 Biased random walk

We now return to the simple random walk with binary steps of 1. The model we con-
sider is a random walk that is biased in one direction.Each time a step is taken there
is a probability P, for a step of +1, that is different from the probability P_ for a step
of -1, or:

PG;t) =P.8g1 +P-9s 4 (1.2.68)
P(d ¢Id) :P+6dw Ha +P_6d od- (1269)
where
P, +P_=1 (1.2.70)
What is the average distance traveled in time t?
S S

<dt)>=g <st9>=gq P, - P.)=t(P.- P.) (1.2.71)

te1 t &L

This equation justifies defining the mean velocity as
v=P, - P. (1.2.72)

Since we already have an average displacement it doesn’t make sense to also ask
for a typical displacement,as we did with the random walk—the typical displacement
is the average one. However, we can ask about the spread of the displacements around
the average displacement

o(t)’ = <(d@)- <d(t)>)*>=<d(t)*>-2<d(t)>* + <d(t)>
=<d(t)’ >- <d(®)>*

This is called the standard deviation and it reduces to the RMS distance in the unbi-

ased case. For many purposes o(t) plays the same role in the biased random walk as

in the unbiased random walk. From Eqg. (1.2.71) and Eq. (1.2.72) the second term is
(vt)z. The first term is:

(1.2.73)
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et 62 t
<d(t>2>=<§é st9: >= § <s(t9st®>
t¢=1 (7] tGe=1
(1.2.74)

(@}

ot ) ) "
= 8 Fiwetl-diqe)(P +P. - PP
t%“Ele z

=t+t(t - Iv2 =t +t (- vd)
Substituting in Eq. (1.2.73):
o? =tL- V) (1.2.75)

It is interesting to consider this expression in the two limitsv=1andv=0.Forv=1
the walk is deterministic, P, =1 and P. =0, and there is no element of chance; the
walker always walks to the right. This is equivalent to the iterative map Eq.(1.1.4).Our
result Eq.(1.2.66) is that o =0, as it must be for a deterministic system. However, for
smaller velocities,the spreading of the systems o increases until at v =0 we recover the
case of the unbiased random walk.

The complete probability distribution is given by:

d+#)y2 @tree ¢t 0
;(Soddeven (1.2.76)

P(d:t):P+ g(d+t)/2g t,d

For large t the distribution can be found as we did for the unbiased random walk. The
worKk is left to Question 1.2.7.

uestion 1.2.7 Find the long time (continuum) distribution for the bi-
ased random walk.

Solution 1.2.7 We use the Sterling approximation as before and take the log-
arithm of the probability. In addition to the expression from the first line of
Eq. (1.2.38) we have an additional factor due to the coefficient of Eq.(1.2.76)
which appears in place of the factor of 1/2'. We again define x = d/t, and di-
vide by 2 to allow both odd and even integers. We obtain the expression:
In(P(d,t))=(/2)[(L+ x)In2P, +(1- x)In2P. ]

1.2.77
- @ /2[A+X)INAL+X)+(L- x)In(- X)]- (/2)In@xt(l- x2) (1210

It makes the most sense to expand this around the mean of x, <x>=v. To
simplify the notation we can use Eq. (1.2.70) and Eq. (1.2.72) to write:
P, =(1+v)/2

P.=(1-v)/2 (1.278)

With these substitutions we have:
In(P(d,t))=(t/2)[(1+ x)InL+Vv) +(1- x)In(L- v)] (1.2.79)
- (t/2[A+X)INL+x)+ (1- x)In(L- x)]- (1/2)In@xat(1- x?))
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We expand the first two terms in a Taylor expansion around the mean of x
and expand the third term inside the logarithm. The first term of Eq.(1.2.79)
has only a constant and linear term in a Taylor expansion. These cancel the
constant and the first derivative of the Taylor expansion of the second term
of Eq. (1.2.79) at x = v. Higher derivatives arise only from the second term:
1 2
—(x- V)’ = (- V)’ +..]
- v9) 3(1- v9)

- @/2)In@rt[(1- v¥)- 2v(x - V) +..]) (1.2.80)

_@-wy @ vy

20@0)°  3ot)

In(Pd,t))=-(/2)[

+..]- (1/2)In@u(o(t) - 2ud - vi)+..))

In the last line we have restored d and used Eq.(1.2.75). Keeping only the first
terms in both expansions gives us:

1 - (d-vt)? 2
P(t) = e @0 200 (1.2.81)
2no (t)?

which is a Gaussian distribution around the mean we obtained before. This
implies that aside from the constant velocity, and a slightly modified stan-
dard deviation, the distribution remains unchanged.

The second term in both expansions in Eq.(1.2.80) become small in the
limit of large t, as long as we are not interested in the tail of the distribution.
Values of (d - vt) relevant to the main part of the distribution are given by
the standard deviation, o(t). The second terms in Eq. (1.2.80) are thus re-
duced by a factor of o(t) compared to the first terms in the series. Since o(t)
grows as the square root of the time, they become insignificant for long
times. The convergence is slower, however, than in the unbiased random
walk (Questions 1.2.2-1.2.5). [

uestion 1.2.8 You are a manager of a casino and are told by the owner
chat you have a cash flow problem. In order to survive, you have to make
sure that nine out of ten working days you have a profit. Assume that the only
game in your casino is a roulette wheel. Bets are limited to only red or black
with a 2:1 payoff. The roulette wheel has an equal number of red numbers
and black numbers and one green number (the house always wins on green).
Assume that people make a fixed number of 10° total $1 bets on the roulette
wheel in each day.

a. What is the maximum number of red numbers on the roulette wheel
that will still allow you to achieve your objective?

b. With this number of red numbers, how much money do you make on
average in each day?
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Solution 1.2.8 The casino wins $1 for every wrong bet and loses $1 for
every right bet. The results of bets at the casino are equivalent to a random
walk with a bias given by:

P+ =(Nreg +1)/(Npeg +Npjag +1) (1.2.82)

P. = Nptack /(Nred +Npiack +1) (1.2.83)

where,as the manager, we consider positive the wins of the casino. The color
subscripts can be used interchangeably, since the number of red and black is
equal. The velocity of the random walk is given by:

V=1/(2N g +1) (1.2.84)

To calculate the probability that the casino will lose on a particular day we
must sum the probability that the random walk after 10° steps will result in
a negative number. We approximate the sum by an integral over the distrib-
ution of Eq. (1.2.81). To avoid problems of notation we replace d with y;
0 1 0 . ZI )
Ploss = C\ijp(y;t :106) = — c\jjye ) f200)
-¥ ZJ'EO(I)Z ¥

1 vt 2/ )
- Ny 609 /200 5
’_ij(t)z _gyiy (1.2.85)

Zo

1 <. ;2 1

— c¥lze’? ==(- erf(z,))
o
zzyﬂ/ﬁo(t)

Zo =-vt/ W20 () = -vt/v2(1- v?)

(1.2.86)

We have written the probability of loss in a day in terms of the error func-
tion erf(x)—the integral of a Gaussian defined by

4
2 % e
erf(zo)® —= (yize "* (1.2.87)
Vo
Since
erf(¥)=1 (1.2.88)
we have the expression
2 e
(- erf(zo))° == (ylze™* (1.2.89)
ﬁZQ

which is also known as the complementary error function erfc(x).

55
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To obtain the desired constraint on the number of red numbers, or
equivalently on the velocity, we invert Eq. (1.2.85) to find a value of v that
gives the desired P, = 0.1, or erf(z,) = 0.8. Looking up the error function or
using iterative guessing on an appropriate computer gives z, = 0.9062.

Inverting Eq. (1.2.86) gives:
1
JZZO/t (1.2.90)

The approximation holds because tis large. The numerical resultisv=0.0013.
This gives us the desired number of each color (inverting Eq. (1.2.84)) of
Ny = 371. Of course the result is a very large number and the problem of
winning nine out of ten days isa very conservative problem for a casino. Even
if we insist on winning ninety-nine out of one hundred days we would have
erf(zy) = 0.98, z; = 1.645, v = 0.0018 and N,.4 = 275. The profits per day in
each case are given by vt, which is approximately $1,300 and $1,800 respec-
tively. Of course this is much less than for bets on a more realistic roulette
wheel. Eventually as we reduce the chance of the casino losing and z, becomes
larger, we might become concerned that we are describing the properties of
the tail of the distribution when we calculate the fraction of days the casino
might lose,and Eq.(1.2.85) will not be very accurate. However, it is not dif-
ficult to see that casinos do not have cash flow problems. O

In order to generalize the proof of the central limit theorem to the case of a bi-
ased random walk, we can treat the continuum case most simply by considering the
system variableX, where (using d ® x for the continuum case):

X =X- <X>=X-t<s>=x-wt (1.2.91)

Only x is a stochastic variable on the right side, v and t are numbers. Since iterations of
this variable would satisfy the conditions for the generalized random walk, the gener-
alization of the Gaussian distribution to Eq. (1.2.81) is proved. The discrete case is more
difficult to prove because we cannot shift the variable d by arbitrary amounts and con-
tinue to consider it as discrete. We can argue the discrete case to be valid on the basis
of the result for the continuum case, but a separate proof can be constructed as well.

1.2.4 Master equation approach

The Master equation is an alternative approach to stochastic systems,an alternative to
Eq. (1.2.5), that is usually applied when time is continuous. We develop it starting
from the discrete time case. We can rewrite Eq. (1.2.5) in the form of a difference
equation for a particular probability P(s). Beginning from:

P(s;t) =P(sit - 1)+gé PG|sOP(St - 1)- PGt - 1)2 (1.2.92)
e st a
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we extract the term where the system remains in the same state:
& o]
P(s;t) =Pt - 1)+ga P(S|sOPEEt- D+P|s)P(;t-1)- Pst- D= (1.2.93)
s @ s (%]

We use the normalization of probability to write it in terms of the transitions away
from this site:

e, & o 0
PG;t) =P@it-D+ca PGIsIPEEt- D+gl- A PEYs)zPGit-1)- PGt - D
Qg s@s (] 2

(1.2.94)

Canceling the terms in the bracket that refer only to the probability P(s;t - 1) we write
this as a difference equation. On the right appear only the probabilities at different
values of the state variable (s¢* s):

PE.)-PGt- =8 (PGISIPESt- - PEIIPEE-D)  (1205)

sBs

To write the continuum form we reintroduce the time difference between steps Dt.

(¢I)

PG,t)- PGt - DY) _ é_ 22G[s9

PGt - O
= (¢t- 0)-

—= PGt - [1) (1.2.96)
s@s

When the limit of Dt ® 0 is meaningful, it is possible to make the change to the
equation

P60 =4 (REISPES) - REUSPEL)

vl (1.2.97)

Where the ratio P(s|s®/Dt has been replaced by the rate of transition R(s|s9.
Eq.(1.2.97) is called the Master equation and we can consider Eq.(1.2.95) as the dis-
crete time analog.

The Master equation has a simple interpretation: The rate of change of the prob-
ability of a particular state is the total rate at which probability is being added into that
state from all other states,minus the total rate at which probability is leaving the state.
Probability is acting like a fluid that is flowing to or from a particular state and is be-
ing conserved,as it must be. Eq.(1.2.97) is very much like the continuity equation of
fluid flow, where the density of the fluid at a particular place changes according to how
much is flowing to that location or from it.\We will construct and use the Master equa-
tion approach to discuss the problem of relaxation in activated processes in
Section 1.4.
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Thermodynamics and Statistical Mechanics

The field of thermodynamics is easiest to understand in the context of Newtonian
mechanics. Newtonian mechanics describes the effect of forces on objects.
Thermodynamics describes the effect of heat transfer on objects. When heat is trans-
ferred,the temperature of an object changes. Temperature and heat are also intimately
related to energy. A hot gas in a piston has a high pressure and it can do mechanical
work by applying a force to a piston. By Newtonian mechanics the work is directly re-
lated to a transfer of energy. The laws of Newtonian mechanics are simplest to de-
scribe using the abstract concept of a point object with mass but no internal struc-
ture. The analogous abstraction for thermodynamic laws are materials that are in
equilibrium and (even better) are homogeneous. It turns out that even the descrip-
tion of the equilibrium properties of materials is so rich and varied that this is still a
primary focus of active research today.

Statistical mechanics begins as an effort to explain the laws of thermodynamics
by considering the microscopic application of Newton’s laws. Microscopically, the
temperature of a gas is found to be related to the kinetic motion of the gas molecules.
Heat transfer is the transfer of Newtonian energy from one object to another. The sta-
tistical treatment of the many particles of a material, with a key set of assumptions,
reveals that thermodynamic laws are a natural consequence of many microscopic par-
ticles interacting with each other. Our studies of complex systems will lead us to dis-
cuss the properties of systems composed of many interacting parts. The concepts and
tools of statistical mechanics will play an important role in these studies, as will the
laws of thermodynamics that emerge from them. Thermodynamics also begins to
teach us how to think about systems interacting with each other.

1.3.1 Thermodynamics

Thermodynamics describes macroscopic pieces of material in equilibrium in terms of
macroscopic parameters. Thermodynamics was developed as a result of experi-
ence/experiment and,like Newton’s laws,is to be understood as a set of self-consistent
definitions and equations. As with Newtonian mechanics, where in its simplest form
objects are point particles and friction is ignored,the discussion assumes an idealiza-
tion that is directly experienced only in special circumstances. However, the funda-
mental laws, once understood,can be widely applied. The central quantities that are
to be defined and related are the energy U, temperature T, entropy S, pressure P, the
mass (which we write as the number of particles) N, and volume V. For magnets,the
quantities should include the magnetization M, and the magnetic field H. Other
macroscopic quantities that are relevant may be added as necessary within the frame-
work developed by thermodynamics.Like Newtonian mechanics,a key aspect of ther-
modynamics is to understand how systems can be acted upon or can act upon each
other. In addition to the quantities that describe the state of a system, there are two
guantities that describe actions that may be made on a system to change its state: work
and heat transfer.



Thermodynamics and statistical mechanics 59

The equations that relate the macroscopic quantities are known as the zeroth,
first and second laws of thermodynamics. Much of the difficulty in understanding
thermodynamics arises from the way the entropy appears as an essential but counter-
intuitive quantity. It is more easily understood in the context of a statistical treatment
included below. A second source of difficulty is that even a seemingly simple material
system, such as a piece of metal in a room, is actually quite complicated thermody-
namically. Under usual circumstances the metal is not in equilibrium but is emitting
a vapor of its own atoms.A thermodynamic treatment of the metal requires consid-
eration not only of the metal but also the vapor and even the air that applies a pres-
sure upon the metal. It is therefore generally simplest to consider the thermodynam-
ics of a gas confined in a closed (and inert) chamber as a model thermodynamic
system. We will discuss this example in detail in Question 1.3.1. The translational mo-
tion of the whole system, treated by Newtonian mechanics, is ignored.

We begin by defining the concept of equilibrium.A system left in isolation for a
long enough time achieves a macroscopic state that does not vary in time. The system
in an unchanging state is said to be in equilibrium. Thermodynamics also relies upon
a particular type of equilibrium known as thermal equilibrium. Two systems can be
brought together in such a way that they interact only by transferring heat from one
to the other. The systems are said to be in thermal contact. An example would be two
gases separated by a fixed but thermally conducting wall. After a long enough time the
system composed of the combination of the two original systems will be in equilib-
rium. We say that the two systems are in thermal equilibrium with each other. We can
generalize the definition of thermal equilibrium to include systems that are not in
contact. We say that any two systems are in thermal equilibrium with each other if
they do not change their (macroscopic) state when they are brought into thermal con-
tact. Thermal equilibrium does not imply that the system is homogeneous, for exam-
ple, the two gases may be at different pressures.

The zeroth law of thermodynamics states that if two systems are in thermal equi-
librium with a third they are in thermal equilibrium with each other. This is not ob-
vious without experience with macroscopic objects. The zeroth law implies that the
interaction that occurs during thermal contact is not specific to the materials,it is in
some sense weak,and it matters not how many or how big are the systems that are in
contact. It enables us to define the temperature T as a quantity which is the same for
all systems in thermal equilibrium. A more specific definition of the temperature
must wait till the second law of thermodynamics. We also define the concept of a ther-
mal reservoir as a very large system such that any system that we are interested in,
when brought into contact with the thermal reservoir, will change its state by trans-
ferring heat to or from the reservoir until it is in equilibrium with the reservoir, but
the transfer of heat will not affect the temperature of the reservoir.

Quite basic to the formulation and assumptions of thermodynamics is that the
macroscopic state of an isolated system in equilibrium is completely defined by a
specification of three parameters; energy, mass and volume (U,N,V). For magnets we
must add the magnetization M; we will leave this case for later. The confinement of
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the system to a volume V is understood to result from some form of containment.
The state of a system can be characterized by the force per unit area—the pressure
P—exerted by the system on the container or by the container on the system, which
are the same. Since in equilibrium a system is uniquely described by the three quan-
tities (U,N,V), these determine all the other quantities, such as the pressure P and
temperature T. Strictly speaking, temperature and pressure are only defined for a sys-
tem in equilibrium, while the quantities (U,N,V) have meaning both in and out of
equilibrium.

It is assumed that for a homogeneous material, changing the size of the system by
adding more material in equilibrium at the same pressure and temperature changes
the mass, number of particles N, volume V and energy U, in direct proportion to each
other. Equivalently, it is assumed that cutting the system into smaller parts results in
each subpart retaining the same properties in proportion to each other (see Figs.1.3.1
and 1.3.2). This means that these quantities are additive for different parts of a system
whether isolated or in thermal contact or full equilibrium:

N=3 N
o
_ 8\«
vV=av (1.3.1)
O(X
u=8u
o

where o indexes the parts of the system. This would not be true if the parts of the sys-
tem were strongly interacting in such a way that the energy depended on the relative
location of the parts. Properties such as (U,N,V) that are proportional to the size of
the system are called extensive quantities. Intensive quantities are properties that do
not change with the size of the system at a given pressure and temperature. The ratio
of two extensive quantities is an intensive quantity. Examples are the particle density
N/V and the energy density U/V. The assumption of the existence of extensive and in-
tensive quantities is also far from trivial, and corresponds to the intuition that for a
macroscopic object,the local properties of the system do not depend on the size of the
system. Thus a material may be cut into two parts, or a small part may be separated
from a large part, without affecting its local properties.

The simplest thermodynamic systems are homogeneous ones,like a gas in an in-
ert container. However we can also use Eq.(1.3.1) for an inhomogeneous system. For
example,a sealed container with water inside will reach a state where both water and
vapor are in equilibrium with each other. The use of intensive quantities and the pro-
portionality of extensive quantities to each other applies only within a single phase—
a single homogeneous part of the system, either water or vapor. However, the addi-
tivity of extensive quantities in Eq. (1.3.1) still applies to the whole system. A
homogeneous as well as a heterogeneous system may contain different chemical
species. In this case the quantity N is replaced by the number of each chemical species
N; and thefirst line of Eq.(1.3.1) may be replaced by asimilar equation for each species.
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Figure 1.3.1 Thermody-
namics considers macro-
scopic materials. A basic
assumption is that cut-
ting a system into two
parts will not affect the
local properties of the
material and that the en-
ergy U, mass (or number
of particles) N and the
volume V will be divided
in the same proportion.
The process of separation
is assumed to leave the
materials under the same
conditions of pressure
and temperature. O
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Figure 1.3.2 The assumption that the local properties of a system are unaffected by subdi-
vision applies also to the case where a small part of a much larger system is removed. The lo-
cal properties, both of the small system and of the large system are assumed to remain un-
changed. Even though the small system is much smaller than the original system, the small
system is understood to be a macroscopic piece of material. Thus it retains the same local
properties it had as part of the larger system. O

The first law of thermodynamics describes how the energy of a system may
change. The energy of an isolated system is conserved. There are two macroscopic
processes that can change the energy of a system when the number of particles is fixed.
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The first is work,in the sense of applying a force over a distance, such as driving a pis-
ton that compresses a gas. The second is heat transfer. This may be written as:

du=gq+w (1.3.2)

where q is the heat transfer into the system, w is the work done on the system and U
is the internal energy of the system. The differential d signifies the incremental change
in the quantity U as a result of the incremental process of heat transfer and work. The
work performed on a gas (or other system) is the force times the distance applied Fdx,
where we write F as the magnitude of the force and dx as an incremental distance.
Since the force is the pressure times the area F = PA, the work is equal to the pressure
times the volume change or:

w =- PAdx = - PdV (1.3.3)
The negative sign arises because positive work on the system,increasing the system’s
energy, occurs when the volume change is negative. Pressure is defined to be positive.
If two systems act upon each other, then the energy transferred consists of both
the work and heat transfer. Each of these are separately equal in magnitude and op-
posite in sign:
dUy =0y + Wy,
dU, = gy, + W,
O12=- 021

Wiy =- Wy

(1.3.4)

where g, is the heat transfer from system 2 to system 1,and w,, is the work performed
by system 2 on system 1. q,, and w,, are similarly defined. The last line of Eq.(1.3.4)
follows from Newton’s third law. The other equations follow from setting dU =0 (Eq.
(1.3.2)) for the total systtm, composed of both of the systems acting upon each other.

The second law of thermodynamics given in the following few paragraphs de-
scribes a few key aspects of the relationship of the equilibrium state with nonequilib-
rium states. The statement of the second law is essentially a definition and description
of properties of the entropy. Entropy enables us to describe the process of approach
to equilibrium. In the natural course of events,any system in isolation will change its
state toward equilibrium. A system which is not in equilibrium must therefore un-
dergo an irreversible process leading to equilibrium. The process is irreversible be-
cause the reverse process would take us away from equilibrium, which is impossible
for a macroscopic system. Reversible change can occur if the state of a system in equi-
librium is changed by transfer of heat or by work in such a way (slowly) that it always
remains in equilibrium.

For every macroscopic state of a system (not necessarily in equilibrium) there ex-
ists a quantity S called the entropy of the system. The change in S is positive for any
natural process (change toward equilibrium) of an isolated system

ds: 0 (1.3.5)
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For an isolated system, equality holds only in equilibrium when no change occurs.
The converse is also true—any possible change that increases S is a natural process.
Therefore, for an isolated system S achieves its maximum value for the equilibrium
state.

The second property of the entropy describes how it is affected by the processes
of work and heat transfer during reversible processes. The entropy is affected only by
heat transfer and not by work. If we only perform work and do not transfer heat the
entropy is constant. Such processes where g =0 are called adiabatic processes. For adi-
abatic processes dS =0.

The third property of the entropy is that it is extensive:

2 o
s=as (1.3.6)
o

Since in equilibrium the state of the system is defined by the macroscopic quan-
tities (U,N,V), S is a function of them—S = S(U,N,V)—in equilibrium. The fourth
property of the entropy is that if we keep the size of the system constant by fixing both
the number of particles N and the volume V, then the change in entropy S with in-
creasing energy U is always positive:

&S 0
—+ >0 (1.3.7)
eaU o v
where the subscripts denote the (values of the) constant quantities. Because of this we
can also invert the function S = S(U,N,V) to abtain the energy U in terms of S, N and
V: U=U(SN,V).

Finally, we mention that the zero of the entropy is arbitrary in classical treat-
ments. The zero of entropy does attain significance in statistical treatments that in-
clude quantum effects.

Having described the properties of the entropy for a single system, we can now
reconsider the problem of two interacting systems. Since the entropy describes the
process of equilibration, we consider the process by which two systems equilibrate
thermally. According to the zeroth law, when the two systems are in equilibrium they
are at the same temperature. The two systems are assumed to be isolated from any
other influence,so that together they form an isolated system with energy U, and en-
tropy S;. Each of the subsystems is itself in equilibrium, but they are at different tem-
peratures initially, and therefore heat is transferred to achieve equilibrium. The heat
transfer is assumed to be performed in a reversible fashion—slowly. The two subsys-
tems are also assumed to have a fixed number of particles N;,N, and volume V;,V,.
No work is done, only heat is transferred. The energies of the two systems U, and U,
and entropies S; and S, are not fixed.

The transfer of heat results in a transfer of energy between the two systems ac-
cording to Eq. (1.3.4), since the total energy

U,=U;+U 1.3.8
t= Y17 Y2
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is conserved, we have
du,=dU, +dU,=0 (1.3.9)

We will consider the processes of equilibration twice. The first time we will iden-
tify the equilibrium condition and the second time we will describe the equilibration.
At equilibrium the entropy of the whole system is maximized. Variation of the en-
tropy with respect to any internal parameter will give zero at equilibrium. We can con-
sider the change in the entropy of the system as a function of how much of the energy
is allocated to the first system:

g _ds, o,

==L =0 (1.3.10)
du; du; du,

in equilibrium. Since the total energy is fixed, using Eq. (1.3.9) we have;
ds _ds, ds;

==L =0 (1.3.11)
dUu, du, du,
or
du,  du, (13.12)

in equilibrium. By the definition of the temperature,any function of the derivative of
the entropy with respect to energy could be used as the temperature. It is conventional
to define the temperature T using:

1 a&so
= =¢—= (1.3.13)
T edU gN,V

This definition corresponds to the Kelvin temperature scale. The units of temperature
also define the units of the entropy. This definition has the advantage that heat always
flows from the system at higher temperature to the system at lower temperature.

To prove this last statement, consider a natural small transfer of heat from one
system to the other. The transfer must result in the two systems raising their collective
entropy:

ds, = ds, +dS, 3 0 (1.3.14)

We rewrite the change in entropy of each system in terms of the change in energy. We
recall that N and V are fixed for each of the two systems and the entropy is a function
only of the three macroscopic parameters (U,N,V). The change in S for each system
may be written as:

(1.3.15)
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to arrive at:
as 0 a&s o0
—_ dU; +¢c—= du, 30 (1.3.16)
gou 2y, v, edU 2u, v,

or using Eg. (1.3.9) and the definition of the temperature (Eg. (1.3.13)) we have:

ée1 0 2o OU
%ﬁ;_ (éT_zEEdulg 0 (1.3.17)
or.
(T,-T)du,3 0 (1.3.18)

This implies that a natural process of heat transfer results in the energy of the first sys-
tem increasing (dU, > 0) if the temperature of the second system is greater than the
first ((T,- T,) >0), or conversely, ifthe temperature of the second system is less than
the temperature of the first.

Using the definition of temperature, we can also rewrite the expression for the
change in the energy of a system due to heat transfer or work, Eq.(1.3.2). The new ex-
pression is restricted to reversible processes. As in Eq. (1.3.2), N is still fixed.
Considering only reversible processes means we consider only equilibrium states of
the system, so we can write the energy as a function of the entropy U = U(S,N,V).
Since a reversible process changes the entropy and volume while keeping this function
valid, we can write the change in energy for a reversible process as

dU= o2l dS+oets dv
eaS 2y eiVv 2\
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(1.3.19)

The first term reflects the effect of a change in entropy and the second reflects the
change in volume. The change in entropy is related to heat transfer but not to work.
If work is done and no heat is transferred,then the first term is zero. Comparing the
second term to Eq. (1.3.2) we find

5
p = ool (1.3.20)

&0V g
and the incremental change in energy for a reversible process can be written:
dU=TdS - PdV (1.3.21)

This relationship enables us to make direct experimental measurements of entropy
changes. The work done on a system, in a reversible or irreversible process, changes
the energy of the system by a known amount. This energy can then be extracted in a
reversible process in the form of heat. When the system returns to its original state, we
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can quantify the amount of heat transferred as a form of energy. Measured heat trans-
fer can then be related to entropy changes using q = TdS.

Our treatment of the fundamentals of thermodynamics was brief and does not
contain the many applications necessary for a detailed understanding. The properties
of S that we have described are sufficient to provide a systematic treatment of the ther-
modynamics of macroscopic bodies. However, the entropy is more understandable
from a microscopic (statistical) description of matter. In the next section we intro-
duce the statistical treatment that enables contact between a microscopic picture and
the macroscopic thermodynamic treatment of matter. We will use it to give micro-
scopic meaning to the entropy and temperature.Once we have developed the micro-
scopic picture we will discuss two applications. The first application, the ideal gas, is
discussed in Section 1.3.3. The discussion of the second application,the Ising model
of magnetic systems, is postponed to Section 1.6.

1.3.2 The macroscopic state from microscopic statistics

In order to develop a microscopic understanding of the macroscopic properties of
matter we must begin by restating the nature of the systems that thermodynamics de-
scribes. Even when developing a microscopic picture, the thermodynamic assump-
tions are relied upon as guides. Macroscopic systems are assumed to have an extremely
large number N of individual particles (e.g.,at a scale of 1023) inavolume V. Because
the size of these systems is so large,they are typically investigated by considering the
limitof N® ¥ and V® ¥, while the density n = N/V remains constant. This is called
the thermodynamic limit. Various properties of the system are separated into exten-
sive and intensive quantities. Extensive quantities are proportional to the size of the
system. Intensive quantities are independent of the size of the system. This reflects the
intuition that local properties of a macroscopic object do not depend on the size of
the system. As in Figs.1.3.1 and 1.3.2, the system may be cut into two parts, or a small
part may be separated from a large part without affecting its local properties.

The total energy U of an isolated system in equilibrium, along with the number
of particles N and volume V, defines the macroscopic state (macrostate) of an isolated
system in equilibrium. Microscopically, the energy of the system E is given in classical
mechanics in terms of the complete specification of the individual particle positions,
momenta and interaction potentials. Together these define the microscopic state (mi-
crostate) of the system. The microstate is defined differently in quantum mechanics
but similar considerations apply. When we describe the system microscopically we use
the notation E rather than U to describe the energy. The reason for this difference is
that macroscopically the energy U has some degree of fuzziness in its definition,
though the degree of fuzziness will not enter into our considerations. Moreover, U
may also be used to describe the energy of a system that is in thermal equilibrium with
another system. However, thinking microscopically, the energy of such a system is not
well defined,since thermal contact allows the exchange of energy between the two sys-
tems. We should also distinguish between the microscopic and macroscopic concepts
of the number of particles and the volume, but since we will not make use of this dis-
tinction, we will not do so.
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There are many possible microstates that correspond to a particular macrostate
of the system specified only by U,N,V. We now make a key assumption of statistical
mechanics—that all of the possible microstates of the system occur with equal prob-
ability. The number of these microstates Q(U,N,V), which by definition depends on
the macroscopic parameters, turns out to be central to statistical mechanics and is di-
rectly related to the entropy. Thus it determines many of the thermodynamic proper-
ties of the system, and can be discussed even though we are not always able to obtain
it explicitly.

We consider again the problem of interacting systems. As before, we consider two
systems (Fig. 1.3.3) that are in equilibrium separately, with state variables (U;,N;,V;)
and (U,N,V,). The systems have a number of microstates €2,(U;,N,,V,) and
Q,(U,,N,,V,) respectively. It is not necessary that the two systems be formed of the
same material or have the same functional form of Q(U,N,V), so the function Q is
also labeled by the system index. The two systems interact in a limited way, so that they
can exchange only energy. The number of particles and volume of each system re-
mains fixed. Conservation of energy requires that the total energy U, = U; + U, re-
mains fixed, but energy may be transferred from one system to the other. As before,
our objective is to identify when energy transfer stops and equilibrium is reached.

Consider the number of microstates of the whole system Q.. This number is a
function not only of the total energy of the system but also of how the energy is allo-
cated between the systems. So, we write €2,(U;,U,), and we assume that at any time
the energy of each of the two systems is well defined. Moreover, the interaction be-
tween the two systems is sufficiently weak so that the number of states of each system
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may be counted independently. Then the total number of microstates is the product
of the number of microstates of each of the two systems separately.

Q(U,Uy) =€, (Uy)R2,(Uy) (1.3.22)

where we have dropped the arguments N and V, since they are fixed throughout this
discussion. When energy is transferred,the number of microstates of each of the two
systems is changed. When will the transfer of energy stop? Left on its own,the system
will evolve until it reaches the most probable separation of energy. Since any particu-
lar state is equally likely, the most probable separation of energy is the separation that
gives rise to the greatest possible number of states. When the number of particles is
large,the greatest number of states corresponding to a particular energy separation is
much larger than the number of states corresponding to any other possible separa-
tion. Thus any other possibility is completely negligible. No matter when we look at
the system, it will be in a state with the most likely separation of the energy. For a
macroscopic system,it is impossible for a spontaneous transfer of energy to occur that
moves the system away from equilibrium.

The last paragraph implies that the transfer of energy from one system to the
other stops when €, reaches its maximum value. Since U, = U; + U, we can find the
maximum value of the number of microstates using:

aflt (UlyUt - Ul) :Ozagl(Ul)Qz(Ut _ Ul)+Ql(Ul)aQZQJt 'Ul)
U, U, U,

0= an(Ul)Q (U )_ Q (U )892@2) (1323)
_aUl oY) 82,y _auz
or
1 Uy _ 1 99Uy
QU;) Y, Q,Uz) U, (13.24)

3 1InQ1(Uy) _ InQ,U,)
aUl aUZ

The equivalence of these quantities is analogous to the equivalence of the tempera-
ture of the two systems in equilibrium. Since the derivatives in the last equation are
performed at constant N and V, it appears, by analogy to Eq. (1.3.12), that we can
identify the entropy as:

S =k In(Q(E,N,V)). (1.3.25)

The constant k, known as the Boltzmann constant, is needed to ensure correspon-
dence of the microscopic counting of states with the macroscopic units of the entropy,
as defined by the relationship of Eq. (1.3.13), once the units of temperature and en-
ergy are defined.

The entropy as defined by Eq.(1.3.25) can be shown to satisfy all of the proper-
ties of the thermodynamic entropy in the last section. We have argued that an isolated
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system evolves its macrostate in such away that it maximizes the number of microstates
that correspond to the macrostate. By Eq. (1.3.25), this is the same as the first prop-
erty of the entropy in Eq. (1.3.5), the maximization of the entropy in equilibrium.

Interestingly, demonstrating the second property of the entropy, that it does not
change during an adiabatic process, requires further formal developments relating
entropy to information that will be discussed in Sections 1.7 and 1.8.\We will connect
the two discussions and thus be able to demonstrate the second property of the entropy
in Chapter 8 (Section 8.3.2).

The extensive property of the entropy follows from Eq.(1.3.22). This also means
that the number of states at a particular energy grows exponentially with the size of
the system. More properly, we can say that experimental observation that the entropy
is extensive suggests that the interaction between macroscopic materials, or parts of a
single macroscopic material, is such that the microstates of each part of the system
may be enumerated independently.

The number of microstates can be shown by simple examples to increase with the
energy of the system. This corresponds to Eq.(1.3.7). There are also examples where
this can be violated, though this will not enter into our discussions.

We consider next a second example of interacting systems that enables us to eval-
uate the meaning of a system in equilibrium with a reservoir at a temperature T. We
consider a small part of a much larger system (Fig. 1.3.4). No assumption is necessary
regarding the size of the small system; it may be either microscopic or macroscopic.
Because of the contact of the small system with the large system, its energy is not

Ui N Ve, T

E({x.,p}).N,V
U,N,V

Figure 1.3.4 In order to understand temperature we consider a closed system composed of
a large and small system, or equivalently a small system which is part of a much larger sys-
tem. The larger system serves as a thermal reservoir transferring energy to and from the small
system without affecting its own temperature. A microscopic description of this process in
terms of a single microscopic state of the small system leads to the Boltzmann probability.
An analysis in terms of the macroscopic state of the small system leads to the principle of
minimization of the free energy to obtain the equilibrium state of a system at a fixed tem-
perature. This principle replaces the principle of maximization of the entropy, which only ap-
plies for a closed system. [
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always the same.Energy will be transferred back and forth between the small and large
systems. The essential assumption is that the contact between the large and small sys-
tem does not affect any other aspect of the description of the small system. This means
that the small system is in some sense independent of the large system, despite the en-
ergy transfer. This is true if the small system is itself macroscopic, but it may also be
valid for certain microscopic systems. We also assume that the small system and the
large system have fixed numbers of particles and volumes.

Our objective is to consider the probability that a particular microstate of the
small system will be realized. A microstate is identified by all of the microscopic para-
meters necessary to completely define this state. We use the notation {x,p} to denote
these coordinates. The probability that this particular state will be realized is given by
the fraction of states of the whole system for which the small system attains this state.
Because there is only one such state for the small system, the probability that this state
will be realized is given by (proportional to) a count of the number of states of the rest
of the system. Since the large system is macroscopic, we can count this number by us-
ing the macroscopic expression for the number of states of the large system:

P(x p}) U Qr(U;- E({x P}).N¢- N,V - V) (1.3.26)

where E({x,p}),N,V are the energy, number of particles and volume of the micro-
scopic system respectively. E({ x,p})is a function of the microscopic parameters {x,p}.
U,,N,,V, are the energy, number of particles and volume of the whole system,includ-
ing both the small and large systems. @ is the entropy of the large subsystem (reser-
voir). Since the number of states generally grows faster than linearly as a function of
the energy, we use a Taylor expansion of its logarithm (or equivalently a Taylor ex-
pansion of the entropy) to find

InQR(lJt - E({X! p})l Nt -N th - V)

2 INQr U N - NV, - V)b
=InQ N - NV -V)+ -
rRU Ny - V) g 3, 2,

(- E(@x.p})
Vv

=INQRU N, - N,Vt-V)+%(- ECx.p)) (13.27)

where we have not expanded in the number of particles and the volume because they
are unchanging. We take only the first term in the expansion, because the size of the
small system is assumed to be much smaller than the size of the whole system.
Exponentiating gives the relative probability of this particular microscopic state.

Qp(Up- EQXPE)Ng- NVi- V) = Qp(UpNe- NV, - V)e EPAT (1.3 28)

The probability of this particular state must be normalized so that the sum over all
states is one.Since we are normalizing the probability anyway, the constant coefficient
does not affect the result. This gives us the Boltzmann probability distribution:
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1.
P({x,p}) = = E(x.p}/kT

7= & o eI (1.3.29)

x.p}

Eqg. (1.3.29) is independent of the states of the large system and depends only on the
microscopic description of the states of the small system. It is this expression which
generally provides the most convenient starting point for a connection between the
microscopic description of a system and macroscopic thermodynamics. It identifies
the probability that a particular microscopic state will be realized when the system has
a well-defined temperature T. In this way it also provides a microscopic meaning to
the macroscopic temperature T. It is emphasized that Eq.(1.3.29) describes both mi-
croscopic and macroscopic systems in equilibrium at a temperature T.

The probability of occurrence of a particular state should be related to the de-
scription of a system in terms of an ensemble. We have found by Eq. (1.3.29) that a
system in thermal equilibrium at a temperature T is represented by an ensemble that
is formed by taking each of the states in proportion to its Boltzmann probability. This
ensemble is known as the canonical ensemble. The canonical ensemble should be
contrasted with the assumption that each state has equal probability for isolated sys-
tems at a particular energy. The ensemble of fixed energy and equal a priori proba-
bility is known as the microcanonical ensemble. The canonical ensemble is both eas-
ier to discuss analytically and easier to connect with the physical world. It will be
generally assumed in what follows.

We can use the Boltzmann probability and the definition of the canonical en-
semble to obtain all of the thermodynamic quantities. The macroscopic energy is
given by the average over the microscopic energy using:

1o B
U==a Eg.ppe P (1.3.30)
x.p}

For a macroscopic system,the average value of the energy will always be observed in
any specific measurement, despite the Boltzmann probability that allows all energies.
This is because the number of states of the system rises rapidly with the energy. This
rapid growth and the exponential decrease of the probability with the energy results
in asharp peak in the probability distribution as a function of energy. The sharp peak
in the probability distribution means that the probability of any other energy is neg-
ligible. This is discussed below in Question 1.3.1.

For an isolated macroscopic system, we were able to identify the equilibrium state
from among other states of the system using the principle of the maximization of the
entropy. There is a similar procedure for a macroscopic system in contact with a ther-
mal reservoir at a fixed temperature T. The important point to recognize is that when
we had a closed system,the energy was fixed. Now, however, the objective becomes to
identify the energy at equilibrium. Of course, the energy is given by the average in
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Eqg.(1.3.30). However, to generalize the concept of maximizing the entropy, it is sim-
plest to reconsider the problem of the system in contact with the reservoir when the
small system is also macroscopic.

Instead of considering the probability of a particular microstate of well-defined
energy E, we consider the probability of a macroscopic state of the system with an en-
ergy U. In this case, we find the equilibrium state of the system by maximizing the
number of states of the whole system, or alternatively of the entropy:

INQU,NV)+InQr(U; - U,N; - NV, - V)

=SU,N V)/k +SgU¢- U,N¢- NV, - V)/k (13.31)

—SUN V) +S: Uy Ny - NV, - V)/K +%(-U)

To find the equilibrium state, we must maximize this expression for the entropy of the
whole system. We can again ignore the constant second term. This leaves us with
quantities that are only characterizing the small system we are interested in, and the
temperature of the reservoir. Thus we can find the equilibrium state by maximizing
the quantity

S- U (1.3.32)

It is conventional to rewrite this and, rather than maximizing the function in Eq.
(1.3.32), to minimize the function known as the free energy:

F=U- TS (1.3.33)

This suggests a simple physical significance of the process of change toward equilib-
rium. At a fixed temperature, the system seeks to minimize its energy and maximize
its entropy at the same time. The relative importance of the entropy compared to the
energy is set by the temperature. For high temperature, the entropy becomes more
dominant, and the energy rises in order to increase the entropy. At low temperature,
the energy becomes more dominant, and the energy is lowered at the expense of the
entropy. This is the precise statement of the observation that “everything flows down-
hill.” The energy entropy competition is a balance that is rightly considered as one of
the most basic of physical phenomena.

We can obtain a microscopic expression for the free energy by an exercise that be-
gins from a microscopic expression for the entropy:

&, o]
S=kIn(Q)=kIn¢ca 55({x,p}),ui (1.3.34)
{x,p} @

The summation is over all microscopic states. The delta function is 1 only when
E({x, p}) =U. Thus the sum counts all of the microscopic states with energy U. Strictly
speaking, the & function is assumed to be slightly “fuzzy,” so that it gives 1 when
E({x,p}) differsfrom U by asmall amount onamacroscopicscale, but by a large amount
in terms of the differences between energies of microstates. We can then write
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S =KIN(R) =KINg R B¢ xppyue “TPV/ TV AT -
€px.p} o
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Let us compare the sum in the logarithm with the expression for Zin Eq.(1.3.29). We
will argue that they are the same. This discussion hinges on the rapid increase in the
number of states as the energy increases. Because of this rapid growth,the value of Z
in Eq.(1.3.29) actually comes from only a narrow region of energy. We know from the
expression for the energy average, Eq.(1.3.30),that this narrow region of energy must
be at the energy U. This implies that for all intents and purposes the quantity in the
brackets of Eq. (1.3.35) is equivalent to Z. This argument leads to the expression:

U
5==+kinZ (1.3.36)

Comparing with Eq. (1.3.33) we have
F=-kTInz (1.3.37)

Since the Boltzmann probability is a convenient starting point,this expression for the
free energy is often simpler to evaluate than the expression for the entropy, Eq.
(1.3.34).A calculation of the free energy using Eq.(1.3.37) provides contact between
microscopic models and the macroscopic behavior of thermodynamic systems. The
Boltzmann normalization Z, which is directly related to the free energy is also known
as the partition function. We can obtain other thermodynamic quantities directly
from the free energy. For example, we rewrite the expression for the energy Eq.
(1.3.30) as:

U=Z§ E,pe PO = L0E) I (1338)

z p) ap ap

where we use the notation p = 1/KkT. The entropy can be obtained using this expres-
sion for the energy and Eq. (1.3.33) or (1.3.36).

uestion 1.3.1 Consider the possibility that the macroscopic energy of

a system in contact with a thermal reservoir will deviate from its typical
value U. To do this expand the probability distribution of macroscopic en-
ergies of a system in contact with a reservoir around this value. How large
are the deviations that occur?

Solution 1.3.1 We considered Eq.(1.3.31) in order to optimize the entropy
and find the typical value of the energy U. We now consider it again to find
the distribution of probabilities of values of the energy around the value U
similar to the way we discussed the distribution of microscopic states { x, p}
in Eq.(1.3.27). To do this we distinguish between the observed value of the
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energy Uc¢and U. Note that we consider U¢to be a macroscopic energy,
though the same derivation could be used to obtain the distribution of mi-
croscopic energies. The probability of U ¢is given by:

PUGH QU SN V)QRU, UGN, - NV, - V) =SV SabiUdlk (4 3 59)

In the latter form we ignore the fixed arguments N and V. We expand the log-
arithm of this expression around the expected value of energy U:

SU9+SpU, -U9
1

2 2
= sUYK +8,0U, - Uyk+ = D gy + 28Dy ¢
& du? X du?

(1.3.40)

where we have kept terms to second order. The first-order terms, which are
of the form (1/kT)(U ¢- U), have opposite signs and therefore cancel. This
implies that the probability is a maximum at the expected energy U. The sec-
ond derivative of the entropy can be evaluated using:
dsU) d 1 1 1 1

qu2 dUT  T2du/dT TG,

(1.3.41)

where C,, is known as the specific heat at constant volume. For our purposes,
its only relevant property is that it is an extensive quantity. We can obtain a
similar expression for the reservoir and define the reservoir specific heat Cy.
Thus the probability is:

PUGpe SWAT*)UCY +UCR)U-UG” - (WAT)(LCVIU-UG® (1.3.42)

where we have left out the (constant) terms that do not depend on U¢
Because C,, and C, /5 are extensive quantities and the reservoir is much big-
ger than the small system, we can neglect 1/C,,z compared to 1/C,,. The re-
sult is a Gaussian distribution (Eqg. (1.2.39)) with a standard deviation

o=TA&C, (1.3.43)

This describes the characteristic deviation of the energy U ¢from the average
or typical energy U. However, since C,, is extensive, the square root means
that the deviation is proportional to ON. Note that the result is consistent
with a random walk of N steps. So for a large system of N ~ 10% particles,the
possible deviation in the energy is smaller than the energy by a factor of (we
are neglecting everything but the N dependence) 10%—ije., it is unde-
tectable. Thus the energy of a thermodynamic system is very well defined. O

1.3.3 Kinetic theory of gases and pressure

In the previous section, we described the microscopic analog of temperature and en-
tropy. We assumed that the microscopic analog of energy was understood,and we de-
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veloped the concept of free energy and its microscopic analog. One quantity that we
have not discussed microscopically is the pressure. Pressure is a Newtonian concept—
the force per unit area. For various reasons,it is helpful for us to consider the micro-
scopic origin of pressure for the example of a simplified model of a gas called an ideal
gas. In Question 1.3.2 we use the ideal gas as an example of the thermodynamic and
statistical analysis of materials.

An ideal gas is composed of indistinguishable point particles with a mass m but
with no internal structure or size. The interaction between the particles is neglected,
so that the energy is just their kinetic energy. The particles do interact with the walls
of the container in which the gas is confined. This interaction is simply that of reflec-
tion—when the particle is incident on a wall, the component of its velocity perpen-
dicular to the wall is reversed.Energy is conserved. This is in accordance with the ex-
pectation from Newton’s laws for the collision of a small mass with a much larger
mass object.

To obtain an expression for the pressure, we must suffer with some notational
hazards,as the pressure P, probability of a particular velocity P(v) and momentum of
a particular particle p; are all designated by the letter P but with different case, argu-
ments or subscripts.A bold letter F is used briefly for the force,and otherwise F is used
for the free energy. We rely largely upon context to distinguish them. Since the objec-
tive of using an established notation is to make contact with known concepts,this sit-
uation is sometimes preferable to introducing a new notation.

Because of the absence of collisions between different particles of the gas, there
is no communication between them, and each of the particles bounces around the
container on its own course. The pressure on the container walls is given by the force
per unit area exerted on the walls,as illustrated in Fig. 1.3.5. The force is given by the
action of the wall on the gas that is needed to reverse the momenta of the incident par-
ticles between tand t + Dt :

p-H_ Llé mg,il (13.44)
A ADt i

where |F| is the magnitude of the force on the wall. The latter expression relates the
pressure to the change in the momenta of incident particles per unit area of the wall.
Ais a small but still macroscopic area,so that this part of the wall is flat. Microscopic
roughness of the surface is neglected. The change in velocity Dv; of the particles dur-
ing the time Dt is zero for particles that are not incident on the wall. Particles that hit
the wall between t and t + Dt are moving in the direction of the wall at time t and are
near enough to the wall to reach it during Dt. Faster particles can reach the wall from
farther away, but only the velocity perpendicular to the wall matters. Denoting this ve-
locity component as v., the maximum distance is v.Dt (see Fig. 1.3.5).

If the particles have velocity only perpendicular to the wall and no velocity par-
allel to the wall,then we could count the incident particles as those in a volume Av. Dt.
We can use the same expression even when particles have a velocity parallel to the sur-
face, because the parallel velocity takes particles out of and into this volume equally.



76 Introduction and Preliminaries

S

Figure 1.3.5 lllustration of a gas of ideal particles in a container near one of the walls.
Particles incident on the wall are reflected, reversing their velocity perpendicular to the wall,
and not affecting the other components of their velocity. The wall experiences a pressure due
to the collisions and applies the same pressure to the gas. To calculate the pressure we must
count the number of particles in a unit of time Dt with a particular perpendicular velocity va
that hit an area A. This is equivalent to counting the number of particles with the velocity
va in the box shown with one of its sides of length Dtva. Particles with velocity va will hit
the wall if and only if they are in the box. The same volume of particles applies if the parti-
cles also have a velocity parallel to the surface, since this just skews the box, as shown, leav-
ing its height and base area the same. O

Another way to say this is that for a particular parallel velocity we count the particles
in a sheared box with the same height and base and therefore the same volume. The
total number of particles in the volume, (N /V)Av.Dt, is the volume times the density
(N/V).

Within the volume Av. Dt, the number of particles that have the velocity v. is
given by the number of particles in this volume times the probability P(v.) that a par-
ticle has its perpendicular velocity component equal to va. Thus the number of par-
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ticles incident on the wall with a particular velocity perpendicular to the wall va is
given by

N
\TAP(VA )V/\ Dt (1345)

The total change in momentum is found by multiplying this by the change in mo-
mentum of a single particle reflected by the collision, 2mva, and integrating over all
velocities.
1 ¥
|é mDv, |: 7 NADLG3Iv: P(vs Jvs (2mV2) (1.3.46)
i 0

Divide this by ADt to obtain the change in momentum per unit time per unit area,
which is the pressure (Eq. (1.3.44)),

¥
l N
P :\7N mV/\ P(V/\ )V/\ (ZmV/\) (1347)
0
We rewrite this in terms of the average squared velocity perpendicular to the surface
¥ ¥
N N 2 N 2 N 2
P = =M ZGV/\ P(V/\ )V/\ = =M GVA P(VI\ )V/\ Te—mM<va > (1348)
Vo, Voo Y

where the equal probability of having positive and negative velocities enables us to ex-
tend the integral to - ¥ while eliminating the factor of two. We can rewrite Eq.(1.3.48)
in terms of the average square magnitude of the total velocity. There are three com-
ponents of the velocity (two parallel to the surface). The squares of the velocity com-
ponents add to give the total velocity squared and the averages are equal:

<V >z<v vl v >=3<v > (1.3.49)

where v is the magnitude of the particle velocity. The pressure is:
p=Nmic?s> (1.3.50)
vV 3

Note that the wall does not influence the probability of having a particular velocity
nearby. Eq. (1.3.50) is a microscopic expression for the pressure, which we can cal-
culate using the Boltzmann probability from Eg. (1.3.29). We do this as part of
Question 1.3.2.

taining expressions for the thermodynamic quantities Z, F, U, Sand P,
in terms of N, V, and T. For hints read the first three paragraphs of the
solution.

Question 1.3.2 Develop the statistical description of the ideal gas by ob-

Solution 1.3.2 The primary task of statistics is counting. To treat the ideal
gas we must count the number of microscopic states to obtain the entropy,
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or sum over the Boltzmann probability to obtain Z and the free energy. The
ideal gas presents us with two difficulties. The first is that each particle has a
continuum of possible locations. The second is that we must treat the parti-
cles as microscopically indistinguishable. To solve the first problem, we have
to set some interval of position at which we will call a particle here different
from a particle there. Moreover, since a particle at any location may have
many different velocities, we must also choose a difference of velocities that
will be considered as distinct. We define the interval of position to be Dx and
the interval of momentum to be Dp. In each spatial dimension,the positions
between x and x +Dx correspond to a single state,and the momenta between
p and p + Dp correspond to a single state. Thus we consider as one state of
the system a particle which has position and momenta in a six-dimensional
box of a size Dx’Dp®. The size of this box enters only as a constant in classi-
cal statistical mechanics, and we will not be concerned with its value.
Quantum mechanics identifies it with Dx’Dp* = h®, where h is Planck’s con-
stant, and for convenience we adopt this notation for the unit volume for
counting.

There is a subtle but important choice that we have made. We have cho-
sen to make the counting intervals have a fixed width Dp in the momentum.
From classical mechanics,it is not entirely clear that we should make the in-
tervals of fixed width in the momentum or, for example,make them fixed in
the energy DE. In the latter case we would count a single state between E and
E +DE. Since the energy is proportional to the square of the momentum,this
would give a different counting. Quantum mechanics provides an unam-
biguous answer that the momentum intervals are fixed.

To solve the problem of the indistinguishability of the particles, we must
remember every time we count the number of states of the system to divide
by the number of possible ways there are to interchange the particles, which
isNL

The energy of the ideal gas is given by the kinetic energy of all of the
particles:

N
E({x,p}) = a -mv, =a Zém (1351)
iz 2 i=1

where the velocity and momentum of a particle are three-dimensional vec-
tors with magnitude v, and p; respectively. We start by calculating the parti-
tion function (Boltzmann normalization) Z from Eq. (1.3.29)
N pi-
z=L8 ¢t oLty .1zkaOd 9D (g359)

N!{X’p} N| h3

where the integral is to be evaluated over all possible locations of each of the
N particles of the system. We have also included the correction to over-
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counting, N!. Since the particles do not see each other, the energy is a sum
over each particle energy. The integrals separate and we have:

1% 6"
Z==6=c 2T g%d3p™ 1.3.53
N!g\h30 p; ( )

The position integral gives the volume V, immediately giving the depen-
dence of Z on this macroscopic quantity. The integral over momentum can
be evaluated giving:

2 2
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and we have that
Z(.T.N) L GamkT n26™F (1.3.55)
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We could have simplified the integration by recognizing that each compo-
nent of the momentum p,,p, and p, can be integrated separately, giving 3N
independent one-dimensional integrals and leading more succinctly to the
result. The result can also be written in terms of a natural length A(T) that
depends on temperature (and mass):

AT) = (h?/ 27emkT)¥2 (1.3.56)
\V; N
ZW,T.N) :W (1.3.57)

From the partition function we obtain the free energy, making use of
Sterling’s approximation (Eqg. (1.2.36)):

F=KTN(InN - 1) - KTNIn(V/A(T)%) (1.3.58)

where we have neglected terms that grow less than linearly with N. Terms
that vary as In(N) vanish on a macroscopic scale. In this form it might ap-
pear that we have a problem,since the N In(N) term from Sterling’s approx-
imation to the factorial does not scale proportional to the size of the system,
and F is an extensive quantity. However, we must also note the N In(V) term,
which we can combine with the N In(N) term so that the extensive nature is
apparent:

F=KTN[INNA(T)*/V) - 1] (1.3.59)

79
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Itis interesting that the factor of N!,and thus the indistinguishability of par-
ticles,is necessary for the free energy to be extensive. If the particles were dis-
tinguishable,then cutting the system in two would resultin a different count-
ing, since we would lose the states corresponding to particles switching from
one part to the other. If we combined the two systems back together, there
would be an effect due to the mixing of the distinguishable particles
(Question 1.3.3).
The energy may be obtained from Eq. (1.3.38) (any of the forms) as:

3
U= E|\||<T (1.3.60)

which provides an example of the equipartition the orem, which says that
each degree of freedom (position-momentum pair) of the system carries
kT /2 of energy in equilibrium.Each of the three spatial coordinates of each
particle is one degree of freedom.

The expression for the entropy (S = (U - F)/T)

S =kN[In(V/NA(T)?) +5/2] (1.3.61)

shows that the entropy per particle S/N grows logarithmically with the vol-
ume per particleV /N. Using the expression for U, it may be written inaform
S(UN,V).

Finally, the pressure may be obtained from Eq.(1.3.20), but we must be
careful to keep N and S constant rather than T. We have
3 L

1.3.62
2 oV ( )

N,S

Taking the same derivative of the entropy Eq. (1.3.61) gives us (the deriva-
tive of S with S fixed is zero):

0=-=-=— (1.3.63)

Substituting, we obtain the ideal gas equation of state:
PV =NKT (1.3.64)

which we can also obtain from the microscopic expression for the pressure—
Eq.(1.3.50). We describe two ways to do this.One way to obtain the pressure
from the microscopic expression is to evaluate first the average of the energy

N
1 1
U=<E@{x,p})>=a 5m <vi2>=N§m <v?> (1.3.65)
i=1

This may be substituted in to Eq. (1.3.60) to obtain
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1 2 3
=m<v- >==kT 1.3.66
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which may be substituted directly in to Eq. (1.3.50). Another way is to ob-
tain the average squared velocity directly. In averaging the velocity, it doesn’t
matter which particle we choose. We choose the first particle:

d3xd P
@/l/\e = 12ka O
<v2>:3<v2A>_ S
1 1 (1.3.67)
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where we have further chosen to average over only one of the components of
the velocity of this particle and multiply by three. The denominator is the
normalization constant Z. Note that the factor 1/N!, due to the indistin-
guishability of particles, appears in the numerator in any ensemble average
as well as in the denominator, and cancels. It does not affect the Boltzmann
probability when issues of distinguishability are not involved.

There are 6N integrals in the numerator and in the denominator of Eq.
(1.3.67). All integrals factor into one-dimensional integrals.Each integral in
the numerator is the same as the corresponding one in the denominator, ex-
cept for the one that involves the particular component of the velocity we are
interested in. We cancel all other integrals and obtain:
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(1.3.68)

The integral is performed by the same technique as used in Eq.(1.3.54). The
result is the same as by the other methods. O

uestion 1.3.3 An insulated box is divided into two compartments by a

partition. The two compartments contain two different ideal gases at the
same pressure P and temperature T. The first gas has N, particles and the sec-
ond has N, particles. The partition is punctured. Calculate the resulting
change in thermodynamic parameters (N, V, U, P, S, T, F). What changes in
the analysis if the two gases are the same, i.e., if they are composed of the
same type of molecules?

Solution 1.3.3 By additivity the extrinsic properties of the whole system
before the puncture are (Eq. (1.3.59)-Eq. (1.3.61)):
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Ug=U;+U; = ;(Nﬁ‘ N2 KT
Vo=V, +V,
So =KN; [In(V; /N3 AT )%) +5/2] +kN J[In(V, / N, AT ) +5/2]
Fo =KTN{[IN(N;AQT ) V;)- 1+KTN [IN(NLAT)} /V5) - 1]

(1.3.69)

The pressure is intrinsic, so before the puncture it is (Eg. (1.3.64)):
Po=NKT/V; =NKT/V, (1.3.70)

After the puncture, the total energy remains the same, because the
whole system is isolated. Because the two gases do not interact with each
other even when they are mixed, their properties continue to add after the
puncture. However, each gas now occupies the whole volume, V; +V,. The
expression for the energy as a function of temperature remains the same,so
the temperature is also unchanged. The pressure in the container is now ad-
ditive: it is the sum of the pressure of each of the gases:

P = NGKT/(Vy +Vy) + NKT/(V, +V,) =P, (1.3.71)

i.e., the pressure is unchanged as well.

The only changes are in the entropy and the free energy. Because the two
gases do not interact with each other, as with other quantities, we can write
the total entropy as a sum over the entropy of each gas separately:

S =kNy[In((V; + V,)/N;MT)?) +5/2]
+KNL[IN((V; + Vo) INMT)®) +5/2] (13.72)
=S, + (Ng + NpK IN(Vy +V,) - Nk In(Vy) - Nk In(V,)
If we simplify to the case V; = V,, we have S =Sy + (N; + N,)k In(2). Since

the energy is unchanged, by the relationship of free energy and entropy
(Eq. (1.3.33)) we have:

F=Fy- T(S- Sy (1.3.73)

If the two gases are composed of the same molecule,there is no change
in thermodynamic parameters as a result of a puncture. Mathematically, the
difference is that we replace Eqg. (1.3.72) with:

S=k(Ny + Np[IN((V1 + Vo) /Ny + N)MT)’) +5/2] =8, (L3.74)

where this is equal to the original entropy because of the relationship
N,/V; = N,/V, from Eq. (1.3.70). This example illustrates the effect of in-
distinguishability. The entropy increases after the puncture when the gases
are different, but not when they are the same. O

uestion 1.3.4 Anidealgasisinonecompartmentofatwo-compartment
sealed and thermally insulated box. The compartment it is in has a vol-
ume V;. It has an energy U, and a number of particles N,. The second com-
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partment has volume V, and is empty. Write expressions for the changes in
all thermodynamic parameters (N, V, U, P,S, T, F) if

a. the barrier between the two compartments is punctured and the gas ex-
pands to fill the box.

b. the barrier is moved slowly, like a piston, expanding the gas to fill the box.

Solution 1.3.4 Recognizing what is conserved simplifies the solution of
this type of problem.

a. The energy U and the number of particles N are conserved. Since
the volume change is given to us explicitly, the expressions for T
(Eq. (1.3.60)), F (Eq. (1.3.59)), S (Eq. (1.3.61)), and P (Eq. (1.3.64)) in
terms of these quantities can be used.

N =N,
u=u,
V=V, +V, (1.3.75)
T=T,
F= kTN[In(Nk(T)3/(V1 +V,)) - 11 =F;+ kTN In(V, +V,))
S =kN[In((V, +V,)/N AT)Y) +5/2] = So T KN In((V, +V,)IV;)
P=NKT/V =NKT/(V, +V,) =PV, /(V, +V,)

b. The process is reversible and no heat is transferred,thus it is adiabatic—
the entropy is conserved. The number of particles is also conserved:

N =N,

S=§,

Our main task is to calculate the effect of the work done by the gas pres-

sure on the piston. This causes the energy of the gas to decrease,and the

temperature decreases as well. One way to find the change in tempera-

ture is to use the conservation of entropy, and Eq. (1.3.61), to obtain
that V/ )»(T)3 is a constant and therefore:

Tuv? (1.3.77)
Thus the temperature is given by:

(1.3.76)

,.-2/3
=Ty -+ (1378)
g Vi g

Since the temperature and energy are proportional to each other
(Eq. (1.3.60)), similarly:

-2/
- (1.3.79)
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The free-energy expression in Eq. (1.3.59) changes only through the
temperature prefactor:

-2/
T @ +V,0

F =KTN[In(NA(T)* V) - 1]= Fy=— = Fo¢ (1.3.80)
To, éVig
Finally, the pressure (Eq. (1.6.64)):
..-5/3
Vo _p ¥ #V,0 (1381) O

P ::Pdkj-/\/ = PO —— Fb
TV e Vi g

The ideal gas illustrates the significance of the Boltzmann distribution. Consider
a single particle. We can treat it either as part of the large system or as a subsystem in
its own right. In the ideal gas, without any interactions, its energy would not change.
Thus the particle would not be described by the Boltzmann probability in Eq.
(1.3.29). However, we can allow the ideal gas model to include a weak or infrequent
interaction (collision) between particles which changes the particle’s energy. Over a
long time compared to the time between collisions, the particle will explore all possi-
ble positions in space and all possible momenta. The probability of its being at a par-
ticular position and momentum (in a region d3xd3p) is given by the Boltzmann dis-
tribution:

2

¢ 20kT¢%pd3x/h°
= (1.3.82)

& ™ d°pdx/h’

Instead of considering the trajectory of this particular particle and the effects of
the (unspecified) collisions, we can think of an ensemble that represents this particu-
lar particle in contact with a thermal reservoir. The ensemble would be composed of
many different particles in different boxes. There is no need to have more than one
particle in the system. We do need to have some mechanism for energy to be trans-
ferred to and from the particle instead of collisions with other particles. This could
happen as a result of the collisions with the walls of the box if the vibrations of the
walls give energy to the particle or absorb energy from the particle. If the wall is at the
temperature T, this would also give rise to the same Boltzmann distribution for the
particle. The probability of a particular particle in a particular box being in a partic-
ular location with a particular momentum would be given by the same Boltzmann
probability.

Using the Boltzmann probability distribution for the velocity, we could calculate
the average velocity of the particle as:
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(\f 2kad3pd3X /h G 2T dp

which is the same result as we obtained for the ideal gas in the last part of
Question 1.3.2. We could even consider one coordinate of one particle as a separate
system and arrive at the same conclusion.Our description of systems is actually a de-
scription of coordinates.

There are differences when we consider the particle to be a member of an en-
semble and as one particle of a gas. In the ensemble, we do not need to consider the
distinguishability of particles. This does not affect any of the properties of a single
particle.

This discussion shows that the ideal gas model may be viewed as quite close to
the basic concept of an ensemble.Generalize the physical particle in three dimensions
to a point with coordinates that describe a complete system. These coordinates change
in time as the system evolves according to the rules of its dynamics. The ensemble rep-
resents this system in the same way as the ideal gas is the ensemble of the particle. The
lack of interaction between the different members of the ensemble,and the existence
of atransfer of energy to and from each of the systems to generate the Boltzmann
probability, is the same in each of the cases. This analogy is helpful when thinking
about the nature of the ensemble.

1.3.4 Phase transitions—first and second order

In the previous section we constructed some of the underpinnings of thermody-
namics and their connection with microscopic descriptions of materials using statis-
tical mechanics. One of the central conclusions was that by minimizing the free en-
ergy we can find the equilibrium state of a material that has a fixed number of
particles, volume and temperature. Once the free energy is minimized to obtain the
equilibrium state of the material, the energy, entropy and pressure are uniquely de-
termined. The free energy is also a function of the temperature, the volume and the
number of particles.

One of the important properties of materials is that they can change their prop-
erties suddenly when the temperature is changed by a small amount. Examples of this
are the transition of a solid to a liquid, or a liquid to a gas. Such a change is known as
a phase transition. Each well-defined state of the material is considered a particular
phase. Let us consider the process of minimizing the free energy as we vary the tem-
perature. Each of the properties of the material will, in general, change smoothly as
the temperature is varied. However, special circumstances might occur when the
minimization of the free energy at one temperature results in a very different set of
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properties of the material from this minimization at a slightly different temperature.
This is illustrated in a series of frames in Fig. 1.3.6, where a schematic of the free en-
ergy as a function of some macroscopic parameter is illustrated.

The temperature at which the jump in properties of the material occurs is called
the critical or transition temperature,T,. In general,all of the properties of the mate-
rial except for the free energy jump discontinuously at T,. This kind of phase transi-
tion is known as a first-order phase transition. Some of the properties of a first-order
phase transition are that the two phases can coexist at the transition temperature so
that part of the material is in one phase and part in the other. An example is ice float-
ing in water. If we start from a temperature below the transition temperature—with
ice—and add heat to the system gradually, the temperature will rise until we reach the
transition temperature. Then the temperature will stay fixed as the material converts
from one phase to the other—from ice to water. Once the whole system is converted
to the higher temperature phase, the temperature will start to increase again.

Figure1.3.6 Each of the
curves represents the
variation of the free en-
ergy of a system as a
function of macroscopic
parameters. The differ-
ent curves are for dif-
ferent temperatures. As
the temperature is var-
ied the minimum of the
free energy all of a sud-
den switches from one
set of macroscopic para-
meters to another. This
is a first-order phase
transition like the melt-
ing of ice to form water,
or the boiling of water
to form steam. Below
the ice-to-water phase
transition the macro-
scopic parameters that
describe ice are the min-
imum of the free energy,
while above the phase
transition the macro-
scopic parameters that
describe water are the
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The temperature T, at which a transition occurs depends on the number of par-
ticles and the volume of the system. Alternatively, it may be considered a function of
the pressure. We can draw a phase-transition diagram (Fig. 1.3.7) that shows the tran-
sition temperature as a function of pressure. Each region of such a diagram corre-
sponds to a particular phase.

There is another kind of phase transition, known as a second-order phase tran-
sition, where the energy and the pressure do not change discontinuously at the phase-
transition point. Instead, they change continuously, but they are nonanalytic at the
transition temperature.A common way that this can occur is illustrated in Fig. 1.3.8.
In this case the single minimum of the free energy breaks into two minima as a func-
tion of temperature. The temperature at which the two minima appear is the transi-
tion temperature. Such a second-order transition is often coupled to the existence of
first-order transitions. Below the second-order transition temperature, when the two
minima exist, the variation of the pressure can change the relative energy of the two
minima and cause a first-order transition to occur. The first-order transition occurs
at a particular pressure P,(T) for each temperature below the second-order transition
temperature. This gives rise to a line of first-order phase transitions. Above the
second-order transition temperature, there is only one minimum, so that there are

) WaIef ~— an order
Ice

1%t order

/ steam

T

Figure 1.3.7 Schematic phase diagram of H,0 showing three phases — ice, water and steam.
Each of the regions shows the domain of pressures and temperatures at which a pure phase
is in equilibrium. The lines show phase transition temperatures, T.(P), or phase transition
pressures, P.(T). The different ways of crossing lines have different names. Ice to water: melt-
ing; ice to steam: sublimation; water to steam: boiling; water to ice: freezing; steam to wa-
ter: condensation; steam to ice: condensation to frost. The transition line from water to steam
ends at a point of high pressure and temperature where the two become indistinguishable. At
this high pressure steam is compressed till it has a density approaching that of water, and at
this high temperature water molecules are energetic like a vapor. This special point is a
second-order phase transition point (see Fig. 1.3.8). O
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Figure 1.3.8 Similar to
Fig. 1.3.6, each of the
curves represents the
variation of the free en-
ergy of a system as a
function of macroscopic
parameters. In this case,
however, the phase tran-
sition occurs when two
minima emerge from
one. This is a second-or-
der phase transition.
Below the temperature
at which the second-or-
der phase transition oc-
curs, varying the pres-
sure can give rise to a
first-order phase transi-
tion by changing the rel-
ative energies of the two
minima (see Figs. 1.3.6
and 1.3.7). O
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also no first-order transitions. Thus, the second-order transition point occurs as the
end of a line of first-order transitions.A second-order transition is found at the end
of the liquid-to-vapor phase line of water in Fig. 1.3.7.
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The properties of second-order phase transitions have been extensively studied
because of interesting phenomena that are associated with them. Unlike a first-order
phase transition, there is no coexistence of two phases at the phase transition, be-
cause there is only one phase at that point. Instead, there exist large fluctuations in
the local properties of the material at the phase transition. A suggestion of why this
occurs can be seen from Fig. 1.3.8, where the free energy is seen to be very flat at the
phase transition. This results in large excursions (fluctuations) of all the properties
of the system except the free energy. These excursions, however, are not coherent
over the whole material. Instead, they occur at every length scale from the micro-
scopic on up. The closer a material is to the phase transition, the longer are the
length scales that are affected. As the temperature is varied so that the system moves
away from the transition temperature,the fluctuations disappear, first on the longest
length scales and then on shorter and shorter length scales. Because at the phase
transition itself even the macroscopic length scales are affected,thermodynamics it-
self had to be carefully rethought in the vicinity of second-order phase transitions.
The methodology that has been developed, the renormalization group, is an impor-
tant tool in the investigation of phase transitions. We will discuss it in Section 1.10.
We note that, to be consistent with Question 1.3.1, the specific heat C,, must diverge
at a second-order phase transition, where energy fluctuations can be large.

1.3.5 Use of thermodynamics and statistical mechanics in
describing the real world

How do we generalize the notions of thermodynamics that we have just described to
apply to more realistic situations? The assumptions of thermodynamics—that sys-
tems are in equilibrium and that dividing them into parts leads to unchanged local
properties—do not generally apply. The breakdown of the assumptions of thermo-
dynamics occurs for even simple materials, but are more radically violated when we
consider biological organisms like trees or people. We still are able to measure their
temperature. How do we extend thermodynamics to apply to these systems?

We can start by considering a system quite close to the thermodynamic ideal—a
pure piece of material that is not in equilibrium. For example, a glass of water in a
room. We generally have no trouble placing a thermometer in the glass and measur-
ing the temperature of the water. We know it is not in equilibrium, because if we wait
it will evaporate to become a vapor spread out throughout the room (even if we sim-
plify by considering the room closed). Moreover, if we wait longer (a few hundred
years to a few tens of thousands of years),the glass itself will flow and cover the table
or flow down to the floor, and at least part of it will also sublime to a vapor. The table
will undergo its own processes of deterioration. These effects will occur even in an
idealized closed room without considerations of various external influences or traffic
through the room. There is one essential concept that allows us to continue to apply
thermodynamic principles to these materials,and measure the temperature of the wa-
ter, glass or table, and generally to discover that they are at the same (or close to the
same) temperature. The concept is the separation of time scales. This concept is as ba-
sic as the other principles of thermodynamics. It plays an essential role in discussions
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of the dynamics of physical systems and in particular of the dynamics of complex sys-
tems. The separation of time scales assumes that our observations of systems have a
limited time resolution and are performed over a limited time. The processes that oc-
cur in a material are then separated into fast processes that are much faster than the
time resolution of our observation, slow processes that occur on longer time scales
than the duration of observation,and dynamic processes that occur on the time scale
of our observation. Macroscopic averages are assumed to be averages over the fast
processes. Thermodynamics allows us to deal with the slow and the fast processes but
only invery limited ways with the dynamic processes. The dynamic processes are dealt
with separately by Newtonian mechanics.

Slow processes establish the framework in which thermodynamics can be ap-
plied. In formal terms,the ensemble that we use in thermodynamics assumes that all
the parameters of the system described by slow processes are fixed. To describe a sys-
tem using statistical mechanics, we consider all of the slowly varying parameters of
the system to be fixed and assume that equilibrium applies to all of the fast processes.
Specifically, we assume that all possible arrangements of the fast coordinates exist in
the ensemble with a probability given by the Boltzmann probability. Generally,
though not always, it is the microscopic processes that are fast. To justify this we can
consider that an atom in a solid vibrates at a rate of 10°°~10" times per second,a gas
molecule at room temperature travels five hundred meters per second. These are,
however, only a couple of select examples.

Sometimes we may still choose to perform our analysis by averaging over many
possible values of the slow coordinates. When we do this we have two kinds of en-
sembles—the ensemble of the fast coordinates and the ensemble of the different val-
ues of the slow coordinates. These ensembles are called the annealed and quenched
ensembles. For example, say we have a glass of water in which there is an ice cube.
There are fast processes that correspond to the motion of the water molecules and the
vibrations of the ice molecules,and there are also slow processes corresponding to the
movement of the ice in the water. Let’s say we want to determine the average amount
of ice. If we perform several measurements that determine the coordinates and size of
the ice, we may want to average the size we find over all the measurements even
though they are measurements corresponding to different locations of the ice. In con-
trast, if we wanted to measure the motion of the ice, averaging the measurements of
location would be absurd.

Closely related to the discussion of fast coordinates is the ergodic theorem. The
ergodic theorem states that a measurement performed on a system by averaging a
property over a long time is the same as taking the average over the ensemble of the
fast coordinates. This theorem is used to relate experimental measurements that are
assumed to occur over long times to theoretically obtained averages over ensembles.
The ergodic theorem is not a theorem in the sense that it has been proven in general,
but rather a statement of a property that applies to some macroscopic systems and is
known not to apply to others. The objective is to identify when it applies. When it does
not apply, the solution is to identify which quantities may be averaged and which may



Thermodynamics and statistical mechanics 91

not, often by separating fast and slow coordinates or equivalently by identifying quan-
tities conserved by the fast dynamics of the system.

Experimental measurements also generally average properties over large regions
of space compared to microscopic lengths. It is this spatial averaging rather than time
averaging that often enables the ensemble average to stand for experimental mea-
surements when the microscopic processes are not fast compared to the measurement
time. For example, materials are often formed of microscopic grains and have many
dislocations. The grain boundaries and dislocations do move, but they often change
very slowly over time. When experiments are sensitive to their properties, they often
average over the effects of many grains and dislocations because they do not have suf-
ficient resolution to see a single grain boundary or dislocation.

In order to determine what is the relevant ensemble for a particular experiment,
both the effect of time and space averaging must be considered. Technically, this re-
quires an understanding of the correlation in space and time of the properties of an
individual system. More conceptually, measurements that are made for particular
quantities are in effect made over many independent systems both in space and in
time, and therefore correspond to an ensemble average. The existence of correlation
is the opposite of independence. The key question (like in the case of the ideal gas) be-
comes what is the interval of space and time that corresponds to an independent sys-
tem. These quantities are known as the correlation length and the correlation time. If
we are able to describe theoretically the ensemble over a correlation length and cor-
relation time, then by appropriate averaging we can describe the measurement.

In summary, the program of use of thermodynamics in the real world is to use
the separation of the different time scales to apply equilibrium concepts to the fast de-
grees of freedom and discuss their influence on the dynamic degrees of freedom while
keeping fixed the slow degrees of freedom. The use of ensembles simplifies consider-
ation of these systems by systematizing the use of equilibrium concepts to the fast de-
grees of freedom.

1.3.6 From thermodynamics to complex systems

Our obijective in this book is to consider the dynamics of complex systems. While,as
discussed in the previous section, we will use the principles of thermodynamics to
help us in this analysis,another imp ortant reason to review thermodynamics is to rec-
ognize what complex systems are not. Thermodynamics describes macroscopic sys-
tems without structure or dynamics. The task of thermodynamics is to relate the very
few macroscopic parameters to each other. It suggests that these are the only relevant
parameters in the description of these systems. Materials and complex systems are
both formed out of many interacting parts. The ideal gas example described a mate-
rial where the interaction between the particles was weak. However, thermodynamics
also describes solids, where the interaction is strong. Having decided that complex
systems are not described fully by the rmodynamics, we must ask, Where do the as-
sumptions of thermodynamics break down? There are several ways the assumptions
may break down, and each one is significant and plays a role in our investigation of



92 Introduction and Preliminaries

complex systems. Since we have not yet examined particular examples of complex sys-
tems, this discussion must be quite abstract. However, it will be useful as we study
complex systems to refer back to this discussion. The abstract statements will have
concrete realizations when we construct models of complex systems.

The assumptions of thermodynamics separate into space-related and time-
related assumptions. The first we discuss is the divisibility of a macroscopic material.
Fig. 1.3.2 (page 61) illustrates the property of divisibility. In this process,a small part
of a system is separated from a large part of the system without affecting the local
properties of the material. This is inherent in the use of extensive and intensive quan-
tities. Such divisibility is not true of systems typically considered to be complex sys-
tems. Consider, for example, a person as a complex system that cannot be separated
and continue to have the same properties. In words, we would say that complex sys-
tems are formed out of not only interacting, but also interdependent parts. Since both
thermodynamic and complex systems are formed out of interacting parts, it is the
concept of interdependency that must distinguish them. We will dedicate a few para-
graphs to defining a sense in which “interdependent” can have a more precise
meaning.

We must first address a simple way in which a system may have a nonextensive
energy and still not be a complex system. If we look closely at the properties of a ma-
terial, say a piece of metal or a cup of water, we discover that its surface is different
from the bulk. By separating the material into pieces, the surface area of the material
is changed. For macroscopic materials,this generally does not affect the bulk proper-
ties of the material. A characteristic way to identify surface properties, such as the sur-
face energy, is through their dependence on particle number. The surface energy
scales as N2, in contrast to the extensive bulk energy that is linear in N. This kind of
correction can be incorporated directly in a slightly more detailed treatment of ther-
modynamics, where every macroscopic parameter has a surface term. The presence of
such surface terms is not sufficient to identify a material as a complex system. For this
reason, we are careful to identify complex systems by requiring that the scenario of
Fig. 1.3.2 is violated by changes in the local (i.e., everywhere including the bulk) prop-
erties of the system, rather than just the surface.

It may be asked whether the notion of “local properties” is sufficiently well de-
fined as we are using it. In principle,it is not. For now, we adopt this notion from ther-
modynamics. When only a few properties, like the energy and entropy, are relevant,
“affect locally”is a precise concept.Later we would like to replace the use of local ther-
modynamic properties with a more general concept—the behavior of the system.

How is the scenario of Fig. 1.3.2 violated for a complex system? We can find that
the local properties of the small part are affected without affecting the local proper-
ties of the large part.Or we can find that the local properties of the large part are af-
fected as well. The distinction between these two ways of affecting the system is im-
portant, because it can enable us to distinguish between different kinds of complex
systems. It will be helpful to name them for later reference. We call the first category
of systems complex materials, the second category we call complex organisms.
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Why don’t we also include the possibility that the large part is affected but not the
small part? At this point it makes sense to consider generic subdivision rather than
special subdivision. By generic subdivision, we mean the ensemble of possible subdi-
visions rather than a particular one.Once we are considering complex systems,the ef-
fect of removal of part of a system may depend on which part is removed. However,
when we are trying to understand whether or not we have a complex system, we can
limit ourselves to considering the generic effects of removing a part of the system. For
this reason we do not consider the possibility that subdivision affects the large system
and not the small. This might be possible for the removal of a particular small part,
but it would be surprising to discover a system where this is generically true.

Two examples may help to illustrate the different classes of complex systems. At
least superficially, plants are complex materials, while animals are complex organisms.
The reason that plants are complex materials is that the cutting of parts of a plant, such
as leaves, a branch, or a root, typically does not affect the local properties of the rest of
the plant, but does affect the excised part. For animals this is not generically the case.
However, it would be better to argue that plants are in an intermediate category, where
some divisions, such as cutting out a lateral section of a tree trunk, affect both small
and large parts, while others affect only the smaller part. For animals, essentially all di-
visions affect both small and large parts. We believe that complex organisms play a spe-
cial role in the study of complex system behavior. The essential quality of a complex
organism is that its properties are tied to the existence of all of its parts.

How large is the small part we are talking about? Loss of a few cells from the skin
of an animal will not generally affect it. As the size of the removed portion is de-
creased,it may be expected that the influence on the local properties of the larger sys-
tem will be reduced. This leads to the concept of a robust complex system.
Qualitatively, the larger the part that can be removed from a complex system without
affecting its local properties,the more robust the system is. We see that a complex ma-
terial is the limiting case of a highly robust complex system.

The flip side of subdivision of a system is aggregation. For thermodynamic sys-
tems, subdivision and aggregation are the same, but for complex systems they are
quite different. One of the questions that will concern us is what happens when we
place a few or many complex systems together. Generally we expect that the individ-
ual complex systems will interact with each other. However, one of the points we can
make at this time is that just placing together many complex systems, trees or people,
does not make a larger complex system by the criteria of subdivision. Thus, a collec-
tion of complex systems may result in a system that behaves as a thermodynamic sys-
tem under subdivision—separating it into parts does not affect the behavior of the
parts.

The topic of bringing together many pieces or subdividing into many parts is also
quite distinct from the topic of subdivision by removal of a single part. This brings us
toasecond assumption we will discuss. Thermodynamic systems are assumed to be com-
posed of a very large number of particles. What about complex systems? We know that
the number of molecules in a cup of water is not greater than the number of molecules
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ina human being. And yet,we understand that this is not quite the right point. We should
not be counting the number of water molecules in the person,instead we might count
the number of cells, which is much smaller. Thus appears the problem of counting the
number of components of a system. In the context of correlations in materials, this was
briefly discussed at the end of the last section. Let us assume for the moment that we
know how to count the number of components. It seems clear that systems with only a
few components should not be treated by thermodynamics. One of the interesting ques-
tions we will discuss is whether in the limit of a very large number of components we
will always have a thermodynamic system.Stated in asimpler way from the point of view
of the study of complex systems, the question becomes how large is too large or how
many is too many. From the thermodynamic perspective the question is, Under what
circumstances do we end up with the thermodynamic limit?

We now switch to a discussion of time-related assumptions.One of the basic as-
sumptions of thermodynamics is the ergodic theorem that enables the description of
a single system using an ensemble. When the ergodic theorem breaks down, as dis-
cussed in the previous section, additional fixed or quenched variables become im-
portant. This is the same as saying that there are significant differences between dif-
ferent examples of the macroscopic system we are interested in. This is a necessary
condition for the existence of a complex system. The alternative would be that all re-
alizations of the system would be the same, which does not coincide with intuitive no-
tions of complexity. We will discuss several examples of the breaking of the ergodic
theorem later. The simplest example is a magnet. The orientation of the magnet is an
additional parameter that must be specified, and therefore the ergodic theorem is vi-
olated for this system. Any system that breaks symmetry violates the ergodic theorem.
However, we do not accept a magnet as a complex system. Therefore we can assume
that the breaking of ergodicity is a necessary but not sufficient condition for com-
plexity. All of the systems we will discuss break ergodicity, and therefore it is always
necessary to specify which coordinates of the complex system are fixed and which are
to be assumed to be so rapidly varying that they can be assigned equilibrium
Boltzmann probabilities.

A special case of the breaking of the ergodic theorem, but one that strikes even
more deeply at the assumptions of thermodynamics, is a violation of the separation
of time scales. If there are dynamical processes that occur on every time scale, then it
becomes impossible to treat the system using the conventional separation of scales
into fast,slow and dynamic processes. As we will discuss in Section 1.10,the techniques
of renormalization that are used in phase transitions to deal with the existence of many
spatial scales may also be used to describe systems changing on many time scales.

Finally, inherent in thermodynamics,the concept of equilibrium and the ergodic
theorem is the assumption that the initial condition of the system does not matter. For
a complex system,the initial condition of the system does matter over the time scales
relevant to our observation. This brings us back to the concept of correlation time.
The correlation time describes the length of time over which the initial conditions are
relevant to the dynamics. This means that our observation of a complex system must
be shorter than a correlation time. The spatial analog, the correlation length, describes
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the effects of surfaces on the system. The discussion of the effects of subdivision also
implies that the system must be smaller than a correlation length. This means that
complex systems change their internal structure—adapt—to conditions at their
boundaries. Thus, a suggestive though incomplete summary of our discussion of
complexity in the context of thermodynamics is that a complex system is contained
within a single correlation distance and correlation time.

Activated Processes (and Glasses)

In the last section we saw figures (Fig. 1.3.7) showing the free energy as a function of
a macroscopic parameter with two minima. In this section we analyze a single parti-
cle system that has a potential energy with a similar shape (Fig. 1.4.1). The particle is
in equilibrium with a thermal reservoir. If the average energy is lower than the energy
of the barrier between the two wells, then the particle generally resides for a time in
one well and then switches to the other. At very low temperatures, in equilibrium,it
will be more and more likely to be in the lower well and less likely to be in the higher
well. We use this model to think about a system with two possible states, where one
state is higher in energy than the other. If we start the system in the higher energy state,
the system will relax to the lower energy state. Because the process of relaxation is en-
abled or accelerated by energy from the thermal resevoir, we say that it is activated.

E1

Figure 1.4.1 lllustration of the potential energy of a system that has two local minimum en-
ergy configurations x; and x_;. When the temperature is lower than the energy barriers Eg -
E., and Eg - E;, the system may be considered as a two-state system with transitions between
them. The relative probability of the two states varies with temperature and the relative en-
ergy of the bottom of the two wells. The rate of transition also varies with temperature. When
the system is cooled systematically the two-state system is a simple model of a glass (Fig.
1.4.2). At low temperatures the system can not move from one well to the other, but is in
equilibrium within a single well. O
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1.4.1 Two-state systems

It might seem that a system with only two different states would be easy to analyze.
Eventually we will reach a simple problem. However, building the simple model will
require us to identify some questions and approximations relevant to our under-
standing of the application of this model to physical systems (e.g. the problem of pro-
tein folding found in Chapter 4). Rather than jumping to the simple two-state prob-
lem (Eg. (1.4.40) below), we begin from a particle in a double-well potential. The
kinetics and thermodynamics in this systtm give some additional content to the ther-
modynamic discussion of the previous section and introduce new concepts.

We consider Fig. 1.4.1 as describing the potential energy V(x) experienced by a
classical particle in one dimension. The region to the right of xg is called the right well
and to the left is called the left well.A classical trajectory of the particle with conserved
energy would consist of the particle bouncing back and forth within the potential well
between two points that are the solution of the equation V(x) = E, where E is the to-
tal energy of the particle. The kinetic energy at any time is given by

E(x,p)- V(x) =4mv? (1.4.1)

which determines the magnitude of the velocity at any position but not the direction.
The velocity switches direction every bounce.When the energy is larger than Eg, there
is only one distinct trajectory at each energy. For energies larger than E; but smaller
than Eg, there are two possible trajectories, one in the right well—to the right of x; —
and one in the left well. Below E;, which is the minimum energy of the right well,there
is again only one trajectory possible, in the left well. Below E_; there are no possible
locations for the particle.

If we consider this system in isolation,there is no possibility that the particle will
change from one trajectory to another. Our first objective is to enable the particle to
be in contact with some other system (or coordinate) with which it can transfer en-
ergy and momentum. For example, we could imagine that the particle is one of many
moving in the double well—like the ideal gas. Sometimes there are collisions that
change the energy and direction of the motion. The same effect would be found for
many other ways we could imagine the particle interacting with other systems. The
main approximation, however, is that the interaction of the particle with the rest of
the universe occurs only over short times. Most of the time it acts as if it were by itself
in the potential well. The particle follows a trajectory and has an energy that is the sum
of its kinetic and potential energies (Eq.(1.4.1)). There is no need to describe the en-
ergy associated with the interaction with the other systems. All of the other particles
of the gas (or whatever picture we imagine) form the thermal reservoir, which has a
well-defined temperature T.

We can increase the rate of collisions between the system and the reservoir with-
out changing our description. Then the particle does not go very far before it forgets
the direction it was traveling in and the energy that it had. But as long as the collisions
themselves occur over a short time compared to the time between collisions,any time
we look at the particle, it has a well-defined energy and momentum. From moment
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to moment,the kinetic energy and momentum changes unpredictably. Still,the posi-
tion of the particle must change continuously in time. This scenario is known as dif-
fusive motion. The different times are related by:

collision (interaction) time << time between collisions << transit time

where the transit time is the time between bounces from the walls of the potential well
if there were no collisions—the period of oscillation of a particle in the well. The par-
ticle undergoes a kind of random walk, with its direction and velocity changing ran-
domly from moment to moment. We will assume this scenario in our treatment of
this system.

When the particle is in contact with a thermal reservoir, the laws of thermody-
namics apply. The Boltzmann probability gives the probability that the particle is
found at position x with momentum p:

P(x,p)=e ExPAT s 7

7=8 o FEPKT _ h} Gcipe  ECPAT (1.4.2)

X,p

Formally, this expression describes a large number of independent systems that make
up a canonical ensemble. The ensemble of systems provides a formally precise way of
describing probabilities as the number of systems in the ensemble with a particular
value of the position and momentum. As in the previous section, Z guarantees that
the sum over all probabilities is 1. The factor of h is not relevant in what follows, but
for completeness we keep it and associate it with the momentum integral, so that
S, ® @lip/h.

If we are interested in the position of the particle,and are not interested in its mo-
mentum, we can simplify this expression by integrating over all values of the mo-
mentum. Since the energy separates into kinetic and potential energy:

o~ VOOAT dp/h)e p?/2mkT o~ VOOKT

P(X)= (1.4.3)

(\§1X e~ VOOKT (‘jdp/h) . p2/omkT @xe -V (x)KT

The resulting expression looks similar to our original expression. Its meaning is some-
what different,however, because V(x) is only the potential energy of the system. Since
the kinetic energy contributes equivalently to the probability at every location, V(x)
determines the probability at every x. An expression of the form e’ BT is known as the
Boltzmann factor of E. Thus Eq.(1.4.3) says that the probability P(x) is proportional
to the Boltzmann factor of V(x). We will use this same trick to describe the probabil-
ity of being to the right or being to the left of xg in terms of the minimum energy of
each well.

To simplify to a two-state system, we must define a variable that specifies only
which of the two wells the particle is in. So we label the system by s = +1, where s = +1
if x >xgand s = - 1if x <xg for a particular realization of the system at a particular
time, or:
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s =sign(x - Xg) (1.4.9)

Probabilistically, the case x = xg never happens and therefore does not have to be ac-
counted for.
We can calculate the probability P(s) of the system having a value of s =+1 using:

¥
osix o VEIKT

P@)=">
(\jjxe-V(x)/kT

(1.4.5)

The largest contribution to this probability occurs when V(x) is smallest. We assume
that kT is small compared to Eg, then the value of the integral is dominated by the re-
gion immediately in the vicinity of the minimum energy. Describing this as a two-state
system is only meaningful when this is true. We simplify the integral by expanding itin
the vicinity of the minimum energy and keeping only the quadratic term:

V(X) =E;+imof (x- %)* +¥a =By + 2k (x - x1)’ + ¥a (1.4.6)
where
2 _ V()
kl =Mw; = > (147)
dx
1

is the effective spring constant and w, is the frequency of small oscillations in the right
well. We can now write Eq. (1.4.5) in the form

¥
o BT Gixe -ky (x-x;)? 12kT

X (1.4.8)

P()=
g -V (K)KT
aixe

Because the integrand in the numerator falls rapidly away from the point x = x;, we
could extend the lower limit to - ¥. Similarly, the probability of being in the left
well is:

Xg
- Ea/KT c‘§*>< . K 1(x-%.1)2 /2kT

P(-1)= X (1.4.9)

c‘plxe -V (X)/KT

Here the upper limit of the integral could be extended to ¥. It is simplest to assume
that k; =k_;. This assumption, that the shape of the wells are the same, does not sig-
nificantly affect most of the discussion (Question 1.4.1-1.4.2). The two probabilities
are proportional to a new constant times the Boltzmann factor e’ EXT of the energy at
the bottom of the well. This can be seen even without performing the integrals in
Eqg. (1.4.8) and Eq. (1.4.9). We redefine Z for the two-state representation:
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SEL, /KT
P(-)= (1.4.10)
S
-E, AT
PO)= (1.4.11)
Zg
The new normalization Z, can be obtained from:
PQ)+P(-1)=1 (1.4.12)
giving
Zs :e—E1/kT +e—E.1/kT (1413)

which is different from the value in Eq. (1.4.2). We arrive at the desired two-state
result:

o AT 1

P(l)ze—EllkT o E1kT :1+e051—E,1)/kT =fEi-E.) (1.4.14)

where f is the Fermi probability or Fermi function:
1

1+e*

fx)= e (1.4.15)
For readers who were introduced to the Fermi function in quantum statistics,it is not
unique to that field, it occurs anytime there are exactly two different possibilities.

Similarly,

-E AT 1

P(-1) = = =f(E.,- E 1.4.16
(-1) o EL/KT Lo EL KT~ g €L -E/KT (E.1- B) ( )

which is consistent with Eq. (1.4.12) above since
f)+f(-x)=1 (1.4.17)
uestion 1.4.1 Discuss howk; * k., would affect the results for the two-

state system in equilibrium. Obtain expressions for the probabilities in
each of the wells.

Solution 1.4.1 Extending the integrals to +¥, as described in the text after
Eqg. (1.4.8) and Eq. (1.4.9), we obtain:

g B AT énkT Kk,
PO)= (1.4.18)

Cf'x oV OU/KT

g E/KT JZrckT/k
P(-1= = (1.4.19)

Gix oV /KT
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Because of the approximate extension of the integrals, we are no longer guar-
anteed that the sum of these probabilities is 1. However, within the accuracy
of the approximation, we can reimpose the normalization condition. Before
we do 50, we choose to rewrite k, = mo,® = m(2mv,)% where v, is the natural
frequency of the well. We then ignore all common factors in the two proba-
bilities and write

vl ELAT
P(1)== (1.4.20)
g
-1 -E /KT
e 1
P(-1)=—L (1.4.21)
z¢
Z0=y lo BT gy Lo BT (1.4.22)
Or we can write, as in Eq. (1.4.14)
1
PO)= (1.4.23)

1+ (vy /v )e & 5T
and similarly for P(- 1). O
uestion 1.4.2 Redefine the energies E; and E_; to include the effect of
the difference between k; and k_; so that the probability P(1) (Eg.

(1.4.23)) can be written like Eq. (1.4.14) with the new energies. How is the
result related to the concept of free energy and entropy?

Solution 1.4.2 We define the new energy of the right well as
Fl = El +kT In(\/l) (1424)

This definition can be seen to recover Eq. (1.4.23) from the form of Eq.
(1.4.14) as

PO=fF:-F1) (1.4.25)

Eq. (1.4.24) is very reminiscent of the definition of the free energy Eq.
(1.3.33) if we use the expression for the entropy:

S =-kiIn(vy) (1.4.26)

Note that if we consider the temperature dependence, Eq. (1.4.25) is not
identical in its behavior with Eq.(1.4.14). The free energy, F;, depends on T,
while the energy at the bottom of the well, E;, does not. O

In Question 1.4.2, Eq. (1.4.24), we have defined what might be interpreted as a
free energy of the right well. In Section 1.3 we defined only the free energy of the sys-
tem as a whole. The new free energy is for part of the ensemble rather than the whole
ensemble. We can do this quite generally. Start by identifying a certain subset of all
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possible states of a system. For example, s =1 in Eq. (1.4.4). Then we define the free
energy using the expression:

Fo()=-KT In(Q 8, e E®PYATy = (T In(z (1.4.27)
{x.p}

This is similar to the usual expression for the free energy in terms of the partition
function Z, but the sum is only over the subset of states. When there is no ambiguity,
we often drop the subscript and write this asF(1). From this definition we see that the
probability of being in the subset of states is proportional to the Boltzmann factor of
the free energy

Pue FO/K (1.4.28)

If we have several different subsets that account for all possibilities, then we can nor-
malize Eq. (1.4.28) to find the probability itself. If we do this for the left and right
wells, we immediately arrive at the expression for the probabilities in Eq.(1.4.14) and
Eq. (1.4.16), with E, and E_., replaced by F (1) and F,(-1) respectively. From
Eq.(1.4.28) we see that for a collection of states,the free energy plays the same role as
the energy in the Boltzmann probability.

We note that Eq. (1.4.24) is not the same as Eq.(1.4.27). However, as long as the
relative energy is the same, F, - F.; =F(1) - F,(- 1),the normalized probability is un-
changed. When k; =k_, the entropic part of the free energy is the same for both wells.
Then direct use of the energy instead of the free energy is valid,as in Eq.(1.4.14). We
can evaluate the free energy of Eq. (1.4.27), including the momentum integral:

¥ ¥
Z,= ddp/h)e-E(x,p)/kT _ (\jixe—v(x)/kT dep/h)e'pzlzka
Xg Xg

¥

»e BAT Bixe D 2T formic fhe ST sk 2nkT h - (14.29)
X8

=¢ 5Tk /hv,

F.(1) = E; +kT In(hv, /KT) (1.4.30)

where we have used the definition of the well oscillation frequency above Eq.(1.4.20)
to simplify the expression.A similar expression holds for Z_;. The result would be ex-
act for a pure harmonic well.

The new definition of the free energy of a set of states can also be used to under-
stand the treatment of macroscopic systems,specifically to explain why the energy is
determined by minimizing the free energy. Partition the possible microstates by the
value of the energy, as in Eq. (1.3.35). Define the free energy as a function of the en-
ergy analogous to Eq. (1.4.27)

& 0
)= 4 g g g T (143
X.p} 7]



102 Introduction and Preliminaries

Since the relative probability of each value of the energy is given by
PU)pe FUAT (1.4.32)

the most likely energy is given by the lowest free energy. For a macroscopic system,
the most likely value is so much more likely than any other value that it is observed
in any measurement. This can immediately be generalized. The minimization of the
free energy gives not only the value of the energy but the value of any macroscopic
parameter.

1.4.2 Relaxation of a two-state system

To investigate the Kinetics of the two-state system, we assume an ensemble of systems
that is not an equilibrium ensemble. Instead,the ensemble is characterized by a time-
dependent probability of occupying the two wells:

PQ)® P(Lt)
P(-)® P(- 1)
Normalization continues to hold at every time:
PLt)+P(-Lt)=1 (1.4.34)

For example, we might consider starting a system in the up per well and see how the
system evolves in time. Or we might consider starting a system in the lower well and
see how the system evolves in time. We answer the question using the time-evolving
probabilities that describe an ensemble of systems with the same starting condition.
To achieve this objective, we construct a differential equation describing the rate of
change of the probability of being in a particular well in rms of the rate at which sys-
tems move from one well to the other. This is just the Master equation approach from
Section 1.2.4.

The systems that make transitions from the left to the right well are the ones that
cross the point x = Xg. More precisely, the rate at which transitions occur is the prob-
ability current per unit time of systems at xg, moving toward the right. Similar to Eq.
(1.3.47) used to obtain the pressure of an ideal gas on a wall,the number of particles
crossing Xg is the probability of systems at x5 with velocity v, times their velocity:

(1.4.33)

¥

JL|- 1) = (ydp/h)vP (x g, ;1) (1.4.35)
0

where J(1]- 1) is the number of systems per unit time moving from the left to the
right. There is a hidden assumption in Eq. (1.4.35). We have adopted a notation that
treats all systems on the left together. When we are considering transitions,this is only
valid if a system that crosses x = xg from right to left makes it down into the well on
the left, and thus does not immediately cross back over to the side it came from.

We further assume that in each well the systems are in equilibrium, even when
the two wells are not in equilibrium with each other. This means that the probability
of being in a particular location in the right well is given by:
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P(x,p;t) =P (Lt E®PAT yZ,
¥
Z,= gyxdp o ECR)/KT (1.4.36)

Xg

In equilibrium,this statement is true because then P(1) =Z,/Z. Eq.(1.4.36) presumes
that the rate of collisions between the particle and the thermal reservoir is faster than
both the rate at which the system goes from one well to the other and the frequency
of oscillation in a well.

In order to evaluate the transition rate Eq.(1.4.35), we need the probability at xg.
We assume that the systems that cross xz moving from the left well to the right well
(i.e.,moving to the right) are in equilibrium with systems in the left well from where
they came. Systems that are moving from the right well to the left have the e quilib-
rium distribution characteristic of the right well. With these assumptions, the rate at
which systems hop from the left to the right is given by:

¥ L.
Q|- )= §dp/h)(p /m)BB(- 1;t)e” E /2T 7 O
- D= ydp/h)(p /m)EP(- L:t)e "

0 (1.4.37)
=P Lt)e =T kT /hy/Z_,

We find using Eq. (1.4.29) that the current of systems can be written in terms of a
transition rate per system:

JAI-D)=RA[-DP(-Lt)

R(|- D :V_le'(EB B ) KT (1.4.38)

Similarly, the current and rate at which systems hop from the right to the left are given
by:

JC-11D=R(-1[)PE1)

R 1[D v Er-ET (1.4.39)

When k; =k_, then v, =v_,;. We continue to deal with this case for simplicity and de-
fine v =v, =v_;. The expressions for the rate of transition suggest the interpretation
that the frequency v is the rate of attempt to cross the barrier. The probability of cross-
ing in each attempt is given by the Boltzmann factor, which gives the likelihood that
the energy exceeds the barrier. While this interpretation is appealing, and is often
given,it is misleading. It is better to consider the frequency as describing the width of
the well in which the particle wanders. The wider the well is,the less likely is a barrier
crossing. This interpretation survives better when more general cases are considered.

The transition rates enable us to construct the time variation of the probability
of occupying each of the wells. This gives us the coupled equations for the two
probabilities:

P(Lt) =RQA[- DP(- Lt) - R(-1{DP(LL) (1.4.40)
P(-Lt)=R( 1JDP(Lt) - RA|- DP(- Lit)
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These are the Master equations (Eg. (1.2.86)) for the two-state system. We have ar-
rived at these equations by introducing a set of assumptions for treating the kinet-
ics of a single particle. The equations are much more general, since they say only
that there is a rate of transition between one state of the system and the other. It is
the correspondence between the two-state system and the moving particle that we
have established in Egs. (1.4.38) and (1.4.39). This correspondence is approximate.
Eqg. (1.4.40) does not rely upon the relationship between Eg and the rate at which
systems move from one well to the other. However, it does rely upon the assump-
tion that we need to know only which well the system is in to specify its rate of
transition to the other well. On average this is always true, but it would not be a
good description of the system, for example, if energy is conserved and the key
question determining the kinetics is whether the particle has more or less energy
than the barrier Eg.

We can solve the coupled equations in Eq. (1.4.40) directly. Both equations are
not necessary, given the normalization constraint Eq.(1.4.34). Substituting P(- 1;t) =
1- P(1;t) we have the equation

PLt) =R(-1]D- PLHR(|- D+R(- 1]1)) (1.4.41)

We can rewrite this in terms of the equilibrium value of the probability. By definition
this is the value at which the time derivative vanishes.

PQL¥)=R(-1|D/RA|-D+R(-1|1))=f(E,- E.) (1.4.42)

where the right-hand side follows from Eq.(1.4.38) and Eq.(1.4.39) and is consistent
with Eq. (1.4.13), as it must be. Using this expression, Eq. (1.4.24) becomes

P(Lt) =(P@:¥)- P(Lt))/v (1.4.43)

where we have defined an additional quantity

1t =R@|- D+R(-1]D) =v(e” BT 4o C BTy (1. 4.42)
The solution of Eq. (1.4.43) is
P(Lt) =(P;0)- PL¥))e " +PLY¥) (1.4.45)

This solution describes a decaying exponential that changes the probability from the
starting value to the equilibrium value. This explains the definition of <, called the re-
laxation time. Since it is inversely related to the sum of the rates of transition between
the wells,it is a typical time taken by a system to hop between the wells. The relaxation
time does not depend on the starting probability. We note that the solution of
Eqg.(1.4.41) does not depend on the explicit form of P(1; ¥) or . The definitions im-
plied by the first equal signs in Eq.(1.4.42) and Eq.(1.4.44) are sufficient. Also, as can
be quickly checked, we can replace the index 1 with the index - 1 without changing
anything else in Eq (1.4.45). The other equations are valid (by symmetry) after the
substitution 1 « - 1.
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There are several intuitive relationships between the equilibrium probabilities
and the transition rates that may be written down. The first is that the ratio of the
equilibrium probabilities is the ratio of the transition rates:

Pi(¥)/P.1(¥) = R(- 1|)/R(- D (1.4.46)

The second is that the equilibrium probability divided by the relaxation time is the
rate of transition:

P.(¥)[t =R(-1]1) (1.4.47)

uestion 1.4.3 Eq. (1.4.45) implies that the relaxation time of the sys-

tem depends largely on the smaller of the two energy barriers Eg - E; and
Eg - E.;. For Fig. 1.4.1 the smaller barrier isEg - E;. Since the relaxation time
is independent of the starting probability, this barrier controls the rate of re-
laxation whether we start the system from the lower well or the upper well.
Why does the barrier Eg - E, control the relaxation rate when we start from
the lower well?

Solution 1.4.3 Eventhough the rate of transition from the lower well to the
upper well is controlled by E - E._4, the fraction of the ensemble that must
make the transition in order to reach equilibrium depends on E;. The higher
it is,the fewer systems must make the transition from s =- 1 to s = 1. Taking
this into consideration implies that the time to reach equilibrium depends
on Eg - E; ratherthanEz- E.;. O

1.4.3 Glass transition

Glasses are materials that when cooled from the liquid do not undergo a conventional
transition to a solid. Instead their viscosity increases,and in the vicinity of a particu-
lar temperature it becomes so large that on a reasonable time scale they can be treated
as solids. However, on long enough time scales,they flow as liquids. We will model the
glass transition using a two-state system by considering what happens as we cool
down the two-state system. At high enough temperatures, the system hops back and
forth between the two minima with rates given by Egs.(1.4.38) and (1.4.39).v is a mi-
croscopic quantity; it might be a vibration rate in the material. Even if the barriers are
higher than the temperature, Eg - E,; >> KT, the system will still be able to hop back
and forth quite rapidly from a macroscopic perspective.

As the system is cooled down, the hopping back and forth slows down. At some
point the rate of hopping will become longer than the time we are observing the sys-
tem. Systems in the higher well will stay there. Systems in the lower well will stay
there. This means that the population in each well becomes fixed. Even when we
continue to cool the system down, there will be no change, and the ensemble will no
longer be in equilibrium. Within each well the system will continue to have a proba-
bility distribution for its energy given by the Boltzmann probability, but the relative
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populations of the two wells will no longer be described by the equilibrium
Boltzmann probability.

To gain a feeling for the numbers,a typical atomic vibration rate is 10"2/sec. For
a barrier of 1eV, at twice room temperature, KT » 0.05eV (600°K), the transition rate
would be of order 10%/sec. This is quite slow from a microscopic perspective, but at
room temperature it would be only 10 5/sec, or one transition per year.

The rate at which we cool the system down plays an essential role. If we cool
faster, then the temperature at which transitions stop is higher. If we cool at a slower
rate, then the temperature at which the transitions stop is lower. This is found to be
the case for glass transitions, where the cooling rate determines the departure point
from the equilibrium trajectory of the system,and the eventual properties of the glass
are also determined by the cooling rate. Rapid cooling is called quenching. If we raise
the temperature and lower it slowly, the procedure is called annealing.

Using the model two-state system we can simulate what would happen if we per-
form an experiment of cooling a system that becomes a glass.Fig. 1.4.2 shows the prob-
ability of being in the upper well as afunction of the temperature as the system is cooled
down. The curves depart from the equilibrium curve in the vicinity of a transition tem-
perature we might call a freezing transition, because the kinetics become frozen. The
glass transition is not a transition like a first- or second-order transition (Section 1.3.4)
because it is a transition of the kinetics rather than of the equilibrium structure of the
system. Below the freezing transition, the relative probability of the system being in the
upper well is given approximately by the equilibrium probability at the transition.

The freezing transition of the relative population of the upper state and the lower
state is only a simple model of the glass transition;however, it is also more widely ap-
plicable. The freezing does not depend on cooperative effects of many particles. To
find examples, a natural place to look is the dynamics of individual atoms in solids.
Potential energies with two wells occur for impurities, defects and even bulk atoms in
a solid. Impurities may have two different local configurations that differ in energy
and are separated by a barrier. This is a direct analog of our model two-state system.
When the temperature is lowered, the relative population of the two configurations
becomes frozen. If we raise the temperature, the system can equilibrate again.

Itis also possible to artificially cause impurity configurations to have unequal en-
ergies.One way is to apply uniaxial stress to a crystal—squeezing it along one axis. If
an impurity resides in a bond between two bulk atoms, applying stress will raise the
energy of impurities in bonds oriented with the stress axis compared to bonds per-
pendicular to the stress axis. If we start at a relatively high temperature, apply stress
and then cool down the material, we can freeze unequal populations of the impurity.
If we have a way of measuring relaxation, then by raising the temperature gradually
and observing when the defects begin to equilibrate we can discover the barrier to re-
laxation. This is one of the few methods available to study the kinetics of impurity re-
orientation in solids.

The two-state system provides us with an example of how a simple system may
not be able to equilibrate over experimental time scales. It also shows how an e qui-
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Figure 1.4.2 Plot of the fraction of the systems in the higher energy well as a function of
temperature. The equilibrium value is shown with the dashed line. The solid lines show what
happens when the system is cooled from a high temperature at a particular cooling rate. The
example given uses E; - E.; =0.1eV and Eg - E.; = 1.0eV. Both wells have oscillation fre-
quencies of v = 10%/sec. The fastest cooling rate is 200°K/sec and each successive curve is
cooled at a rate that is half as fast, with the slowest rate being 0.4°K/sec. For every cooling
rate the system stops making transitions between the wells at a particular temperature that
is analogous to a glass transition in this system. Below this temperature the probability be-
comes essentially fixed. O

librium ensemble can be used to treat relative probabilities within a subset of states.
Because the motion within a particular well is fast,the relative probabilities of differ-
ent positions or momenta within a well may be described using the Boltzmann
probability. At the same time, the relative probability of finding a system in each of
the two wells depends on the initial conditions and the history of the system—what
temperature the system experienced and for how long. At sufficiently low tempera-
tures, this relative probability may be treated as fixed. Systems that are in the higher
well may be assumed to stay there. At intermediate temperatures, a treatment of the
dynamics of the transition between the two wells can (and must) be included. This
manifests a violation of the ergodic theorem due to the divergence of the time scale
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for equilibration between the two wells. Thus we have identified many of the fea-
tures that are necessary in describing nonequilibrium systems: divergent time scales,
violation of the ergodic theorem, frozen and dynamic coordinates. We have illus-
trated a method for treating systems where there is a separation of long time scales
and short time scales.

uestion 1.4.4 Write a program that can generate the time dependence
of the two-state system for a specified time history. Reproduce Fig. 1.4.2.
For an additional “experiment,” try the following quenching and annealing
sequence:
a. Starting from a high enough temperature to be in equilibrium, cool the sys-
tem at a rate of 10°K/sec downto T =0.

b. Heat the system up to temperature T, and keep it there for one second.
¢. Cool the system back down to T =0 at rate of 100°K/sec.

Plot the results as a function of T,. Describe and explain them in words. O

1.4.4 Diffusion

In this section we briefly consider a multiwell system. An example is illustrated in
Fig. 1.4.3, where the potential well depths and barriers vary from site to site. A simpler
case is found in Fig. 1.4.4, where all the well depths and barriers are the same. A con-
crete example would be an interstitial impurity in an ideal crystal. The impurity lives
in a periodic energy that repeats every integral multiple of an elementary length a.

We can apply the same analysis from the previous section to describe what hap-
pens to a system that begins from a particular well at x = 0. Over time, the system
makes transitions left and right at random,in a manner that is reminiscent of a ran-
dom walk. We will see in a moment that the connection with the random walk is valid
but requires some additional discussion.

V(x)
Eg(0l-1) Eg(1]0) EB(3]2)

E(2|1)

Eo

v

-1 0 1 2

Figure 1.4.3 lllustration of a multiple-well system with barrier heights and well depths that
vary from site to site. We focus on the uniform system in Fig. 1.4.4. O
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The probability of the system being in a particular well is changed by probability
currents into the well and out from the well. Systems can move to or from the well im-
mediately to their right and immediately to their left. The Master equation for the ith
well in Fig. 1.4.3 is:

P@i;t)=R(i]i - DP@i- L) +R( [i +1P( +Lt)- (RG+1]i)+R( - 1]i))P(;t) (1.4.48)
R(i +1[i)=v,e GO I-EDAT
R@i- 1li)=ve - Es (ili- - Ei KT

where E; is the depth of the ith well and Eg(i + 1|i) is the barrier to its right. For the
periodic system of Fig. 1.4.4 (v; ® v, Eg(i + 1]i) ® Ep) this simplifies to:

P(i:t)=R(P(i - Lt)+ P(i +Lt) - 2P(i 1)) (1.4.50)

(1.4.49)

R =ve € BT (1.4.51)
Since we are already describing a continuum differential equation in time,it is conve-
nient to consider long times and write a continuum equation in space as well.
Allowing a change in notation we write

P@i;t)® P(x;;t) (1.4.52)
Introducing the elementary distance between wells a we can rewrite Eqg. (1.4.50)
using:

(P@- Lt)+P3 +1t)- 2P(i;t))

2

a

N . . ) (1.4.53)
® (P(x; a,t)+P(xi2+a,t) 2P(x; ,'[))® a—ZP(x;t)
a ax
AV(x)

Eg+

Eo+
i | i i g
-1 0 1 2 §

Figure 1.4.4 When the barrier heights and well depths are the same, as illustrated, the long
time behavior of this system is described by the diffusion equation. The evolution of the sys-
tem is controlled by hopping events from one well to the other. The net effect over long times
is the same as for the random walk discussed in Section 1.2. O
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where the last expression assumes a is small on the scale of interest. Thus the contin-
uum version of Eq. (1.4.50) is the conventional diffusion equation:

) 2
P(x;t) :Da—ZP(x;t) (1.454)
X

The diffusion constant D is given by:
D =a’R=a’ve G BT (1.4.55)

The solution of the diffusion equation, Eq. (1.4.54), depends on the initial con-
ditions that are chosen. If we consider an ensemble of a system that starts in one well
and spreads out over time, the solution can be checked by substitution to be the
Gaussian distribution found for the random walk in Section 1.2:

1 2 1 2 2
P(X,t)_ e x“ /4Dt - e X" /20

~ VaaDt o (1.4.56)

We see that motion in a set of uniform wells after a long time reduces to that of a ran-
dom walk.

How does the similarity to the random walk arise? This might appear to be a nat-
ural result,since we showed that the Gaussian distribution is quite general using the cen-
tral limit theorem. The scenario here,however, is quite different. The central limit the-
orem was proven in Section 1.2.2 for the case of a distribution of probabilities of steps
taken at specific time intervals. Here we have a time continuum. Hopping events may
happen at any time. Consider the case where we start from a particular well. Our differ-
ential equation describes a system that might hop to the next well at any time. A hop is
an event, and we might concern ourselves with the distribution of such events in time.
We have assumed that these events are uncorrelated. There are unphysical consequences
of thisassumption. For example, no matter how small an interval of time we choose,the
particle has some probability of traveling arbitrarily far away. This is not necessarily a
correct microscopic picture, but it is the continuum model we have developed.

There is a procedure to convert the event-controlled hopping motion between
wells into a random walk that takes steps with a certain probability at specific time in-
tervals. We must select a time interval. For this time interval, we evaluate the total
probability that hops move a system from its original position to all possible positions
of the system. This would give us the function f(s) in Eq.(1.2.34). As long as the mean
square displacement is finite,the central limit theorem continues to apply to the prob-
ability distribution after a long enough time. The generality of the conclusion also im-
plies that the result is more widely applicable than the assumptions indicate. However,
there is a counter example in Question 1.4.5.

uestion 1.4.5 Discuss the case of a particle that is not in contact with a
thermal resevoir moving in the multiple well system (energy isconserved).
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Solution 1.4.5 If the energy of the system is lower than Eg, the system stays
in a single well bouncing back and forth. A model that describes how tran-
sitions occur between wells would just say there are none.

For the case where the energy is larger than Eg, the system will move
with a periodically varying velocity in one direction. There is a problem in
selecting an ensemble to describe it. If we choose the ensemble with only
one system moving in one direction, then it is described as a deterministic
walk. This description is consistent with the motion of the system.
However, we might also think to describe the system using an ensemble
consisting of particles with the same energy. In this case it would be one
particle moving to the right and one moving to the left. Taking an interval
of time to be the time needed to move to the next well, we would find a
transition probability of 1/2 to move to the right and the same to the left.
This would lead to a conventional random walk and will give us an incor-
rect result for all later times.

This example illustrates the need for an assumption that has not yet been
explicitly mentioned. The ensemble must describe systems that can make
transitions to each other. Since the energy-conserving systems cannot switch
directions, the ensemble cannot include both directions. It is enough, how-
ever, for there to be a small nonzero probability for the system to switch di-
rections for the central limit theorem to apply. This means that over long
enough times, the distribution will be Gaussian. Over short times,however,
the probability distribution from the random walk model and an almost bal-
listic system would not be very similar. [
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We can generalize the multiple well picture to describe a biased random walk.

The potential we would use is a “washboard potential,” illustrated in Fig. 1.4.5. The
Master equation is:

P(i:t)=R,P(i- Lt)+R_P(i+Lt)- R+ +R P (i:t) (1.4.57)
R+ :Vie-AE+/kT
S AT (1.4.58)
- Vi

2

To obtain the continuum limit, replace i ® x: P(i +1;t) ® P(x +a;t), and
P(i- 1;t) ® P(x - at), and expand in a Taylor series to second order in a to obtain:

P(x;t) = —viP(X;t)’fDa—P(X;t) (14.59)
X ax>2

X

v=a(R, - R.)

(1.4.60)

D =a’(R,+R.)/2
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Figure 1.4.5 The biased random walk is also found in a multiple-well system when the illus-
trated washboard potential is used. The velocity of the system is given by the difference in
hopping rates to the right and to the left. O

The solution is a moving Gaussian:

ceew)?aot _ L ewtree?

e =—

47Dt Yoo (1.4.61)
o =v2Dt

P(x,t) =

Since the description of diffusive motion always allows the system to stay where it is,
there is a limit to the degree of bias that can occur in the random walk. For this limit
set R_ = 0. Then D = av/2 and the spreading of the probability is given by o = Gavt.
This shows that unlike the biased random walk in Section 1.2, diffusive motion on a
washboard with a given spacing a cannot describe ballistic or deterministic motion in
asingle direction.

Cellular Automata

The first four sections of this chapter were dedicated to systems in which the existence
of many parameters (degrees of freedom) describing the system is hidden in one way
or another. In this section we begin to describe systems where many degrees of free-
dom are explicitly represented. Cellular automata (CA) form a general class of mod-
els of dynamical systems which are appealingly simple and yet capture a rich variety
of behavior. This has made them a favorite tool for studying the generic behavior of
and modeling complex dynamical systems. Historically CA are also intimately related
to the development of concepts of computers and computation. This connection con-
tinues to be a theme often found in discussions of CA. Moreover, despite the wide dif-
ferences between CA and conventional computer architectures,CA are convenient for
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computer simulations in general and parallel computer simulations in particular.
Thus CA have gained importance with the increasing use of simulations in the devel-
opment of our understanding of complex systems and their behavior.

1.5.1 Deterministic cellular automata

The concept of cellular automata begins from the concept of space and the locality of
influence. We assume that the system we would like to represent is distributed in
space,and that nearby regions of space have more to do with each other than regions
far apart. The idea that regions nearby have greater influence upon each other is of-
ten associated with a limit (such as the speed of light) to how fast information about
what is happening in one place can move to another place.*

Once we have a system spread out in space, we mark off the space into cells. We
then use a set of variables to describe what is happening at a given instant of time in
a particular cell.

s(i, , k;t) =s(x;, ¥ zi:t) (1.5.1)

where i, j, kare integers (i, j, kT Z),and this notation is for a three-dimensional space
(3-d). We can also describe automata in one or two dimensions (1-d or 2-d) or higher
than three dimensions. The time dependence of the cell variables is given by an iter-
ative rule:

s(i, J, kit) = R{s(i¢- i,j¢ J, K& Kit- 1)} gjed 2) (1.5.2)

where the rule R is shown as a function of the values of all the variables at the previ-
ous time,at positions relative to that of the cell s(i, j, k;t - 1). The rule is assumed to
be the same everywhere in the space—there is no space index on the rule. Differences
between what is happening at different locations in the space are due only to the val-
ues of the variables, not the update rule. The rule is also homogeneous in time; i.e.,
the rule is the same at different times.

The locality of the rule shows up in the form of the rule. It is assumed to give the
value of a particular cell variable at the next time only in terms of the values of cells
in the vicinity of the cell at the previous time. The set of these cells is known as its
neighborhood. For example, the rule might depend only on the values of twenty-
seven cells in a cube centered on the location of the cell itself. The indices of these cells
are obtained by independently incrementing or decrementing once, or leaving the
same, each of the indices:

si,j, ki) =R((i £ 1,0,j £ 1,0,k £ 1,01t - 1)) (1.5.3)

*These assumptions are both reasonable and valid for many systems. However, there are systems where
this is not the most natural set of assumptions. For example, when there are widely divergent speeds of
propagation of different quantities (e.g.,light and sound) it may be convenient to represent one as instan-
taneous (light) and the other as propagating (sound). On a fundamental level, Einstein, Podalsky and
Rosen carefully formulated the simple assumptions of local influence and found that quantum mechanics
violates these simple assumptions.A complete understanding of the nature of their paradox has yet to be
reached.
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where the informal notation i + 1,0 is the set {i - 1,i,i + 1}. In this case there are a to-
tal of twenty-seven cells upon which the update rule R(s) depends. The neighborhood
could be smaller or larger than this example.

CA can be usefully simplified to the point where each cell is a single binary vari-
able. As usual, the binary variable may use the notation {0,1}, {- 1,1}, {oN,OFF} Or
{-, }. The terminology is often suggested by the system to be described. Two 1-d ex-
amples are given in Question 1.5.1 and Fig. 1.5.1. For these 1-d cases we can show the
time evolution of a CA in a single figure,where the time axis runs \ertically down the
page and the horizontal axis is the space axis.Each figure is a CA space-time diagram
that illustrates a particular history.

In these examples, a finite space is used rather than an infinite space. We can de-
fine various boundary conditions at the edges. The most common is to use a periodic
boundary condition where the space wraps around to itself. The one-dimensional ex-
amples can be described as circles.A two-dimensional example would be a torus and
a three-dimensional example would be a generalized torus. Periodic boundary con-
ditions are convenient, because there is no special position in the space. Some care
must be taken in considering the boundary conditions even in this case, because there
are rules where the behavior depends on the size of the space. Another standard kind
of boundary condition arises from setting all of the values of the variables outside the
finite space of interest to a particular value such as 0.

uestion 1.5.1 Fill in the evolution of the two rules of Fig. 1.5.1. The

first CA (Fig. 1.5.1(a)) is the majority rule that sets a cell to the majority
of the three cells consisting of itself and its two neighbors in the previous
time. This can be written using s(i;t) =1 as:

s(i;t + 1) =sign(s(i - 1;t) +s(i;t) +s(i + 1;t) (1.5.4)

In the figure {- 1, + 1} are represented by {- , ~ } respectively.
The second CA (Fig. 1.5.1(b)), called the mod2 rule,is obtained by set-
ting the ith cell to be oFr if the number of on squares in the neighborhood

iseven, and oN if this number is odd. To write this in a simple form use
s(i;t) ={0, 1}. Then:

s(i;t+1) =mod, (s(i - 1;t) +s(i;t) +s(i + 1;t)) (1.5.5)
Solution 1.5.1 Notes:
1. The first rule (a) becomes trivial almost immediately, since it achieves a

fixed state after only two updates. Many CA, as well as many physical
systems on a macroscopic scale, behave this way.

2. Be careful about the boundary conditions when updating the rules,par-
ticularly for rule (b).

3. The second rule (b) goes through a sequence of states very different
from each other. Surprisingly, it will recover the initial configuration af-
ter eight updates. O
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Figure 1.5.1 Two examples of one dimensional (1-d) cellular automata. The top row in each
case gives the initial conditions. The value of a cell at a particular time is given by a rule that
depends on the values of the cells in its neighborhood at the previous time. For these rules
the neighborhood consists of three cells: the cell itself and the two cells on either side. The
first time step is shown below the initial conditions for (a) the majority rule, where each cell
is equal to the value of the majority of the cells in its neighborhood at the previous time and
(b) the mod2 rule which sums the value of the cells in the neighborhood modulo two to ob-
tain the value of the cell in the next time. The rules are written in Question 1.5.1. The rest
of the time steps are to be filled in as part of this question. 0
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uestion 1.5.2 The evolution of the mod2 rule is periodic in time. After
eight updates, the initial state of the system is recovered in Fig. 1.5.1(b).
Because the state of the system at a particular time determines uniquely the
state at every succeeding time, this is an 8-cycle that will repeat itself. There
are sixteen cells in the space shown in Fig. 1.5.1(b). Is the number of cells con-
nected with the length of the cycle? Tryaspace that haseight cells (Fig. 1.5.2(a)).

Solution 1.5.2 For a space with eight cells, the maximum length of a cycle
is four. We could also use an initial condition that has a space periodicity of
four in a space with eight cells (Fig. 1.5.2(b)). Then the cycle length would
only be two. From these examples we see that the mod2 rule returns to the
initial value after a time that depends upon the size of the space. More
precisely, it depends on the periodicity of the initial conditions. The time
periodicity (cycle length) for these examples is simply related to the space
periodicity. O

uestion 1.5.3 Look at the mod2 rule in a space with six cells
(Fig. 1.5.2(c)) and in a space with five cells (Fig. 1.5.2(d)) . What can you
conclude from these trials?

Solution 1.5.3 The mod2 rule can behave quite differently depending on
the periodicity of the space it is in. The examples in Question 1.5.1 and 1.5.2
considered only spaces with a periodicity given by 2for somek. The new ex-
amples in this question show that the evolution of the rule may lead to a
fixed point much like the majority rule. More than one initial condition
leads to the same fixed point. Both the example shown and the fixed point
itself does. Systematic analyses of the cycles and fixed points (cycles of pe-
riod one) for this and other rules of this type,and various boundary condi-
tions have been performed. O

The choice of initial conditions is an important aspect of the operation of many
CA. Computer investigations of CA often begin by assuming a “seed” consisting of a
single cell with the value +1 (a single oN cell) and all the rest - 1 (oFF). Alternatively,
the initial conditions may be chosen to be random: s(i, j, k;0) = 1 with equal proba-
bility. The behavior of the system with a particular initial condition may be assumed
to be generic, or some quantity may be averaged over different choices of initial
conditions.

Like the iterative maps we considered in Section 1.1,the CA dynamics may be de-
scribed in terms of cycles and attractors. As long as we consider only binary variables
and a finite space, the dynamics must repeat itself after no more than a number of
steps equal to the number of possible states of the system. This number grows expo-
nentially with the size of the space. There are 2" states of the system when there are a
total of N cells. For 100 cells the length of the longest possible cycle would be of order
10%. To consider such a long time for a small space may seem an unusual model of
space-time. For most analogies of CA with physical systems,this model of space-time
is not the most appropriate. We might restrict the notion of cycles to apply only when
their length does not grow exponentially with the size of the system.
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Figure 1.5.2 Four additional examples for the mod2 rule that have different initial condi-
tions with specific periodicity: (a) is periodic in 8 cells, (b) is periodic in 4 cells, though it
is shown embedded in a space of periodicity 8, (c) is periodic in 6 cells, (d) is periodic in 5
cells. By filling in the spaces it is possible to learn about the effect of different periodicities
on the iterative properties of the mod2 rule. In particular, the length of the repeat time (cy-
cle length) depends on the spatial periodicity. The cycle length may also depend on the spe-
cific initial conditions. O

Rules can be distinguished from each other and classified according to a variety
of features they may possess. For example, some rules are reversible and others are
not. Any reversible rule takes each state onto a unique successor. Otherwise it would
be impossible to construct a single valued inverse mapping. Even when a rule is
reversible,it is not guaranteed that the inverse rule is itself a CA,since it may not de-
pend only on the local values of the variables. An example is given in question 1.5.5.
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Question 1.5.4 Which if any of the two rules in Fig 1.5.1 is reversible?

Solution 1.5.4 The majority rule is not reversible, because locally we can-
not identify in the next time step the difference between sequences that con-
tain (11111) and (11011), since both result in a middle three of (111).

A discussion of the mod2 rule is more involved,since we must take into
consideration the size of the space. In the examples of Questions 1.5.1-1.5.3
we see that in the space of six cells the rule is not reversible. In this case sev-
eral initial conditions lead to the same result. The other examples all appear
to be reversible, since each initial condition is part of a cycle that can be run
backward to invert the rule. It turns out to be possible to construct explicitly
the inverse of the mod2 rule. This is done in Question 1.5.5. O

Extra Credit Question 1.5.5 Find the inverse of the mod2 rule,when this
is possible. This question involves some careful algebraic manipulation
and may be skipped.

Solution 1.5.5 To find the inverse of the mod2 rule,it is useful to recall that
equality modulo 2 satisfies simple addition properties including:

=5 P s +5=5,+5 mod, (1.5.6)
as well as the special property:
25=0 mod, (1.5.7)

Together these imply that variables may be moved from one side of the
equality to the other:

S +5=5,P 5§, =5, +5 mod, (15.8)

Our task is to find the value of all s(i;t) from the values of s(j;t + 1) that
are assumed known. Using Eq. (1.5.8), the mod2 update rule (Eq. (1.5.5))

s(ist+1) = (s(i - 1:t) +s(i:t) +s(i + 1)) mod, (1.5.9)

can be rewritten to give us the value of a cell in a layer in terms of the next
layer and its own neighbors:

s(i- ;) =s(i;t+1) +s(ist) +s(i+1;t) mod, (1.5.10)

Substitute the same equation for the second term on the right (using one
higher index) to obtain

s(i- Lit) =siit + 1) + [s(i + Lt + 1) + (i + L:t) + s(i +2;)] + (i + Lit)

mod, (1.5.11)
the last term cancels against the middle term of the parenthesis and we have:
s(i- L) =s(ist+1) +s(i + Lt +1) +s(i +2;t) mod, (1.5.12)

It is convenient to rewrite this with one higher index:

s(it) =s(i+1;t+1) +s(i+2;t+1) +s(i +3;t) mod, (1.5.13)
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Interestingly, this is actually the solution we have been looking for,
though some discussion is necessary to show this. On the right side of the
equation appear three cell values. Two of them are from the time t + 1, and
one from the time t that we are trying to reconstruct. Since the two cell val-
ues from t + 1 are assumed known, we must know only s(i + 3; t) in order to
obtain s(i;t). We can iterate this expression and see that instead we need to
know s(i + 6;t) as follows:

s(iit) =s(i+ Lt +1) +s(i +2;t + 1)

] ] ] mod, (1.5.14)
+s(i +4;t+1) +s(i +5;t +1) + (i +6;t)

There are two possible cases that we must deal with at this point. The
first is that the number of cells is divisible by three,and the second is that it
is not. If the number of cells N is divisible by three, then after iterating Eq.
(1.5.13) a total of N/3 times we will have an expression that looks like

s(iit) =s(i+ Lt +1) +s(i +2;t +1)

+s(i +4;t+ 1) +s(i +5;t +1) + (i +6;t)
mod, (1.5.15)
+...

+s(i+N-2t+1)+s(i +N- Lit+1) +s(i; t)

where we have used the property of the periodic boundary conditions to set
s(i + nm;t) = s(i;t). We can cancel this value from both sides of the equation.
What is left is an equation that states that the sum over particular values of
the cell variables at time t + 1 must be zero.

O=s(i+1t+1)+s(i+2;t+1)
+s(i+4;t+1)+s(i+5;t+1) +s(i +6;t)
+...
+s(i+N-2;t+1)+s(i+N- 1;t+1)

This means that any set of cell values that is the result of the mod2 rule up-
date must satisfy this condition. Consequently, not all possible sets of cell
values can be a result of mod2 updates. Thus the rule is not one-to-one and
is not invertible when N is divisible by 3.

When N is not divisible by three, this problem does not arise, because
we must go around the cell ring three times before we get back to s(i;t). In
this case,the analogous equation to Eq.(1.5.16) would have every cell value
appearing exactly twice on the right of the equation. This is because each cell
appears in two out of the three travels around the ring. Since the cell values
all appear twice,they cancel,and the equation is the tautology 0=0. Thus in
this case there is no restriction on the result of the mod2 rule.

We almost have a full procedure for reconstructing s(i; t). Choose the
value of one particular cell variable, say s(1;t) = 0. From Eq.(1.5.13), obtain
in sequence each of the cell variables s(N - 2;t), s(N - 5;t), ... By going

mod, (1.5.16)
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around the ring three times we can find uniquely all of the values. We now
have to decide whether our original choice was correct. This can be done by
directly applying the mod2 rule to find the value of say, s(1; t + 1). If we ob-
tain the right value, then we have the right choice; if the wrong value, then
all we have to do is switch all of the cell values to their opposites. How do we
know this is correct?

There was only one other possible choice for the value of s(1; t) = 1. If
we were to choose this case we would find that each cell value was the oppo-
site, or one’s complement, 1 - s(i; t) of the value we found. This can be seen
from Eq. (1.5.13). Moreover, the mod2 rule preserves complementation.
Which means that if we complement all of the values of s(i; t) we will find
the complements of the values of s(1; t + 1). The proof is direct:

1-s(ist+1)=1- (s(i- L;t) +s(i;t) +s(i +1;t))
=(1-s(i- L)) +(@-s@))+(L-s(i+Lp))- 2 mod, (1.5.17)
=(1-s(i- L)) +(@-s@i;)+(@-s@i+1p))
Thus we can find the unique predecessor for the cell values s(i;t + 1). With
some care it is possible to write down a fully algebraic expression for the

value of s(i;t) by implementing this procedure algebraically. The result for
N=3k+1is:

(N-1)/3
s(ist)=s(;t +1) + é (6(i+3j- 2t +1)+s(i+3j;t +1)) mod, (1.5.18)

=

A similar result for N = 3k + 2 can also be found.
Note that the inverse of the mod2 rule is not a CA because it is not a lo-
cal rule. O

One of the interesting ways to classify CA—introduced by Wolfram—separates
them into four classes depending on the nature of their limiting behavior. This
scheme is particularly interesting for us,since it begins to identify the concept of com-
plex behavior, which we will address more fully in a later chapter. The notion of com-
plex behavior in a spatially distributed system is at least in part distinct from the con-
cept of chaotic behavior that we have discussed previously. Specifically, the
classification scheme is:

Class-one CA: evolve to a fixed homogeneous state

Class-two CA: evolve to fixed inhomogeneous states or cycles

Class-three CA: evolve to chaotic or aperiodic behavior

Class-four CA: evolve to complex localized structures
One example of each class is given in Fig. 1.5.3. It is assumed that the length of the cy-
cles in class-two automata does not grow as the size of the space increases. This clas-

sification scheme has not yet found a firm foundation in analytical work and is sup-
ported largely by observation of simulations of various CA.
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Figure 1.5.3 lllustration of four CA update rules with random initial conditions that are in a
periodic space with a period of 100 cells. The initial conditions are shown at the top and time
proceeds downward. Each is updated for 100 steps. on cells are indicated as filled squares. oFr
cells are not shown. Each of the rules gives the value of a cell in terms of a neighborhood of
five cells at the previous time. The neighborhood consists of the cell itself and the two cells
to the left and to the right. The rules are known as “totalistic” rules since they depend only
on the sum of the variables in the neighborhood. Using the notation s; = 0,1, the rules may
be represented using =;(t) =s;. o(t- 1) + 5. 4(t- 1) +5(t- 1) +5;,4(t- 1) +5,,(t- 1)
by specifying the values of X;(t) for which s;(t) is on. These are (a) only Z(t) = 2, (b) only
Zi(t) =3, (c) Zi(t) =1 and 2, and (d) Z;(t) =2 and 4. See paper 1.3 in Wolfram’s collection
of articles on CA. O
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It has been suggested that class-four automata have properties that enable them
to be used as computers.Or, more precisely, to simulate a computer by setting the ini-
tial conditions to a set of data representing both the program and the input to the
program. The result of the computation is to be obtained by looking some time later
at the state of the system. A criteria that is clearly necessary for an automaton to be
able to act as a computer is that the result of the dynamics is sensitive to the initial
conditions. We will discuss the topic of computation further in Section 1.8.

The flip side of the use of a CA as a model of computation is to design a com-
puter that will simulate CA with high efficiency. Such machines have been built, and
are called cellular automaton machines (CAMS).

1.5.2 2-d cellular automata

Two- and three-dimensional CA provide more opportunities for contact with physi-
cal systems. We illustrate by describing an example of a 2-d CA that might serve as a
simple model of droplet growth during condensation. The rule,illustrated in part pic-
torially in Fig. 1.5.4, may be described by saying that a particular cell with four or

A H HEH =&
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Figure 1.5.4 lllustration of a 2-d CA that may be thought of as a simple model of droplet
condensation. The rule sets a cell to be on (condensed) if four or more of its neighbors are
condensed in the previous time, and orr (uncondensed) otherwise. There are a total of 2%=512
possible initial configurations; of these only 10 are shown. The ones on the left have 4 or
more cells condensed and the ones on the right have less than 4 condensed. This rule is ex-
plained further by Fig. 1.5.5 and simulated in Fig. 1.5.6. O
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more “condensed” neighbors at time t is condensed at time t + 1. Neighbors are
counted from the 3~ 3 square region surrounding the cell, including the cell itself.

Fig. 1.5.5 shows a simulation of this rule starting from a random initial starting
point of approximately 25% condensed (oN) and 75% uncondensed (oFF) cells. Over
the first few updates, the random arrangement of dots resolves into droplets, where
isolated condensed cells disappear and regions of higher density become the droplets.
Then over a longer time, the droplets grow and reach a stable configuration.

The characteristics of this rule may be understood by considering the properties
of boundaries between condensed and uncondensed regions,as shown in Fig. 1.5.6.
Boundaries that are vertical,horizontal or at a 45° diagonal are stable. Other bound-
aries will move,increasing the size of the condensed region. Moreover, a concave cor-
ner of stable edges is not stable. It will grow to increase the condensed region.On the
other hand,a convex corner is stable. This means that convex droplets are stable when
they are formed of the stable edges.

It can be shown that for this size space,the 25% initial filling is a transition den-
sity, where sometimes the result will fill the space and sometimes it will not. For
higher densities, the system almost always reaches an end point where the whole
space is condensed. For lower densities, the system almost always reaches a stable set
of droplets.

This example illustrates an important point about the dynamics of many sys-
tems, which is the existence of phase transitions in the kinetics of the system. Such
phase transitions are similar in some ways to the thermodynamic phase transitions
that describe the equilibrium state of a system changing from, for example,a solid to
a liquid. The kinetic phase transitions may arise from the choice of initial conditions,
as they did in this example. Alternatively, the phase transition may occur when we
consider the behavior of a class of CA as a function of a parameter. The parameter
gradually changes the local kinetics of the system; however, measures of its behavior
may change abruptly at a particular value. Such transitions are also common in CA
when the outcome of a particular update is not deterministic but stochastic, as dis-
cussed in Section 1.5.4.

1.5.3 Conway’s Game of Life

One of the most popular CA is known as Conway’s Game of Life. Conceptually, it is
designed to capture in a simple way the reproduction and death of biological organ-
isms. It is based on a model where,locally, if there are too few organisms or too many
organisms the organisms will disappear. On the other hand,if the number of organ-
isms is just right,they will multiply. Quite surprisingly, the model takes on a life of its
own with a rich dynamical behavior that is best understood by direct observation.

The specific rule is defined in terms of the 3~ 3 neighborhood that was used in
the last section. The rule,illustrated in Fig. 1.5.7,specifies that when there are less than
three or more than four on (populated) cells in the neighborhood,the central cell will
be orF (unpopulated) at the next time. If there are three on cells,the central cell will
be oN at the next time. If there are four on cells,then the central cell will keep its pre-
vious state—oN if it was oN and oFF if it was OFF.
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Figure 1.5.5 Simulation of the condensation CA described in Fig. 1.5.4. The initial conditions
are chosen by setting randomly each site on with a probability of 1 in 4. The initial few steps
result in isolated on sites disappearing and small ragged droplets of on sites forming in higher-
density regions. The droplets grow and smoothen their boundaries until at the sixtieth frame
a static arrangement of convex droplets is reached. The first few steps are shown on the first
page. Every tenth step is shown on the second page up to the sixtieth.
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Figure 1.5.5 Continued. The initial occupation probability of 1 in 4 is near a phase transi-
tion in the kinetics of this model for a space of this size. For slightly higher densities the fi-
nal configuration consists of a droplet covering the whole space. For slightly lower densities
the final configuration is of isolated droplets. At a probability of 1 in 4 either may occur de-
pending on the specific initial state. [
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Figure 1.5.6 The droplet condensation model of Fig. 1.5.4 may be understood by noting that
certain boundaries between condensed and uncondensed regions are stable. A completely sta-
ble shape is illustrated in the upper left. It is composed of boundaries that are horizontal,
vertical or diagonal at 45°. A boundary that is at a different angle, such as shown on the up-
per right, will move, causing the droplet to grow. On a longer length scale a stable shape
(droplet) is illustrated in the bottom figure. A simulation of this rule starting from a random
initial condition is shown in Fig. 1.5.5. O
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Figure 1.5.7 The CA rule Conway's Game of Life is illustrated for a few cases. When there are
fewer than three or more than four neighbors in the 3~ 3 region the central cell is ofr in the
next step. When there are three neighbors the central cell is on in the next step. When there
are four neighbors the central cell retains its current value in the next step. This rule was de-
signed to capture some ideas about biological organism reproduction and death where too
few organisms would lead to disappearance because of lack of reproduction and too many
would lead to overpopulation and death due to exhaustion of resources. The rule is simulated
in Fig. 1.5.8 and 1.5.9. O

Fig. 1.5.8 shows a simulation of the rule starting from the same initial conditions
used for the condensation rule in the last section. Three sequential frames are shown,
then after 100 steps an additional three frames are shown. Frames are also shown after
200 and 300 steps. After this amount of time the rule still has dynamic activity from frame
to frame in some regions of the system, while others are apparently static or undergo sim-
ple cyclic behavior. An example of cyclic behavior may be seen in several places where
there are horizontal bars of three oN cells that switch every time step between horizon-
tal and vertical. There are many more complex local structures that repeat cyclically with
much longer repeat cycles. Moreover, there are special structures called gliders that trans-
late in space as they cycle through a set of configurations. The simplest glider is shown
in Fig. 1.5.9,along with a structure called a glider gun, which creates them periodically.

We can make a connection between Conway’s Game of Life and the quadratic it-
erative map considered in Section 1.1. The rich behavior of the iterative map was found
because, for low values of the variable the iteration would increase its value, while for
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Figure 1.5.8 Simulation of Conway’s Game of Life starting from the same initial conditions
as used in Fig. 1.5.6 for the condensation rule where 1 in 4 cells are on. Unlike the conden-
sation rule there remains an active step-by-step evolution of the population of on cells for
many cycles. lllustrated are the three initial steps, and three successive steps each starting
at steps 100, 200 and 300.
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Figure 1.5.8 Continued. After the initial activity that occurs everywhere, the pattern of ac-
tivity consists of regions that are active and regions that are static or have short cyclical ac-
tivity. However, the active regions move over time around the whole space leading to changes
everywhere. Eventually, after a longer time than illustrated here, the whole space becomes ei-
ther static or has short cyclical activity. The time taken to relax to this state increases with
the size of the space. O
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Figure 1.5.9 Special initial conditions simulated using Conway's Game of Life result in struc-
tures of on cells called gliders that travel in space while progressing cyclically through a set
of configurations. Several of the simplest type of gliders are shown moving toward the lower
right. The more complex set of on cells on the left, bounded by a 2~ 2 square of on cells on
top and bottom, is a glider gun. The glider gun cycles through 30 configurations during which
a single glider is emitted. The stream of gliders moving to the lower right resulted from the
activity of the glider gun. O
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high values the iteration would decrease its value. Conway’s Game of Life and other CA
that exhibit interesting behavior also contain similar nonlinear feedback. Moreover, the
spatial arrangement and coupling of the cells gives rise to a variety of new behaviors.

1.5.4 Stochastic cellular automata

In addition to the deterministic automaton of Eq. (1.5.3), we can define a stochastic
automaton by the probabilities of transition from one state of the system to another:

P({s(i. ], k; DM{s(, j, k; t- 1)}) (15.19)
This general stochastic rule for the 2N states of the system may be simplified. We have
assumed for the deterministic rule that the rule for updating one cell may be per-
formed independently of others. The analog for the stochastic rule is that the update
probabilities for each of the cells is independent. If this is the case,then the total prob-
ability may be written as the product of probabilities of each cell value. Moreover, if
the rule is local,the probability for the update of a particular cell will depend only on
the values of the cell variables in the neighborhood of the cell we are considering.
PSG.J ki } B J.kit- D)= OPols(ii kiING kit- D) (g 50
ijk
where we have used the notation N(i, j, k; t) to indicate the values of the cell variables
in the neighborhood of (i, j, k). For example, we might consider modifying the
droplet condensation model so that a cell value is set to be oN with a certain proba-
bility (depending on the number of oN neighbors) and orFr otherwise.

Stochastic automata can be thought of as modeling the effects of noise and more
specifically the ensemble of a dynamic system that is subject to thermal noise. There
is another way to make the analogy between the dynamics of a CA and a thermody-
namic system that is exact—if we consider not the space of the automaton but the
d + 1 dimensional space-time. Consider the ensemble of all possible histories of the
CA. If we have a three-dimensional space,then the histories are a set of variables with
four indices {s(i, j, k, t)}. The probability of a particular set of these variables occur-
ring (the probability of this history) is given by

PAsGik D=0 OPo6a.i kDING,j kit - DPEEIKOD (15.21)
t ik
This expression is the product of the probabilities of each update occurring in the his-
tory. The first factor on the right is the probability of a particular initial state in the
ensemble we are considering. If we consider only one starting configuration,its prob-
ability would be one and the others zero.

We can relate the probability in Eq.(1.5.21) to thermodynamics using Boltzmann
probability. We simply set it to the expression for the Boltzmann probability at a par-
ticular temperature T.

P({s(i,J, kityy) =e FEILODAT (15.22)
There is no need to include the normalization constant Z because the probabilities are

automatically normalized. What we have done is to define the energy of the particu-
lar state as:

E({s(.), k, D) =KTIn (P({s(i, ], k,H}) (1.5.23)
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This expression shows that any d dimensional automaton can be related to ad + 1 di-
mensional system described by equilibrium Boltzmann probabilities. The ensemble
of the d + 1 dimensional system is the set of time histories of the automaton.

There is an important cautionary note about the conclusion reached in the last
paragraph. While it is true that time histories are directly related to the ensemble of a
thermodynamic system,there is a hidden danger in this analogy. These are not typi-
cal thermodynamic systems, and therefore our intuition about how they should be-
have is not trustworthy. For example, the time direction may be very different from
any of the space directions. For the d + 1 dimensional thermodynamic system, this
means that one of the directions must be singled out. This kind of asymmetry does
occur in thermodynamic systems, but it is not standard. Another example of the dif-
ference between thermodynamic systems and CA is in their sensitivity to boundary
conditions. We have seen that many CA are quite sensitive to their initial conditions.
While we have shown this for deterministic automata,it continues to be true for many
stochastic automata as well. The analog of the initial conditionsinad + 1 dimensional
thermodynamic system is the surface or boundary conditions. Thermodynamic sys-
tems are typically insensitive to their boundary conditions. However, the relationship
in Eq.(1.5.23) suggests that at least some thermodynamic systems are quite sensitive
to their boundary conditions. An interesting use of this analogy is to attempt to dis-
cover special thermodynamic systems whose behavior mimics the interesting behav-
ior of CA.

1.5.5 CA generalizations

There are a variety of generalizations of the simplest version of CA which are useful
in developing models of particular systems. In this section we briefly describe a few of
them as illustrated in Fig. 1.5.10.

It is often convenient to consider more than one variable at a particular site.
One way to think about this is as multiple spaces (planes in 2-d,lines in 1-d) that are
coupled to each other. We could think about each space as a different physical quan-
tity. For example, one might represent a magnetic field and the other an electric
field. Another possibility is that we might use one space as a thermal reservoir. The
system we are actually interested in might be simulated in one space and the thermal
reservoir in another. By considering various combinations of multiple spaces repre-
senting a physical system, the nature of the physical system can become quite rich in
its structure.

We can also consider the update rule to be acompound rule formed of a sequence
of steps.Each of the steps updates the cells. The whole rule consists of cycling through
the set of individual step rules. For example,our update rule might consist of two dif-
ferent steps. The first one is performed on every odd step and the second is performed
on every even step. We could reduce this to the previous single update step case by
looking at the composite of the first and second steps. This is the same as looking at
only every even state of the system. We could also reduce this to a multiple space rule,
where both the odd and even states are combined together to be a single step.



Cellular automata 133

However, it may be more convenient at times to think about the system as perform-
ing a cycle of update steps.

Finally, we can allow the state of the system at a particular time to depend on the
state of the system at several previous times,not just on the state of the system at the
previous time.A rule might depend on the most recent state of the system and the pre-
vious one as well. Such a rule is also equivalent to a rule with multiple spaces, by con-
sidering both the present state of the system and its predecessor as two spaces. One
use of considering rules that depend on more than one time is to enable systematic
construction of reversible deterministic rules from nonreversible rules. Let the origi-
nal (not necessarily invertible) rule be R(N(i, j, k; t)). A new invertible rule can be
written using the form

s(i, j, k; t) = mod,(R(NGi, j, kit - 1)) +s(i, j, ki t - 2)) (1.5.24)

The inverse of the update rule is immediately constructed using the properties of ad-
dition modulo 2 (Eq. (1.5.8)) as:

s(ii ji, k; t- 2) =mody(R(NGi, j, k; t - 1)) +5i, j, k; 1)) (1.5.25)

1.5.6 Conserved quantities and Margolus dynamics

Standard CA are not well suited to the description of systems with constraints or con-
servation laws. For example, if we want to conserve the number of on cells we must
establish a rule where turning orr one cell (switching it from oN to oFF) is tied to
turning oN another cell. The standard rule considers each cell separately when an up-
date is performed. This makes it difficult to guarantee that when this particular cell is
turned oFr then another one will be turned oN. There are many examples of physical
systems where the conservation of quantities such as number of particles, energy and
momentum are central to their behavior.

A systematic way to construct CA that describe systems with conserved quanti-
ties has been developed. Rules of this kind are known as partitioned CA or Margolus
rules (Fig. 1.5.11). These rules separate the space into nonoverlapping partitions (also
known as neighborhoods). The new value of each cell in a partition is given in terms
of the previous values of the cells in the same partition. This is different from the con-
ventional automaton, since the local rule has more than one output as well as more
than one input. Such a rule is not sufficient in itself to describe the system update,
since there is no communication in a single update between different partitions. The
complete rule must specify how the partitions are shifted after each update with re-
spect to the underlying space. This shifting is an essential part of the dynamical rule
that restores the cellular symmetry of the space.

The convenience of this kind of CA is that specification of the rule gives us direct
control of the dynamics within each partition, and therefore we can impose conser-
vation rules within the partition. Once the conservation rule is imposed inside the
partition, it will be maintained globally—throughout the whole space and through
every time step. Fig. 1.5.12 illustrates a rule that conserves the number of on cells in-
sidea2” 2 neighborhood. The oN cells may be thought of as particles whose num-
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Figure 1.5.10 Schematic illustrations of several modifications of the simplest CA rule. The
basic CA rule updates a set of spatially arrayed cell variables shown in (2). The first modifi-
cation uses more than one variable in each cell. Conceptually this may be thought of as de-
scribing a set of coupled spaces, where the case of two spaces is shown in (b). The second
modification makes use of a compound rule that combines several different rules, where the
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case of two rules is shown in (c). The third modification shown in (d) makes use of a rule that
depends on not just the most recent value of the cell variables but also the previous one. Both
(c) and (d) may be described as special cases of (b) where two successive values of the cell
variables are considered instead as occurring at the same time in different spaces. [
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Figure 1.5.11 Partitioned CA (Margolus rules) enable the imposition of conservation laws in
a direct way. A conventional CA gives the value of an individual cell in terms of the previous
values of cells in its neighborhood (top). A partitioned CA gives the value of several cells in a
particular partition in terms of the previous values of the same cells (center). This enables con-
servation rules to be imposed directly within a particular partition. An example is given in Fig.
1.5.12. In addition to the rule for updating the partition, the dynamics must specify how the
partitions are to be shifted from step to step. For example (bottom), the use of a 2~ 2 parti-
tion may be implemented by alternating the partitions from the solid lines to the dashed lines.
Every even update the dashed lines are used and every odd update the solid lines are used to
partition the space. This restores the cellular periodicity of the space and enables the cells to
communicate with each other, which is not possible without the shifting of partitions. O
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ber is conserved. The only requirement is that each of the possible arrangement of
particles on the left results in an arrangement on the right with the same number of
particles. This rule is augmented by specifying that the 2~ 2 partitions are shifted by
a single cell to the right and down after every update. The motion of these particles is
that of an unusual gas of particles.

The rule shown is only one of many possible that use this 2~ 2 neighborhood
and conserve the number of particles. Some of these rules have additional properties
or symmetries.A rule that is constructed to conserve particles may or may not be re-
versible. The one illustrated in Fig. 1.5.12 is not reversible. There exist more than one
predecessor for particular values of the cell variables. This can be seen from the two
mappings on the lower left that have the same output but different input.A rule that
conserves particles also may or may not have a particular symmetry, such as a sym-
metry of reflection.A symmetry of reflection means that reflection of a configuration
across a particular axis before application of the rule results in the same effect as re-
flection after application of the rule.

The existence of a well-defined set of rules that conserves the number of parti-
cles enables us to choose to study one of them for a specific reason. Alternatively, by
randomly constructing a rule which conserves the number of particles, we can learn
what particle conservation does in a dynamical system independent of other regular-
ities of the system such as reversibility and reflection or rotation symmetries. More
systematically, it is possible to consider the class of automata that conserve particle
number and investigate their properties.

uestion 1.5.6 Design a 2-d Margolus CA that represents a particle or
chemical reaction: A+B « C. Discuss some of the parameters that must
be set and how you could use symmetries and conservation laws to set them.

Solution 1.5.6 We could use a2 “ 2 partition just like that in Fig. 1.5.12.
On each of the four squares there can appear any one of the four possibili-
ties (O, A, B, C). There are 4* = 256 different initial conditions of the parti-
tion.Each of these must be paired with one final condition,if the rule is de-
terministic. If the rule is probabilistic, then probabilities must be assigned
for each possible transition.

To represent a chemical reaction, we choose cases where A and B are ad-
jacent (horizontally or vertically) and replace them with a C and a 0. If we
prefer to be consistent, we can always place the C where A was before. To go
the other direction, we take cases where C is next to a 0 and replace them with
an A and a B. One question we might ask is, Do we want to have a reaction
whenever it is possible, or do we want to assign some probability for the re-
action? The latter case is more interesting and we would have to use a prob-
abilistic CA to represent it. In addition to the reaction, the rule would in-
clude particle motion similar to that in Fig. 1.5.12.

To apply symmetries, we could assume that reflection along horizontal
or vertical axes, or rotations of the partition by 90° before the update, will
have the same effect as a reflection or rotation of the partition after the
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Figure 1.5.12 lllustration of a particular 2-d Margolus rule that preserves the number of on
cells which may be thought of as particles in a gas. The requirement for conservation of num-
ber of particles is that every initial configuration is matched with a final configuration hav-
ing the same number of on cells. This particular rule does not observe conventional symme-
tries such as reflection or rotation symmetries that might be expected in a typical gas. Many
rules that conserve particles may be constructed in this framework by changing around the
final states while preserving the number of particles in each case. O

update. We could also assume that A, B and C move in the same way when
they are by themselves. Moreover, we might assume that the rule is symmet-
ric under the transformation A « B.

Thereisasimpler approach that requiresenumerating many fewer states.
We choose a2 “ 1 rectangular partition that has only two cells,and 4> =16
possible states. Of these, four do not change: [A,A], [B,B], [C,C] and [0,0].
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Eight others are paired because the cell values can be switched to achieve
particle motion (with a certain probability): [A,0] « [0,A], [B,0] « [0,B],
[C,A] « [ACland [C,B] « [B,C].Finally, the last four, [C,0],[0,C], [AB]
and [B, A],can participate in reactions. If the rule is deterministic,they must
be paired in a unique way for possible transitions. Otherwise,each possibil-
ity can be assigned a probability: [C,0] « [A,B],[0,C]« [B,A],[C,0]« [B,A]
and [0,C] « [A,B]. The switching of the particles without undergoing reac-
tion for these states may also be allowed with a certain probability. Thus,each
of the four states can have a nonzero transition probability to each of the oth-
ers. These probabilities may be related by the symmetries mentioned before.
Once we have determined the update rule for the 2x1 partition, we can choose
several ways to map the partitions onto the plane. The simplest are obtained
by dividing each of the 2 * 2 partitions in Fig. 1.5.11 horizontally or verti-
cally. This gives a total of four ways to partition the plane. These four can al-
ternate when we simulate this CA. [

1.5.7 Differential equations and CA

Cellular automata are an alternative to differential equations for the modeling of
physical systems. Differential equations when modeled numerically on a computer
are often discretized in order to perform integrals. This discretization is an ap proxi-
mation that might be considered essentially equivalent to setting up a locally discrete
dynamical system that in the macroscopic limit reduces to the differential equation.
Why not then start from a discrete system and prove its relevance to the problem of
interest? This a priori approach can provide distinct computational advantages. This
argument might lead us to consider CA as an approximation to differential equa-
tions. However, it is possible to adopt an even more direct approach and say that dif-
ferential equations are themselves an approximation to aspects of physical reality. CA
are a different but equally valid approach to approximating this reality. In general,
differential equations are more convenient for analytic solution while CA are more
convenient for simulations. Since complex systems of differential equations are often
solved numerically anyway, the alternative use of CA appears to be worth systematic
consideration.

While both cellular automata and differential equations can be used to model
macroscopic systems,this should not be taken to mean that the relationship between
differential equations and CA is simple. Recognizing a CA analog to a standard dif-
ferential equation may be a difficult problem.One of the most extensive efforts to use
CA for simulation of a system more commonly known by its differential equation is
the problem of hydrodynamics. Hydrodynamics is typically modeled by the Navier-
Stokes equation. A type of CA called a lattice gas (Section 1.5.8) has been designed
that on a length scale that is large compared to the cellular scale reproduces the be-
havior of the Navier-Stokes equation. The difficulties of solving the differential equa-
tion for specific boundary conditions make this CA a powerful tool for studying hy-
drodynamic flow.
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A frequently occurring differential equation is the wave equation. The wave equa-
tion describes an elastic medium that is approximated as a continuum. The wave
equation emerges as the continuum limit of a large variety of systems. It is to be ex-
pected that many CA will also display wavelike properties. Here we use a simple ex-
ample to illustrate one way that wavelike properties may arise. We also show how the
analogy may be quite different than intuition might suggest. The wave equation writ-
tenin 1-d as

9%t ,0°f
o @29

has two types of solutions that are waves traveling to the right and to the left with wave
vectors k and frequencies of oscillation w, = ck:

! i(kx-ot) i fx+axt )0
f=a e ™V 4B 07 (15.27)
K
A particular solution is obtained by choosing the coefficients A, and B,. These solu-
tions may also be written in real space in the form:

f=A(X- ct) +B(x +ct) (15.28)

where

AKX) = Ae™

- koo 1.5.29

B(x) =8 Bie" (+529)
k

are two arbitrary functions that specify the initial conditions of the wave in an infi-
nite space.

We can construct a CA analog of the wave equation as illustrated in Fig. 1.5.13. It
should be understood that the wave equation will arise only as a continuum or long
wave limit of the CA dynamics. However, we are not restricted to considering a model
that mimics a vibrating elastic medium. The rule we construct consists of a 1-d par-
titioned space dynamics.Each update, adjacent cells are paired into partitions of two
cells each. The pairing switches from update to update,analogous to the 2-d example
in Fig. 1.5.11. The dynamics consists solely of switching the contents of the two adja-
cent cells in a single partition. Starting from a particular initial configuration, it can
be seen that the contents of the odd cells moves systematically in one direction (right
in the figure),while the contents of the even cells moves in the opposite direction (left
in the figure). The movement proceeds at a constant velocity of ¢ = 1 cell/update. Thus
we identify the contents of the odd cells as the rightward traveling wave,and the even
cells as the leftward traveling wave.

The dynamics of this CA is the same as the dynamics of the wave equation of
Eq.(1.5.28) in an infinite space. The only requirement is to encode appropriately the
initial conditions A(x), B(x) in the cells. If we use variables with values in the conven-
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Figure 1.5.13 A simple 1-d CA using a Margolus rule, which switches the values of the two
adjacent cells in the partition, can be used to model the wave equation. The partitions al-
ternate between the two possible ways of partitioning the cells every time step. It can be
seen that the initial state is propagated in time so that the odd (even) cells move at a fixed
rate of one cell per update to the right (left). The solutions of the wave equation likewise
consist of a right and left traveling wave. The initial conditions of the wave equation solu-
tion are the analog of the initial condition of the cells in the CA. O

tional real continuums; T A, then the (discretized) waves may be encoded directly. If
a binary representation s; = +1 is used, the local average over odd cells represents the
right traveling wave A(x - ct),and the local average over even cells represents the left
traveling wave B(x + ct).

1.5.8 Lattice gases

A lattice gas is a type of CA designed to model gases or liquids of colliding particles.
Lattice gases are formulated in a way that enables the collisions to conserve
momentum as well as number of particles. Momentum is represented by setting the
velocity of each particle to a discrete set of possibilities.A simple example, the HPP
gas,is illustrated in Fig. 1.5.14.Each cell contains four binary variables that represent
the presence (or absence) of particles with unit velocity in the four compass directions
NESW. In the figure,the presence of a particle in a cell is indicated by an arrow. There
can be up to four particles at each site.Each particle present in a single cell must have
a distinct velocity.
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The dynamics of the HPP gas is performed in two steps that alternate: propaga-
tion and collision. In the propagation step, particles move from the cell they are in to
the neighboring cell in the direction of their motion. In the collision step, each cell
acts independently, changing the particles from incoming to outgoing according to
prespecified collision rules. The rule for the HPP gas is illustrated in Fig. 1.5.15.
Because of momentum conservation in this rule, there are only two possibilities for
changes in the particle velocity as a result of a collision.A similar lattice gas,the FHP
gas, which is implemented on a hexagonal lattice of cells rather than a square lattice,
has been proven to give rise to the Navier-Stokes hydrodynamic equations on a
macroscopic scale. Due to properties of the square lattice in two dimensions, this be-
havior does not occur for the HPP gas. One way to understand the limitation of the
square lattice is to realize that for the HPP gas (Fig. 1.5.14),momentum is conserved
in any individual horizontal or vertical stripe of cells. This type of conservation law is
not satisfied by hydrodynamics.

1.5.9 Material growth

One of the natural physical systems to model using CA is the problem of layer-by-
layer material growth such as is achieved in molecular beam epitaxy. There are many
areas of study of the growth of materials. For example,in cases where the material is
formed of only a single type of atom,it is the surface structure during growth that is
of interest. Here, we focus on an example of an alloy formed of several different atoms,
where the growth of the atoms is precisely layer by layer. In this case the surface struc-
ture is simple, but the relative abundance and location of different atoms in the ma-
terial is of interest. The simplest case is when the atoms are found on a lattice that is
prespecified, it is only the type of atom that may vary.

The analogy with a CA is established by considering each layer of atoms, when it
is deposited, as represented by a 2-d CA at a particular time. As shown in Fig. 1.5.16
the cell values of the automaton represent the type of atom at a particular site. The
values of the cells at a particular time are preserved as the atoms of the layer deposited
at that time. It is the time history of the CA that is to be interpreted as representing
the structure of the alloy. This picture assumes that once an atom is incorporated in
a complete layer it does not move.

In order to construct the CA, we assume that the probability of a particular atom
being deposited at a particular location depends on the atoms residing in the layer
immediately preceding it. The stochastic CA rule in the form of Eq.(1.5.20) specifies
the probability of attaching each kind of atom to every possible atomic environment
in the previous layer.

We can illustrate how this might work by describing a specific example. There ex-
ist alloys formed out of a mixture of gallium,arsenic and silicon.A material formed
of equal proportions of gallium and arsenic forms a GaAs crystal, which is exactly like
asilicon crystal, except the Ga and As atoms alternate in positions. When we put sili-
con together with GaAs then the silicon can substitute for either the Ga or the As
atoms. If there is more Si than GaAs, then the crystal is essentially a Si crystal with
small regions of GaAs,and isolated Ga and As. If there is more GaAs than Si,then the
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Figure 1.5.15 The
collision rule for
the HPP lattice gas.
With the exception
of the case of two
particles coming in
from N and S and
leaving from E and
W, or vice versa
(dashed box), there
are no changes in
the particle veloci-
ties as a result of
collisions in this
rule. Momentum
conservation does
not allow any other
changes. O
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Figure 1.5.16 lllustration of the time history of a CA and its use to model the structure of
a material (alloy) formed by a layer by layer growth. Each horizontal dashed line represents
a layer of the material. The alloy has three types of atoms. The configuration of atoms in each
layer depends only on the atoms in the layer preceding it. The type of atom, indicated in the
figure by filled, empty and shaded dots, are determined by the values of the cell variables of
the CA at a particular time, s;(t) = £1,0. The time history of the CA is the structure of the

material. [
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crystal will be essentially a GaAs crystal with isolated Si atoms. We can model the
growth of the alloys formed by different relative proportions of GaAs and Si of the
form (GaAs),_,Si, using a CA. Each cell of the CA has a variable with three possible
values s; = 1,0 that would represent the occupation of a crystal site by Ga, As and Si
respectively. The CA rule (Eq. (1.5.20)) would then be constructed by assuming dif-
ferent probabilities for adding a Si, Ga and As atom at the surface. For example, the
likelihood of finding a Ga next to a Ga atom or an As next to an As is small, so the
probability of adding a Ga on top of a Ga can be set to be much smaller than other
probabilities. The probability of an Si atom s; = 0 could be varied to reflect different
concentrations of Si in the growth. Then we would be able to observe how the struc-
ture of the material changes as the Si concentration changes.

This is one of many examples of physical, chemical and biological systems that
have been modeled using CA to capture some of their dynamical properties. We will
encounter others in later chapters.

Statistical Fields

In real systems as well as in kinetic models such as cellular automata (CA) discussed
in the previous section, we are often interested in finding the state of a system—the
time averaged (equilibrium) ensemble when cycles or randomness are present—that
arises after the fast initial kinetic processes have occurred. Our objective in this sec-
tion is to treat systems with many degrees of freedom using the tools of equilibrium
statistical mechanics (Section 1.3). These tools describe the equilibrium ensemble di-
rectly rather than the time evolution. The simplest example is a collection of inter-
acting binary variables, which is in many ways analogous to the simplest of the CA
models. This model is known as the Ising model,and was introduced originally to de-
scribe the properties of magnets.Each of the individual variables corresponds to a mi-
croscopic magnetic region that arises due to the orbital motion of an electron or the
internal degree of freedom known as the spin of the electron.

The Ising model is the simplest model of interacting degrees of freedom. Each
of the variables is binary and the interactions between them are only specified by one
parameter—the strength of the interaction. Remarkably, many complex systems we
will be considering can be modeled by the Ising model as a first approximation. We
will use several versions of the Ising model to discuss neural networks in Chapter 2 and
proteins in Chapter 4. The reason for the usefulness of this model is the very existence
of interactions between the elements. This interaction is not present in simpler mod-
elsand results in various behaviors that can be used to understand some of the key as-
pects of complex systems. The concepts and tools thatare used to study the Ising model
also may be transferred to more complicated models. It should be understood, how-
ever, that the Ising model is a simplistic model of magnets as well as of other systems.

In Section 1.3 we considered the ideal gas with collisions. The collisions were a
form of interaction. However, these interactions were incidental to the model because
they were assumed to be so short that they were not present during observation. This
is no longer true in the Ising model.
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1.6.1 The Ising model without interactions

The Ising model describes the energy of a collection of elements (spins) represented
by binary variables. It is so simple that there is no kinetics, only an energy E[{s;}].Later
we will discuss how to reintroduce a dynamics for this model. The absence of a dy-
namics is not a problem for the study of the equilibrium properties of the system,
since the Boltzmann probability (Eq.(1.3.29)) depends only upon the energy. The en-
ergy is specified as a function of the values of the binary variables {s; = £1}. Unless
necessary, we will use one index for all of the spin variables regardless of dimension-
ality. The use of the term “spin” originates from the magnetic analogy. There is no
other specific term,so we adopt this terminology. The term “spin” emphasizes that the
binary variable represents the state of a physical entity such that the collection of spins
is the system we are interested in.A spin can be illustrated as an arrow of fixed length
(see Fig. 1.6.1). The value of the binary variable describes its orientation, where +1 in-
dicates a spin oriented in the positive z direction (up),and —1 indicates a spin oriented
in the negative z direction (DOWN).

Before we consider the effects of interactions between the spins, we start by con-
sidering a system where there are no interactions. We can write the energy of such a
system as:

E[6N]1=8 & 6) (L6.2)

Where g;(s;) is the energy of the ith spin that does not depend on the values of any of
the other spins. Since s; are binary we can write this as:

E6i1= %é G- s D) +EMre- D)=E-A hsi ® -Ahsi  (162)
I I 1
All of the terms that do not depend on the spin variables have been collected together
into a constant. We set this constant to zero by redefining the energy scale. The quanti-
ties {h;} describe the energy due to the orientation of the spins. In the magnetic system
they correspond to an external magnetic field that varies from location to location.Like
small magnets, spins try to orient along the magnetic field. A spin oriented along the
magnetic field (s; and h; have the same sign) has a lower energy than if it is antiparallel
to the magnetic field. As in Eq.(1.6.2), the contribution of the magnetic field to the en-
ergy is - |h;|(Jh;)when the spin is parallel (antiparallel) to the field direction. When con-
venient we will simplify to the case of a uniform magnetic field, h; =h.

When the spins are noninteracting, the Ising model reduces to a collection of two-
state systems that we investigated in Section 1.4. Later, when we introduce interactions
between the spins, there will be differences. For the noninteracting case we can write the
probability for a particular configuration of the spins using the Boltzmann probability:

. ~ Bh|5i
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(1.6.3)
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where (3 = 1/KT. The partition function Z is given by:

isf] — hisi hisi hi hi
Z = a e - BE[{si}] a Oeﬁ Si anﬁ Si O%ﬁ +e -B g (164)
it {s} i Si

where the second to last equality replaces the sum over all possible values of the spin
variables with a sum over each spin variable s, = £1 within the product. Thus the prob-
ability factors as:

& b O'

PEeN=OPe) = Ogeﬁh

i 1.6.5
e PN g (165)

This is a product over the result we found for probability of the two-state system (Eq.
(1.4.14)) if we write the energy of a single spin using the notation E;(s;) =-h;s;.

Now that we have many spin variables, we can investigate the thermodynamics of
this model by writing down the free energy and entropy of this model. This is dis-
cussed in Question 1.6.1.

uestion 1.6.1 Evaluate the thermodynamic free energy, energy and en-
tropy for the Ising model without interactions.

Solution 1.6.1 The free energy is given in terms of the partition function
by Eq. (1.3.37):

F =-KTIn(Z)=-kT & InF" +¢ M O0= kT § In(2cosh([3hi )) (16.6)
i i
The latter expression is a more common way of writing this result.
The thermodynamic energy of the system is found from Eq.(1.3.38) as
i) o he™ -e M
B : (ef’hi +e'ﬁhi)

There is another way to obtain the same result. The thermodynamic energy is
the average energy of the system (Eq.(1.3.30)), which can be evaluated directly:

U=- =- g hitanh@h;)  (L.6.7)

:(E[{si}]):<—éhisi>:—éhi(si):—éhié’tsiP(si)
LEe M) | o (L6:8)

= a —-ah tanh(Bh;)

: (e Bhi 4o - Ph )

which is the same as before. We have used the possibility of writing the prob-
ability of a single spin variable independent of the others in order to perform
this average. It is convenient to define the local magnetization m; as the av-
erage value of a particular spin variable:

m; :(Si): as P, 5i)=Ps(D- Py (- (1.6.9)

si=%1
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Or using Eq. (1.6.5):

m; ={5; y=tanh(ph;) (1.6.10)
In Fig. 1.6.2, the magnetization at a particular site is plotted as a function of the
magnetic field for several different temperatures (3 =1/KT ). The magnetization
increases with increasing magnetic field and with decreasing temperature until
it saturates asymptotically to a value of +1 or —1. In terms of the magnetization
the energy is:

U :—é him; (1.6.11)

We can calculate the entropy of the Ising model using Eq. (1.3.36)
S=kBU +kInZ = -k& ph; tanh(Bh;) +k In(2cosh(|3hi)) (16.12)
i i
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Figure 1.6.2 Plot of the magnetization at a particular site as a function of the magnetic field
for independent spins in a magnetic field. The magnetization is the average of the spin value,
so the magnetization shows the degree to which the spin is aligned to the magnetic field.
The different curves are for several temperatures § =0.5,1,2 (§ = 1/kT). The magnetization
has the same sign as the magnetic field. The magnitude of the spin increases with increasing
magnetic field. Increasing temperature, however, decreases the alignment due to increased
random motion of the spins. The maximum magnitude of the magnetization is 1, correspond-
ing to a fully aligned spin. O
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which is not particularly enlightening. However, we can rewrite this in terms
of the magnetization using the identity:

1

cosh(x) = ——= 6.
Jl— tanh?(x) (1613)

and the inverse of Eq. (1.6.10):

1 &
B, = inger
2 4l- m,g

(1.6.14)

Substituting into Eq. (1.6.12) gives

S=-kdm, -Ing ™0 PN In) - k = aln‘gi m. 2 (16.15)
i Mi g

Rearranging slightly, we have:

e 1o u
S=+eNIn()- =3 ((1+mi)ln(1+mi )+ 1- mi)ln(l- m; ))u (1.6.16)
é 2 g

The final expression can be derived,at least for the case when all m; are
the same, by counting the number of states directly. It is worth deriving the
entropy twice, because it may be used more generally than this treatment in-
dicates. We will assume that all h; = h are the same. The energy then depends
only on the total magnetization:

E[611=-ha s
U=-h3 miI: -hNm

(1.6.17)

To obtain the entropy from the counting of states (Eq.(1.3.25)) we evaluate
the number of states within a particular narrow energy range. Since the en-
ergy is the sum over the values of the spins,it may also be written as the dif-
ference between the number of up spins N(1) and bownN spins N(- 1):

E[{s}] =-h(N(1) - N(-1)) (16.18)

Thus, to find the entropy for a particular energy we must count how many
states there are with a particular number of up and bownN spins. Moreover,
flipping a spin from bown to up causes a fixed increment in the energy.
Thus there is no need to include in the counting the width of the energy in-
terval in which we are counting states. The number of states with N(1) up
spins and N(- 1) bowN spins is:

&N o N!

SEN = 0e NOINC D! (619
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The entropy can be written using Sterling’s ap proximation (Eq. (1.2.27)),
neglecting terms that are less than of order N, as:

S=kIn(Q (E,N)) =K[N(InN - 1) - N(1)(InN(1) - 1) - N(- 1)(InN(- 1)-1]

=K[N InN - N(1)InN(2) - N(- 1)InN(- 1)] (1.6.20)
the latter following from N = N(1) + N(- 1). To simplify this expression fur-
ther, we write it in terms of the magnetization. Using P, (- 1) + P (1) =1 and

Eqg. (1.6.9) for the magnetization we have the probability that a particular
spin is up and bowN in terms of the magnetization as:

P.(1)=(1+m)/2
P(-1)=(1- m)/2

Since there are many spins in the system, we can obtain the number of up
spins using

(1.6.21)

N(L) = NP, (1) =N(L +m) /2
N(-1) =NPy(1) = N(1 - m)/2

Using these expressions, Eq.(1.6.20) becomes the same as Eq.(1.6.16), with
h,=h.

There is an important difference between the two derivations, in that
the second assumed that all of the magnetic fields were the same. Thus, the
first derivation appears more general. However, since the original system has
no interactions, we could consider each of the spins with its own field h; as a
separate system. If we want to calculate the entropy of the individual spin,
we would consider an ensemble of such spins. The ensemble consists of
many spins with the same field h = h;. The derivation of the entropy using
the ensemble would be identical to the derivation we have just given, except
that at the end we would divide by the number of different systems in the en-
semble N. Adding together the entropies of different spins would then give
exactly Eq. (1.6.16).

The entropy of a spin from Eq. (1.6.16) is maximal for a magnetization of
zero when it has the value k In(2). From the original definition of the entropy,
this corresponds to the case when there are exactly two different possible states
of the system. It thus corresponds to the case where the probability of each
state s = +1 is 1/2. The minimal entropy is for either m =1 or m = - 1—when
there is only one possible state of the spin, so the entropy must be zero. [

(1.6.22)

1.6.2 The Ising model

We now add the essential aspect of the Ising model—interactions between the spins.
The location of the spins in space was unimportant in the case of the noninteracting
model. However, for the interacting model, we consider the spins to be located on a
periodic lattice in space. Similar to the CA models of Section 1.5, we allow the spins
to interact only with their nearest neighbors. It is conventional to interpret neighbors
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strictly as the spins with the shortest Euclidean distance from a particular site. This
means that for a cubic lattice there are two, four and six neighbors in one, two and
three dimensions respectively. We will assume that the interaction with each of the
neighbors is the same and we write the energy as:

o o
E[fill=-ahisi-Ja sis; (1.6.23)
i <ij>
The notation <ij> under the summation indicates that the sum is to be performed

over all i and j that are nearest neighbors. For example,in one dimension this could
be written as:

E[{Si}]:—éhisi - Jésisiu (1.6.24)

If we wanted to emphasize that each spin interacts with its two neighbors, we could
write this as

o 1lo
E[SiYI=-ahisi 'Jga GiSia *5iSi-1) (1.6.25)
i i
where the factor of 1/2 corrects for the double counting of the interaction between every
two neighboring spins. In two and three dimensions (2-d and 3-d), there is need of ad-
ditional indices to represent the spatial dependence. We could write the energy in 2-d as:

EL6 1= -8 Nigsi - I GiSieny +5,5540) (1.6.26)
i ij

and in 3-d as:

ELS1uH1=— itk - I 61 xSis e+ 5148 ok ¥5i 1485 kot) (1.6.27)
ij.k i,jk
In these sums,each nearest neighbor pair appears only once. We will be able to hide
the additional indices in 2-d and 3-d by using the nearest neighbor notation <ij> as
in Eq. (1.6.23).

The interaction J between spins may arise from many different sources. Similar to
the derivation of h; in Eq.(1.6.2), this is the only form that an interaction between two
spins can take (Question 1.6.2). There are two distinct possibilities for the behavior of
the system depending on the sign of the interaction. Either the interaction tries to ori-
ent the spins in the same direction (J > 0) or in the opposite direction (J < 0). The for-
mer is called a ferromagnet and is the common form of a magnet. The other is called
an antiferromagnet (Section 1.6.4) and has very different external properties but can
be represented by the same model, with J having the opposite sign.

uestion 1.6.2 Show that the form of the interaction given in Eq.
(1.6.24) Jss ¢is the most general interaction between two spins.

Solution 1.6.2 We write as a general form of the energy of two spins:
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E(SSQ 6(11)(1 S)(l S(D_'_ (1 1)(14'5)21 S(D
+e(1,- 1)w+e(_1’_1)(1'5):1'5(9

If we expand this we will find a constant term, terms that are linear insand s¢
and aterm that is proportional to ss ¢ The linear terms give rise to the local field

h;, and the final term is the interaction. There are other possible interactions

that could be written that would include three or more spins. [

(1.6.28)

In a magnetic system, each microscopic spin is itself the source of a small mag-
netic field. Magnets have the property that they can be the source of a macroscopic
magnetic field. When a material is a source of a magnetic field, we say that it is mag-
netized. The magnetic field arises from constructive superposition of the microscopic
sources of the magnetic field that we represent as spins. In effect,the small spins com-
bine together to form a large spin. We have seen in Section 1.6.1 that when there is a
magnetic field h;, each spin will orient itself with the magnetic field. This means that
in an external field—a field due to a source outside of the magnet—there will be a
macroscopic orientation of the spins and they will in turn give rise to a magnetic field.
Magnets,however, can be the source of a magnetic field even when there is no exter-
nal field. This occurs only below a particular temperature known as the Curie tem-
perature of the material. At higher temperatures,a magnetization exists only in an ex-
ternal magnetic field. The Ising model captures this behavior by showing that the
interactions between the spins can cause a spontaneous orientation of the spins with-
out any external field. The spontaneous magnetization is a collective phenomenon. It
would not exist for an isolated spin or even for a small collection of interacting spins.

Ultimately, the reason that the spontaneous magnetization is a collective phe-
nomenon has more to do with the kinetics than the thermodynamics of the system.
The spontaneous magnetization must occur in a particular direction. Without an ex-
ternal field,there is no reason for any particular direction, but the system must choose
one. In our case,it must choose between one of two possibilities—up or bowN. Once
the magnetization occurs,it breaks a symmetry of the system, because we can now tell
the difference between up and pbownN on the macroscopic scale. At this point,the ki-
netics of the system must reenter. If the system were able to flip between up and
DOWN Very rapidly, we would not be able to measure either case. However, we know
that if all of the spins have to flip at once, the likelihood of this happening becomes
vanishingly small as the number of spins grows. Thus for a large number of spins in
a macroscopic material, this flipping becomes slower than our observation of the
magnet.On the other hand,if we had only a few spins,they would still flip back and
forth. It is this property of the system that makes the spontaneous magnetization a
collective phenomenon.

Returning briefly to the discussion at the end of Section 1.3, we see that by choos-
ing a direction for the magnetization,the magnet breaks the ergodic theorem. It is no
longer possible to represent the system using an ensemble with all possible states of
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the system. We must exclude half of the states that have the opposite magnetization.
The reason, as we described there, is because of the existence of a slow process, or a
long time scale, that prevents the system from going from one choice of magnetiza-
tion to the other.

The existence of a spontaneous magnetization arises because of the energy lower-
ing of the system when neighboring spins align with each other. At sufficiently low
temperatures, this causes the system to align collectively one way or another. Above the
Curie temperature, T, the energy gain by alignment is destroyed by the temperature-
induced random flipping of individual spins. We say that the higher temperature phase
is a disordered phase, as compared to the ordered low temperature phase, where all
spins are aligned. When we think about this thermodynamically, the disorder is an
effect of optimizing the entropy, which promotes the disordered state and competes
with the energy as the temperature is increased.

1.6.3 Mean field theory

Despite the simplicity of the Ising model, it has never been solved exactly except in
one dimension, and in two dimensions for h; = 0. The techniques that are useful in
these cases do not generalize well. We will emphasize instead a powerful approxima-
tion technique for describing systems of many interacting parts known as the mean
field approximation. The idea of this approximation is to treat a single element of the
system under the average influence of the rest of the system. The key to doing this cor-
rectly is to recognize that this average must be performed self-consistently. The mean-
ing of self-consistency will be described shortly. The mean field approximation can-
not be applied to all interacting systems. However, when it can be, it enables the
system to be understood in a direct way.

To use the mean field approximation we single out a particular spin s; and find
the effective field (or mean field) it experiences h,¢ This field is obtained by replacing
all variables in the energy by their average values, except for s;. This leads to an effec-
tive energy Eye(s;) for s;. To obtain it we can neglect all terms in the energy (Eq.
(1.6.23)) that do not include s;.

Eve(i)=-hisi - 1@ s <s; >=-h;
n (1.6.29)
ht=h,+lQq <s; >

jnn
The sum is over all nearest neighbors of s;. If we are able to find what the mean field
h;Cis, then we can solve this interacting Ising model using the solution of the Ising
model without interactions. The problem is that in order to find the field we have to
know the average value of the spins,which in turn depends on the effective fields. This
is the self-consistency. We will develop a single algebraic equation for the solution. It
is interesting first to consider this problem when the external fields h; are zero. Eq.
(1.6.29) shows that a mean field might still exist.When the external field is zero, each
of the spin variables has the same equation. We might guess that the average value of
the spin in one location will be the same as that in any other location:
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m=m; =<s;> (1.6.30)
In this case our equations become
sl = — s,
h§,=IEm _ gm (1.6.31)
jrwr

where z is the number of nearest neighbors,known as the coordination number of the
system. Eq.(1.6.10) gives us the value of the average magnetization when the spin is
subject to a field. Using this same expression under the influence of the mean field we
have

m = tanh(ph;9 = tanh(BzJm) (1.6.32)

This is the self-consistent equation, which gives the value of the magnetization in
terms of itself. The solution of this equation may be found graphically, as illustrated
in Fig. 1.6.3, by plotting the functions y = m and y = tanh(zJm) and finding their in-
tersections. There is always a solution m = 0. In addition, for values of $zJ > 1, there
are two more solutions related by a change of sign m = £my($zJ), where we name the
positive solution my(BzJ). When pz] = 1, the line y = m is tangent to the plot of y =
tanh(BzJm) at m = 0. For values pzJ > 1,the value of y = tanh(fzJm) must rise above
the liney = m for small positive m and then cross it. The crossing point is the solution
my(BzJ). my(Pz]) approaches one asymptotically as fz) ® ¥, e. g. as the temperature
goes to zero. A plot of my(fzJ) from a numerical solution of Eq. (1.6.32) is shown in
Fig. 1.6.4.

We see that there are two different regimes for this model with a transition at a
temperature T, given by fzJ=1or

KT, = 2] (1.6.33)

To understand what is happening it is helpful to look at the energy U(m) and the free
energy F(m) as a function of the magnetization,assuming that all spins have the same
magnetization. We will treat the magnetization as a parameter that can be varied. The
actual magnetization is determined by minimizing the free energy.

To determine the energy, we must average Eq.(1.6.23), which includes a product
of spins on neighboring sites. The mean field approximation treats each spin as if it
were independent of other spins except for their average field. This implies that we
have neglected correlations between the value of one spin and the others around it.
Assuming that the spins are uncorrelated means the average over the product over two
spins may be approximated by the product over the averages:

<sig;> » <§;><g;> = m? (1.6.34)

The average over the energy without any external fields is then:

1
Um)=< -Jésisj >:-ENsz2 (1.6.35)

<ij>
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Figure 1.6.3 Graphical solution of Eq. (1.6.32) m = tanh(f3zJm) by plotting both the left-
and right-hand sides of the equation as a function of m and looking for the intersections.
m =0 is always a solution. To consider other possible solutions we note that both func-
tions are antisymmetric in m so we need only consider positive values of m. For every pos-
itive solution there is a negative solution of equal magnitude. When pzJ =1 the slope of
both sides of the equation is the same at m =0. For fzJ > 1 the slope of the right is greater
than the left side. For large positive values of m the right side of the equation is always
less than the left side. Thus for pzJ > 1, there must be an additional solution. The solu-
tion is plotted in Fig. 1.6.4. O

The factor of 1/2 arises because we count each interaction only once (see Egs.
(1.6.24)—(1.6.27)). A sum over the average of E,,-(s;) would give twice as much, due
to counting each of the interactions twice.

Since we have fixed the magnetization of all spins to be the same, we can use the
entropy we found in Question 1.6.1 to obtain the free energy as:

F(m)=- %NJZmZ ] NkTén(Z)- %((1+m)|r‘(1+m)+(l- m)ln(l- m))§ (1.6.36)

This free energy is plotted in Fig. 1.6.5 as a function of m/Jz for various values of
kT/Jz. We see that the behavior of this system is precisely the behavior of a second-
order phase transition described in Section 1.3. Above the transition temperature
T, there is only one possible phase and below T, there are two phases of equal en-
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Figure 1.6.4 The mean field approximation solution of the Ising model gives the magneti-
zation (average value of the spin) as a solution of Eq. (1.6.32). The solution is shown as a
function of pzJ. As discussed in Fig. 1.6.3 and the text for zJ > 1 there are three solutions.
Only the positive one is shown. The solution m = 0 is unstable, as can be seen by analysis of
the free energy shown in Fig. 1.6.5. The other solution is the negative of that shown. O

ergy. Question 1.6.3 clarifies a technical point in this derivation, and Question 1.6.4
generalizes the solution to include nonzero magnetic fields h; * 0.

uestion 1.6.3 Show that the minima of the free energy are the solu-

tions of Eq.(1.6.32). This shows that our derivation is internally consis-
tent. Specifically, that our two ways of defining the mean field approxima-
tion, first using Eq. (1.6.29) and then using Eq. (1.6.34), are compatible.

Solution 1.6.3 Taking the derivative of Eq. (1.6.35) with respect to m and
setting it to zero gives:

0=-Jzm- kT:é— %(In(l +m)- In(1- m))g (1.6.37)

Recognizing the inverse of tanh,as in Eq.(1.6.14), gives back Eq.(1.6.32) as
desired. O

uestion 1.6.4 Find the replacements for Eq. (1.6.31)—(1.6.36) for the
case where there is a uniform external magnetic field h; = h. Plot the free
energy for a few cases.
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Solution 1.6.4 Applying an external magnetic field breaks the symmetry
between the two different minima in the energy that we have found. In this
case we have instead of Eq. (1.6.29)

Eme(si) = —h;6;
MERE T (1.6.38)
h;¢=h +zIm
The self-consistent equation instead of Eq. (1.6.32) is:
m = tanh(h + pzJm) (1.6.39)
Averaging over the energy gives:
o o 1 2
Um)=<-hasi-Jasisj >=- Nhm- ENsz (1.6.40)
i <ij>

The entropy is unchanged, so the free energy becomes:

F(m)=- Nhm- %Nszz- NkTgln(Z)- %((1+m)ln(1+m)+(1- m)In(l- m))

(e el el

(1.6.41)

Several plots are shown in Fig. 1.6.5. Above kT, of Eqg. (1.6.33) the application
of an external magnetic field gives rise to a magnetization by shifting the lo-
cation of the single minimum. Below this temperature there is a tilting of the
two minima. Thus, going from a positive to a negative value of h would give
an abrupt transition—a first-order transition which occurs at exactly h=0. O

In discussing the mean field equations, we have assumed that we could specify
the magnetization as a parameter to be optimized. However, the prescription we have
from thermodynamics is that we should take all possible states of the system with a
Boltzmann probability. What is the justification for limiting ourselves to only one
value of the magnetization? We can argue that in a macroscopic system, the optimal

Figure 1.6.5 Plots of the mean field approximation to the free energy. (a) shows the free en-
ergy for h =0 as a function of m for various values of kT. The free energy m and kT are mea-
sured in units of Jz. As the temperature is lowered below kT/zJ = 1 there are two minima in-
stead of one (shown by arrows). These minima are the solutions of Eq. (1.6.32) (see Question
1.6.3). The solutions are illustrated in Fig. 1.6.4. (b) Shows the same curves as (a) but with a
magnetic field h/zJ = 0.1. The location of the minimum gives the value of the magnetization.
The magnetic field causes a magnetization to exist at all temperatures, but it is larger at lower
temperatures. At the lowest temperature shown kT/zJ = 0.8 the effect of the phase transition
can be seen in the beginnings of a second (metastable) minimum at negative values of the mag-
netization. (c) shows plots at a fixed temperature of kT/zJ = 0.8 for different values of the mag-
netic field. As the value of the field goes from positive to negative, the minimum of the free
energy switches from positive to negative values discontinuously. At exactly h =0 there is a dis-
continuous jump from positive to negative magnetization—a first-order phase transition. O
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value of the magnetization will so dominate other magnetizations that any other pos-
sibility is negligible. This is reasonable except for the case when the magnetic field is
close to zero, below T, and we have two equally likely magnetizations. In this case,the
usual justification does not hold, though it is often implicitly applied.A more com-
plete justification requires a discussion of kinetics given in Section 1.6.6.

Using the results of Question 1.6.4, we can draw a phase diagram like that illus-
trated in Section 1.3 for water (Fig. 1.3.7). The phase diagram of the Ising model (Fig.
1.6.6) describes the transitions as a function of temperature (or ) and magnetic field
h. Itis very simple for the case of the magnetic system,since the first-order phase tran-
sition line lies along the h = 0 axis and ends at the second-order transition point given
by Eq. (1.6.33).

1.6.4 Antiferromagnets

We found the existence of a phase transition in the last section from the self-consistent
mean field result (Eq. (1.6.32)), which showed that there was a nonzero magnetiza-
tion for $zJ > 1. This condition is satisfied for small enough temperature as long as
J> 0. What about the case of J < 0? There are no additional solutions of Eq.(1.6.32)
for this case. Does this mean there is no phase transition? Actually, it means that one
of our assumptions is not a good one. When J < 0,each spin would like (has a lower
energy if...) its neighbors to antialign rather than align their spins. However, we have
assumed that all spins have the same magnetization, Eq. (1.6.30). The self-consistent
equation assumes and does not guarantee that all spins have the same magnetization.
This assumption is not a good one when the spins are trying to antialign.

Figure 1.6.6 The phase
diagram of the Ising h
model found from the
mean field approxima-
tion. The line of first-or-
der phase transitions at
h =0 ends at the sec- first order transition
ond-order phase transi-
tion point given by
Eq. (1.6.32). For posi-
tive values of h there is

a net positive magneti- ¢
zation and for negative
values there is a nega-
tive magnetization. The
change through h =0 is
continuous above the
second-order transition
point, and discontinu-
ous below it. O
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Figure 1.6.7 In order
to obtain mean field
equations for the anti-
ferromagnetic case J <
0 we consider a square
lattice (top) and label
every site according to
the sum of its rectilin-
ear indices as odd
(open circles) or even
(filled circles). A few
sites are shown with in-
dices. Each site is un-
derstood to be the loca-
tion of a spin. We then
invert the spins (rede-
fine them by s ® -5)
that are on odd sites
and find that the new
system satisfies the
same equations as the
ferromagnet. The same
trick works for any bi-
partite lattice; for ex-
ample the hexagonal
lattice shown (bottom).
By using this trick we
learn that at low tem-
peratures the system
will have a spontaneous
magnetism that is posi-
tive on odd sites and
negative on even sites
or the opposite. [



162 Introduction and Preliminaries

We can solve the case of a system with J < 0 on a square or cubic lattice directly us-
ing a trick. We label every spin by indices (i,j) in 2-d, as indicated in Fig. 1.6.7, or (i,j,k)
in 3-d. Then we consider separately the spins whose indices sum to an odd number
(“odd spins”) and those whose indices sum to an even number (“even spins”). Note
thatall the neighbors of an odd spin are even and all neighbors of an even spin are odd.
Now we invert all of the odd spins. Explicitly we define new spin variables in 3-d as

S = (- 1)y (16.42)

In terms of these new spins,the energy without an external magnetic field is the same
as before, except that each term in the sum has a single additional factor of (-1). There
is only one factor of (- 1) because every nearest neighbor pair has one odd and one
even spin. Thus:

E[{Siq]='\]é.5i5j ='('J)é5i@1¢= -J ¢é5i@J¢ (1.6.43)
<ij> <ij> <ij>

We have completed the transformation by defining a new interaction J¢=—-J > 0. In
terms of the new variables, we are back to the ferromagnet. The solution is the
same, and below the temperature given by kT, = zJ¢there will be a spontaneous
magnetization of the new spin variables. What happens in terms of the original
variables? They become antialigned. All of the even spins have magnetization in
one direction, up, and the odd spins have magnetization in the opposite direction,
DOWN, or vice versa. This lowers the energy of the system, because the negative in-
teraction J < 0 means that all of the neighboring spins want to antialign. This is
called an antiferromagnet.

The trick we have used to solve the antiferromagnet works for certain kinds of
periodic arrangements of spins called bipartite lattices. A bipartite lattice can be di-
vided into two lattices so that all the nearest neighbors of a member of one lattice are
members of the other lattice. This is exactly what we need in order for our redefini-
tion of the spin variables to work. Many lattices are bipartite,including the cubic lat-
tice and the hexagonal honeycomb lattice illustrated in Fig. 1.6.7. However, the trian-
gular lattice, illustrated in Fig. 1.6.8, is not.

The triangular lattice exemplifies an important concept in interacting systems
known as frustration. Consider what happens when we try to assign magnetizations
to each of the spins on a triangular lattice in an effort to create a configuration with a
lower energy than a disordered system. We start at a position marked (1) on Fig.1.6.8
and assign it a magnetization of m. Then, since it wants its neighbors to be an-
tialigned, we assign position (2) a magnetization of - m. What do we do with the spin
at (3)? It has interactions both with the spin at (1) and with the spin at (2). These in-
teractions would have it be antiparallel with both—an impossible task. We say that the
spin at (3) is frustrated,since it cannot simultaneously satisfy the conflicting demands
upon it. It should not come as a surprise that the phenomenon of frustration becomes
a commonplace occurrence in more complex systems. We might even say that frus-
tration is a source of complexity.
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Py 3 Py Py Figure 1.6.8 A triangular

lattice (top) is not a bi-
partite lattice. In this
case we cannot solve the
antiferromagnet J < 0 by
the same method as used
for the square lattice (see
(©) Fig. 1.6.7). If we try to as-

sign magnetizations to

different sites we find
(1) (2 that assigning a magneti-
zation to site (1) would
lead site (2) to be an-
tialigned. This combina-
tion would, however re-

quire site (3) to be
antialigned to both sites
(1) and (2), which is im-
possible. We say that site
(3) is “frustrated.” The
bottom illustration shows

19 \9 \J \ 9, what happens when we
take the hexagonal lattice
from Fig. 1.6.7 and super-
pose the magnetizations
on the triangular lattice
leaving the additional
sites (shaded) as unmag-
netized (see Questions
1.6.5-1.6.7). O
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uestion 1.6.5 Despite the existence of frustration, it is possible to

construct a state with lower energy than a completely disordered state
on the triangular lattice. Construct one of them and evaluate its free
energy.

Solution 1.6.5 We construct the state by extending the process discussed in
the text for assigning magnetizations to individual sites. e start by assigning a
magnetization m to site (1) in Fig. 1.6.8 and - m to site (2). Because site (3) is
frustrated, we assign it no magnetization. We continue by assigning magnetiza-
tions to any site that already has two neighbors that are assigned magnetiza-
tions. We assign a magnetization of m when the neighbors are -m and 0, a
magnetization of - m when the neighbors are m and 0 and a magnetization of
0 when the neighbors are m and - m. This gives the illustration at the bottom of
Fig. 1.6.8. Comparing with Fig. 1.6.7, we see that the magnetized sites corre-
spond to the honeycomb lattice. One-third of the triangular lattice sites have a
magnetization of +m, - m and 0. Each magnetized site has three neighbors of
the opposite magnetization and three unmagnetized sites. The free energy of
this state is given by:

F(m) = Nim?- éNkT In(2)
(1.6.44)

c

: gNkTgln(Z)- i((1+m)ln(1+m)+(1- m)ln(L- m))ﬂ

The first term is the energy. Each nearest neighbor pair of spins that are an-
tialigned provides an energy Jm?. Let us call this a bond between two spins.
There are a total of three interactions for every spin (each spin interacts with
six other spins but we can count each interaction only once). However, on
average there is only one out of three interactions that is a bond in this sys-
tem. To count the bonds, note that one out of three spins (with m; = 0) has
no bonds, while the other two out of three spins each have three bonds. This
gives a total of six bonds for three sites, but each bond must be counted only
once for a pair of interacting spins. We divide by two to get three bonds for
three spins, or an average of one bond per site. The second term in Eq.
(1.6.44) is the entropy of the N / 3 unmagnetized sites,and the third term is
the entropy of the 2N / 3 magnetized sites.

There is another way to systematically construct a state with an energy
lower than a completely disordered state. Assign magnetizations +m and - m
alternately along one straight line—a one-dimensional antiferromagnet.
Then skip both neighboring lines by setting all of their magnetizations to
zero. Then repeat the antiferromagnetic line on the next parallel line. This
configuration of alternating antiferromagnetic lines is also lower in energy
than the disordered state, but it is higher in energy than the configuration
shown in Fig. 1.6.8 at low enough temperatures, as discussed in the next
question. O
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uestion 1.6.6 Show that the state illustrated on the bottom of Fig.1.6.8
has the lowest possible free energy as the temperature goes to zero, at
least in the mean field approximation.

Solution 1.6.6 As the temperature goes to zero, the entropic contribution
to the free energy is ir relevant. The energy of the Ising model is minimized
in the mean field approximation when the magnetization is +1 if the local
effective field is positive, or -1 ifit is negative. The magnetization is arbitrary
if the effective field is zero. If we consider three spins arranged in a triangle,
the lowest possible energy of the three interactions between them is given by
having one with m = +1, one with m = -1 and the other arbitrary. This is
forced, because we must have at least one +1 and one -1 and then the other
is arbitrary. This is the optimal energy for any triangle of interactions. The
configuration of Fig. 1.6.8 achieves this optimal arrangement for all triangles
and therefore must give the lowest possible energy of any state. O

uestion 1.6.7 In the case of the ferromagnet and the antiferromagnet,

we found that there were two different states of the system with the same
energy at low temperatures. How many states are there of the kind shown in
Fig. 1.6.8 and described in Questions 1.6.5 and 1.6.6?

Solution 1.6.7 There are two ways to count the states. The first is to count
the number of distinct magnetization structures. This counting is as follows.
Once we assign the values of the magnetization on a single triangle, we have
determined them everywhere in the system. This follows by inspection or by
induction on the size of the assigned triangle. Since we can assign arbitrar-
ily the three different magnetizations (m, - m,0) within a triangle, there are
a total of six such distinct magnetization structures.

We can also count how many distinct arrangements of spins there are.
Thisis relevant at low temperatures when we want to know the possible states
at the lowest energy. We see that there are 2"® arrangements of the arbitrary
spins for each of the magnetizations. If we want to count all of the states, we
can almost multiply this number by 6. We have to correct this slightly because
of states where the arbitrary spins are all aligned up or bowN. There are two
of these for each arrangement of the magnetizations, and these will be
counted twice. Making this correction gives 6(2”’3 - 1) states. We see that
frustration gives rise to a large number of lowest energy states.

We have not yet proven that these are the only states with the lowest energy.
This follows from the requirement that every triangle must have its lowest pos-
sible energy, and the observation that setting the value of the magnetizations of
one triangle then forces the values of all other magnetizations uniquely. O

uestion 1.6.8 We discovered that our assumption that all spins should

have the same magnetization does not always apply. How do we know
that we found the lowest energy in the case of the ferromagnet? Answer this
for the caseof h=0and T =0.

165
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Solution 1.6.8 To minimize the energy, we can consider each term of the
energy, which is just the product of spins on adjacent sites. The minimum
possible value for each term of a ferromagnet occurs for aligned spins. The
two states we found at T = 0 with m; = 1 and m; = -1 are the only possible
states with all spins aligned. Since they give the minimum possible energy,
they must be the correct states. [

1.6.5 Beyond mean field theory (correlations)

Mean field theory treats only the average orientation of each spin and assumes that
spins are uncorrelated. This implies that when one spin changes its sign, the other
spins do not respond. Since the spins are interacting, this must not be true in a more
complete treatment. We expect that even above T, nearby spins align to each other.
Below T, nearby spins should be more aligned than would be suggested by the aver-
age magnetization. Alignment of spins implies their values are correlated. How do we
quantify the concept of correlation? When two spins are correlated they are more
likely to have the same value. So we might define the correlation of two spins as the
average of the product of the spins:

o)
<sisj >=a SiSjP(Si,Sj): PSiSj (1:1) +Pssj (' 1- 1)' PSiSj (' 1:1)' Psis,- (1-' 1) (1.6.45)

Si,Sj

According to this definition, they are correlated if they are both always +1, so that
Psis,(l,l) =1. Then <s;5; > achieves its maximum possible value +1. The problem with
this definition is that when s; and s; are both always +1 they are completely indepen-
dent of each other, because each one is +1 independently of the other. Our concept of
correlation is the opposite of independence. We know that if spins are independent,
then their joint probability distribution factors (see Section 1.2)

P(s1.8) = P(s)P(s) (1.6.46)

Thus we define the correlation as a measure of the departure of the joint probability
from the product of the individual probabilities.

o]
a sisj(PGi.s))- PGi)PE))) = <sisj >- <s><s; > (1.6.47)
Si S
This definition means that when the correlation is zero, we can say thats; and s; are in-
dependent. However, we must be careful not to assume that they are not aligned with
each other. Eq. (1.6.45) measures the spin alignment.

uestion 1.6.9 One way to think about the difference between Eq.

(1.6.45) and Eq. (1.6.47) is by considering a hierarchy of correlations.
The first kind of correlation is of individual spins with themselves and is just
the average of the spin. The second kind are correlations between pairs of
spins that are not contained in the first kind. Define the next kind of corre-
lation in the hierarchy that would describe correlations between three spins
but exclude the correlations that appear in the first two.
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Solution 1.6.9 The first three elements in the hierarchy of correlations are:

<s>
< 5i5j >-<5>< Sj > (1648)

<SiSjSk>- <SiSj><Sk>- <Si5k><5j>- <Sjsk><si>+2<si><sj><sk>

The expression for the correlation of three spins can be checked by seeing
what happens if the variables are independent. When variables are indepen-
dent, the average of their product is the same as the product of their aver-
ages. Then all averages become products of averages of single variables and
everything cancels. Similarly, if the first two variables s; and s; are correlated
and the last one s, is independent of them,then the first two terms cancel and
the last three terms also cancel. Thus, this expression measures the correla-
tions of three variables that are not present in any two of them. 0

uestion 1.6.10 To see the difference between Egs. (1.6.45) and

(1.6.47), evaluate them for two cases: (a) s; is always equal to 1 and s; is
always equal to —1,and (b) s; is always the opposite of s; but each of them av-
erages to zero (i.e., is equally likely to be +1 or -1).

Solution 1.6.10

a. Psisj(l,- 1)=1s0<ss>=-1but<ss>- <5><g5>=0.

b.<s5>=-1,and<sg;>- <s;><§>=-1. [

Comparing Eq. (1.6.34) with Eq. (1.6.47), we see that correlations measure the
departure of the system from mean field theory. When there is an average magnetiza-
tion, such as there is below T, in a ferromagnet, the effect of the average magnetiza-
tion is removed by our definition of the correlation. This can also be seen from rewrit-
ing the expression for correlations as:

<Si5j>- <Si><sj> :<(Si' <Si>)(sj' <Sj>)> (1649)

Correlations measure the behavior of the difference between the spin and its average
value. In the rest of this section we discuss qualitatively the correlations that are found
in a ferromagnet and the breakdown of the mean field approximation.

The energy of a ferromagnet is determined by the alignment of neighboring
spins. Positive correlations between neighboring spins reduce its energy. Positive
or negative correlations diminish the possible configurations of spins and there-
fore reduce the entropy. At very high temperatures, the competition between the
energy and the entropy is dominated by the entropy, so there should be no corre-
lations and each spin is independent. At low temperatures, well below the transi-
tion temperature, the average value of the spins is close to one. For example, for
Bz = 2, which corresponds to T = T, / 2, the value of my(pzJ) is 0.96 (see Fig.
1.6.4). So the correlations given by Eq. (1.6.47) play almost no role. Correlations
are most significant near T, so it is near the transition that the mean field ap-
proximation is least valid.
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Forall T > T, and for h = 0, the magnetization is zero. However, starting from
high temperature, the correlation between neighboring spins increases as the tem-
perature is lowered. Moreover, the correlation of one spin with its neighbors,and their
correlation with their neighbors,induces a correlation of each spin with spins farther
away. The distance over which spins are correlated increases as the temperature de-
creases. The correlation decays exponentially, so a correlation length E(T) may be de-
fined as the decay constant of the correlation:

<sg>- <s><s>pe “hij/&(T) (1.6.50)

where r;; is the Euclidean distance between s; and s;. At T the correlation length di-
verges. This is one way to think about how the phase transition occurs. The divergence
of the correlation length implies that two spins anywhere in the system become cor-
related. As mentioned previously, in order for the instantaneous magnetization to be
measured, there must also be a divergence of the relaxation time between opposite
values of the magnetization. This will be discussed in Sections 1.6.6 and 1.6.7.

For temperatures just below T, the average magnetization is small. The corre-
lation length of the spins is large. The average alignment (Eq. (1.6.45)) is essentially
the same as the correlation (Eq. (1.6.47)). However, as T is further reduced below
T., the average magnetization grows precipitously and the correlation measures the
difference between the spin-spin alignment and the average spin value. Both the
correlation and the correlation length decrease away from T.. As the temperature
goes to zero, the correlation length also goes to zero, even as the correlation itself
vanishes.

At T = T, there is a special circumstance where the correlation length is infinite.
This does not mean that the correlation is unchanged as a function of the distance be-
tween spins, ry. Since the magnetization is zero, the correlation is the same as the spin
alignment. If the alignment did not decay with distance, the magnetization would be
unity, which is not correct. The infinite correlation length corresponds to power law
rather than exponential decay of the correlations. A power law decay of the correlations
is more gradual than exponential and implies that there is no characteristic size for the
correlations: we can find correlated regions of spins that are of any size. Since the cor-
related regions fluctuate, we say that there are fluctuations on every length scale.

The existence of correlations on every length scale near the phase transition and
the breakdown of the mean field approximation that neglects these correlations
played an important role in the development of the theory of phase transitions. The
discrepancy between mean field predictions and experiment was one of the great un-
solved problems of statistical physics. The development of renormalization tech-
niques that directly consider the behavior of the system on different length scales
solved this problem. This will be discussed in greater detail in Section 1.10.

In Section 1.3 we discussed the nature of ensemble averages and indicated that
one of the central issues was determining the size of an independent system. For the
Ising model and other systems that are spatial ly uniform, it is the correlation length
that determines the size of an independent system. If a physical system is much larger
than a correlation length then the system is self-averaging, in that experimental mea-
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surements average over many independent samples.We see that far from a phase tran-
sition,uniform systems are generally self-averaging;near a phase transition,the phys-
ical size of a system may enter in a more essential way.

The mean field approximation is sufficient to capture the collective behavior of the
Ising model. However, even T, is not given correctly by mean field theory, and indeed it
is difficult to calculate. The actual transition temperature differs from the mean field
value by a factor that depends on the dimensionality and structure of the lattice. In 1-d,
the failure of mean field theory is most severe,since there is actually no real transition.
Magnetization does not occur, exceptin the limit of T® 0. The reason that there is no
magnetization in 1-d, is that there is always a finite probability that at some point along
the chain there will be a switch from having spins bownN to having spins up. This is
true no matter how low the temperature is. The probability of such a boundary
between up and bown spins decreases exponentially with the temperature. It is given
by 1/(1 +e2/KT) » & “2/KT at low temperature. Even one such boundary destroys the
average magnetization for an arbitrarily large system. While formally there is no phase
transition in one dimension, under some circumstances the exponentially growing
distance between boundaries may have consequences like a phase transition. The effect
is,however, much more gradual than the actual phase transitions in 2-d and 3-d.

The mean field approximation improves as the dimensionality increases. This is
a consequence of the increase in the number of neighbors. As the number of neigh-
bors increases,the averaging used for determining the mean field becomes more reli-
able as a measure of the environment of the spin. This is an important point that de-
serves some thought. As the number of different influences on a particular variable
increases, they become better represented as an average influence. Thus in 3-d, the
mean field approximation is better than in 2-d. Moreover, it turns out that rather than
just gradually improving as the number of dimensions increases, for 4-d the mean
field approximation becomes essentially exact for many of the properties of impor-
tance in phase transitions. This happens because correlations become irrelevant on
long length scales in more than 4-d. The number of effective neighbors of a spin also
increases if we increase the range of the interactions. Several different models with
long-range interactions are discussed in the following section.

The Ising model has no built-in dynamics;however, we often discuss fluctuations
in this model. The simplest fluctuation would be a single spin flipping in time. Unless
the average value of a spin is +1 or —1,a spin must spend some time in each state. We
can see that the presence of correlations implies that there must be fluctuations in time
that affect more than one spin. This is easiest to see if we consider a system above the
transition, where the average magnetization is zero. When one spin has the value +1,
then the average magnetization of spins around it will be positive. On average,a re-
gion of spins will tend to flip together from one sign to the other. The amount of time
that the region takes to flip depends on the length of the correlations. We have defined
correlations in space between two spins. We could generalize the definition in Eq.
(1.6.47) to allow the indices i and j to refer to different times as well as spatial posi-
tions. This would tell us about the fluctuations over time in the system. The analog of
the correlation length Eq.(1.6.50) would be the relaxation time (Eq.(1.6.69) below).
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The Ising model is useful for describing a large variety of systems;however, there
are many other statistical models using more complex variables and interactions that
have been used to represent various physical systems. In general, these models are
treated first using the mean field approximation. For each model,there is a lower di-
mension (the lower critical dimension) below which the mean field results are com-
pletely invalid. There is also an upper critical dimension, where mean field is exact.
These dimensions are not necessarily the same as for the Ising model.

1.6.6 Long-range interactions and the spin glass

Long-range interactions enable the Ising model to serve as a model of systems that are
much more complex than might be expected from the magnetic analog that moti-
vated its original introduction. If we just consider ferromagnetic interactions sepa-
rately, the model with long-range interactions actually behaves more simply. If we just
consider antiferromagnetic interactions, larger scale patterns of up and bown spins
arise. When we include both negative and positive interactions together, there will be
additional features that enable a richer behavior. We will start by considering the case
of ferromagnetic long-range interactions.

The primary effect of the increase in the range of ferromagnetic interactions is
improvement of the mean field approximation. There are several ways to model in-
teractions that extend beyond nearest neighbors in the Ising model. We could set a
sphere of a particular radius ryaround each spin and consider all of the spins within
the sphere to be neighbors of the spin at the center.

E[{Si}]:_éhisi - %J a SiS; (1.6.51)

fij <fo

Here we do not restrict the summations over i and j in the second term,so we explic-
itly include a factor of 1/2 to avoid counting interactions twice. Alternatively, we could
use an interaction J(ry) that decays either exponentially or as a power law with dis-
tance from each spin:

1
Bl = - Ebs -5 2y (16:52)
In both Egs. (1.6.51) and (1.6.52) the self-interaction terms i = j are generally to be
excluded. Since si2 =1 they only add a constant to the energy.

Quite generally and independent of the range or even the variability of interac-
tions, when all interactions are ferromagnetic, J > 0, then all the spins will align at low
temperatures. The mean field approximation may be used to estimate the behavior. All
cases then reduce to the same free energy (Eq. (1.6.36) or Eq. (1.6.41)) with a measure
of the strength of the interactions replacing zJ. The only difference from the nearest
neighbor model then relates to the accuracy of the mean field approximation. Itis sim-
plest to consider the model of a fixed interaction strength with a cutoff length. The
mean field is accurate when the correlation length is shorter than the interaction dis-
tance. When this occurs, a spin is interacting with other spins that are uncorrelated
with it. The averaging used to obtain the mean field is then correct. Thus the approx-
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imation improves if the interaction between spins becomes longer ranged. However,
the correlation length becomes arbitrarily long near the phase transition. Thus, for
longer interaction lengths, the mean field approximation holds closer to T, but even-
tually becomesinaccurate in anarrow temperature rangearound T,. Thereisone model
for which the mean field approximation is exact independent of temperature or di-
mension. This is a model of infinite range interactions discussed in Question 1.6.11.
The distance-dependent interaction model of Eq. (1.6.52) can be shown to behave like
a finite range interaction model for interactions that decay more rapidly than 1/r in 3-
d. For weaker decay than 1/r this model is essentially the same as the long-range in-
teraction model of Question 1.6.11. Interactions that decay as 1/r are a borderline case.

uestion 1.6.11 Solve the Ising model with infinite ranged interactions

in a uniform magnetic field. The infinite range means that all spins in-
teract with the same interaction strength. In order to keep the energy ex-
trinsic (proportional to the volume) we must make the interactions between
pairs of spins weaker as the system becomes larger, so replace J® J/N. The
energy is given by:

[ 1 [o]
E[EiH=-ha s - mJa SiSj (1.6.53)

i i
For simplicity, keep the i =] terms in the second sum even though they add
only a constant.

Solution 1.6.11 Wke can solve this problem exactly by rewriting the energy
in terms of a collective coordinate which is the average over the spin variables

1lo
m==—a s; (1.6.54)
N i
in terms of which the energy becomes:
1
E({sh =hNm - =JNm’® (1.6.55)

This is the same as the mean field Eq. (1.6.39) with the substitution Jz ® J.
Here the equation is exact. The result for the entropy is the same as before,
since we have fixed the average value of the spin by Eq.(1.6.54). The solution
for the value of m for h =0 is given by Eq.(1.6.32) and Fig. 1.6.4. For h* 0
the discussion in Question 1.6.4 applies. [

The case of antiferromagnetic interactions will be considered in greater detail in
Chapter 7. If all interactions are antiferromagnetic J < 0,then extending the range of
the interactions tends to reduce their effect, because it is impossible for neighboring
spins to be antialigned and lower the energy. To be antialigned with a neighbor is to
be aligned with a second neighbor. However, by forming patches of up and bownN
spins it is possible to lower the energy. In an infinite-ranged antiferromagnetic sys-
tem,all possible states with zero magnetization have the same lowest energy at h = 0.
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This can be seen from the energy expression in Eq.(1.6.55). In this sense,frustration
from many sources is almost the same as no interaction.

In addition to the ferromagnet and antiferromagnet, there is a third possibility
where there are both positive and negative interactions. The physical systems that
have motivated the study of such models are known as spin glasses. These are mate-
rials where magnetic atoms are found or placed in a nonmagnetic host. The randomly
placed magnetic sites interact via long-range interactions that oscillate in sign with
distance. Because of the randomness in the location of the spins, there is a random-
ness in the interactions between them. Experimentally, it is found that such systems
also undergo a transition that has been compared to a glass transition, and therefore
these systems have become known as spin glasses.

A model for these materials, known as the Sherrington-Kirkpatrick spin glass,
makes use of the Ising model with infinite-range random interactions:

E[fi}]=- %é‘]ijsisj (1656)
ij .6.

Jj =+

The interactions J; are fixed uncorrelated random variables—quenched variables.
The properties of this system are to be averaged over the random variables J;; but only
after it is solved.

Similar to the ferromagnetic or antiferromagnetic Ising model,at high tempera-
tures KT >> ] the spin glass model has a disordered phase where spins do not feel the
effect of the interactions beyond the existence of correlations. As the temperature is
lowered,the system undergoes a transition that is easiest to describe as a breaking of
ergodicity. Because of the random interactions,some ar rangements of spins are much
lower in energy than others. As with the case of the antiferromagnet on a triangular
lattice,there are many of these low-energy states. The difference between any two of
these states is large,so that changing from one state to the other would involve the flip-
ping of a finite fraction of the spins of the system. Such a flipping would have to be
cooperative, so that overcoming the barrier between low-energy states becomes im-
possible below the transition temperature during any reasonable time. The low-
energy states have been shown to be organized into a hierarchy determined by the size
of the overlaps between them.

uestion 1.6.12 Solve a model that includes a special set of correlated
random interactions of the type of the Sherrington-Kirkpatrick model,
where the interactions can be written in the separable form

Ji = &§;
=4l
This is the Mattis model. For simplicity, keep the terms where i =j.

(1.6.57)

Solution 1.6.12 We can solve this problem by defining a new set of variables
S¢=§s; (1.6.58)
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In terms of these variables the energy becomes:
1 o 1o
E A = o — L E.5.5. = - m— S@ﬂ; 6.
[6i}] ZN?EEJ., 2N? & (1.6.59)

which is the same as the ferromagnetic I1sing model. The phase transition of
this model would lead to a spontaneous magnetization of the new variables.
This corresponds to a net orientation of the spins toward (or opposite) the
state s; = &;. This can be seen from

m=<st> =g<s;> (1.6.60)

This model shows that a set of mixed interactions can cause the system to
choose a particular low-energy state that behaves like the ordered state found
in the ferromagnet. By extension, this makes it plausible that fully random
interactions lead to a variety of low-energy states. [

The existence of a large number of randomly located energy minima in the spin
glass might suggest that by engineering such a system we could control where the
minima occur. Then we might use the spin glass as a memory. The Mattis model pro-
vides a clue to how this might be accomplished. The use of an outer product repre-
sentation for the matrix of interactions turns out to be closely related to the model
developed by Hebb for biological imprinting of memories on the brain. The engi-
neering of minima in a long-range-interaction Ising model is precisely the model de-
veloped by Hopfield for the behavior of neural networks that we will discuss in
Chapter 2.

In the ferromagnet and antiferromagnet, there were intuitive ways to deal with
the breaking of ergodicity, because we could easily define a macroscopic parameter
(the magnetization) that differentiated between different macroscopic states of the
system. More general ways to do this have been developed for the spin glass and ap-
plied to the study of neural networks.

1.6.7 Kinetics of the Ising model

We have introduced the Ising model without the benefit of adynamics. There are many
choices of dynamics that would lead to the equilibrium ensemble given by the Ising
model. One of the most natural would arise from considering each spin to have the
two-state system dynamics of Section 1.4. In this dynamics, transitions between up and
DOWN Occur across an intermediate barrier that sets the transition rate. We call this the
activated dynamics and will use it to discuss protein folding in Chapter 4 because it can
be motivated microscopically. The activated dynamics describes a continuous rate of
transition for each of the spins. It is often convenient to consider transitions as occur-
ring at discrete times. A particularly simple dynamics of this kind was introduced by
Glauber for the Ising model. It also corresponds to the dynamics popular in studies of
neural networks that we will discuss in Chapter 2. In this section we will show that the
two different dynamics are quite closely related. In Section 1.7 we will consider several
other forms of dynamics when we discuss Monte Carlo simulations.
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If there are many different possible ways to assign a dynamics to the Ising model,
how do we know which one is correct? As for the model itself, it is necessary to con-
sider the system that is being modeled in order to determine which kinetics is appro-
priate. However, we expect that there are many different choices for the kinetics that
will provide essentially the same results as long as we consider its long time behavior.
The central limit theorem in Section 1.2 shows that in a stochastic process, many in-
dependent steps lead to the same Gaussian distribution of probabilities,independent
of the specific steps that are taken. Similarly, if we choose a dynamics for the Ising
model that allows individual spin flips, the behavior of processes that involve many
spin flips should not depend on the specific dynamics chosen. Having said this, we
emphasize that the conditions under which different dynamic rules provide the same
long time behavior are not fully established. This problem is essential ly the same as
the problem of classifying dynamic systems in general. We will discuss it in more de-
tail in Section 1.7.

Both the activated dynamics and the Glauber dynamics assume that each spin re-
laxes from its present state toward its equilibrium distribution. Relaxation of each
spin is independent of other spins. The equilibrium distribution is determined by the
relative energy of its up and DoOwN state at a particular time. The energy difference
between having the ith spin s; up and DowN is:

Ei({si) =BG = +1.{s}1) - EGi = -1.{s;}j2) (1.6.61)
The probability of the spin being up or bownN is given by Eq. (1.4.14) as:

P, (D= ; = f(E+) (1.6.62)

+oE/KT

P.(-1) =1- f(E,) =f(-Ey) (1.6.63)

In the activated dynamics, all spins perform transitions at all times with rates
R(1]-1) and R(- 1|1) given by Eqgs.(1.4.38) and (1.4.39) with a site-dependent energy
barrier Eg; that sets the relaxation time for the dynamics ;. As with the two-state
system, it is assumed that each transition occurs essentially instantaneously. The
choice of the barrier Eg; is quite important for the kinetics, particularly since it may
also depend on the state of other spins with which the i th spin interacts. As soon as
one of the spins makes a transition,all of the spins with which it interacts must change
their rate of relaxation accordingly. Instead of considering directly the rate of transi-
tion, we can consider the evolution of the probability using the Master equation,
Eq. (1.4.40) or (1.4.43). This would be convenient for Master equation treatments of
the whole system. However, the necessity of keeping track of all of the probabilities
makes this impractical for all but simple considerations.

Glauber dynamics is simpler in that it considers only one spin at a time. The sys-
tem is updated in equal time intervals.Each time interval is divided into N small time
increments. During each time increment, we select a particular spin and only consider
its dynamics. The selected spin then relaxes completely in the sense that its state is set
to be up or bowN according to its equilibrium probability, Eq. (1.6.62). The transi-
tions of different spins occur sequentially and are not otherwise coupled. The way we
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select which spin to update is an essential part of the Glauber dynamics. The simplest
and most commonly used approach is to select a spin at random in each time incre-
ment. This means that we do not guarantee that every spin is selected during a time
interval consisting of N spin updates.Likewise,some spins will be updated more than
once in a time interval.On average,however, every spin is updated once per time in-
terval.

In order to show that the Glauber dynamics are intimately related to the activated
dynamics, we begin by considering how we would implement the activated dynamics
on an ensemble of independent two-state systems whose dynamics are completely de-
termined by the relaxation timet = (R(1]-1) + R(1]-1)) ! (Eq.(1.4.44)). We can think
about this ensemble as representing the dynamics of a single two-state system, or, in
a sense that will become clear, as representing a noninteracting Ising model. The to-
tal number of spins in our ensemble is N. At time t the ensemble is described by the
number of up spins given by NP(1;t) and the number of bown spins NP(- 1;t).

We describe the activated dynamics of the ensemble using a small time interval
Dt, which eventually we would like to make as small as possible. During the interval
of time Dt, which is much smaller than the relaxation time t, a certain number of spins
make transitions. The probability that a particular spin will make a transition from
uP to DOWN is given by R(- 1|1)Dt. The total number of spins making a transition
from bownN to up, and from up to DOWN, is:

NP(- LHR(1|-1)Dt
NP(L;H)R(- 1|1)Dt

respectively. To implement the dynamics, we must randomly pick out of the whole en-
semble this number of up spins and bownN spins and flip them. The result would be
a new number of up and pown spins NP(1;t + Dt) and NP(- 1;t + Dt). The process
would then be repeated.

It might seem that there is no reason to randomly pick the ensemble elements to
flip, because the result is the same if we rearrange the spins arbitrarily. However, if
each spin represents an identifiable physical system (e.g., one spin out of a noninter-
acting Ising model) that is performing an internal dynamics we are representing, then
we must randomly pick the spins to flip.

It is somewhat inconvenient to have to worry about selecting a particular num-
ber of up and bowN spins separately. We can modify our prescription so that we se-
lect a subset of the spins regardless of orientation. To achieve this, we must allow that
some of the selected spins will be flipped and some will not. We select a fraction v of
the spins of the ensemble. The number of these that are bown is MNP(- 1;t). In or-
der to flip the same number of spins from bownN to up, as in Eq.(1.6.64), we must flip
up a fraction R(1]-1) Dt/ of the nNP(- 1;1) spins. Consequently, the fraction of spins
we do not flip is (1 — R(1]-1)Dt/vy). Similarly, the number of selected up spins is
nNP(1;t) the fraction of these to be flipped is R(- 1|1)Dt/v, and the fraction we do not
flipis (1 - R(- 1|]1) Dt/v). In order for these expressions to make sense (to be positive)
1 must be large enough so that at least one spin will be flipped. This implies > max
(R(1-1)Dx, R(- 1]1)Dt). Moreover, we do not want n to be larger than it must be

(1.6.64)
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because this will just force us to select additional spins we will not be flipping. A con-
venient choice would be to take

n=R(|- 1) +R(- 1|1))Dt = D/t (1.6.65)

The consequences of this choice are quite interesting, since we find that the fraction
of selected bownN spins to be flipped up is R(1|-1) / (R(1]-1) + R(- 1|1)) = P(1), the
equilibrium fraction of up spins. The fraction not to be flipped is the equilibrium
fraction of bown spins. Similarly, the fraction of selected up spins that are to be
flipped pownN is the equilibrium fraction of bownN spins, and the fraction to be left
up is the equilibrium fraction of up spins. Consequently, the outcome of the dynam-
ics of the selected spin does not depend at all on the initial state of the spin. The re-
vised prescription for the dynamics is to select a fraction v of spins from the ensem-
ble and set them according to their equilibrium probability.

We still must choose the time interval Dt. The smallest time interval that makes
sense is the interval for which the number of selected spins would be just one. A
smaller number would mean that sometimes we would not choose any spins. Setting
the number of selected spinsmN =1 using Eq. (1.6.65) gives:

1 T

D= RO D-RCI) N

(1.6.66)

which also implies the condition Dt << t, and means that the approximation of a fi-
nite time increment Dt is directly coupled to the size of the ensemble. Our new pre-
scription is that we select a single spin and set it up or bownN according to its equi-
librium probability. This would be the prescription of Glauber dynamics if the
ensemble were considered to be the Ising model without interactions. Thus for a non-
interacting Ising model, the Glauber dynamics and the activated dynamics are the
same. So far we have made no approximation except the finite size of the ensemble.
We still have one more step to go to apply this to the interacting Ising model.

The activated dynamics is a stochastic dynamics, so it does not make sense to
discuss only the dynamics of a particular system but the dynamics of an ensemble
of Ising models. At any moment, the activated dynamics treats the Ising model as a
collection of several kinds of spins. Each kind of spin is identified by a particular
value of E, and E. These parameters are controlled by the local environment of the
spin. The dynamics is not concerned with the source of these quantities, only their
values. The dynamics are that of an ensemble consisting of several kinds of spins
with a different number N, of each kind of spin, where k indexes the kind of spin.
According to the result of the previous paragraph, and specifically Eq. (1.6.65), we
can perform this dynamics over a time interval Dt by selecting N, Dt /<, spins of each
kind and updating them according to the Glauber method. This is strictly
applicable only for an ensemble of Ising systems. If the Ising system that we are con-
sidering contains many correlation lengths, Eq. (1.6.50), then it represents the en-
semble by itself. Thus for a large enough Ising model, we can apply this to a single
system.
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If we want to select spins arbitrarily, rather than of a particular kind, we must
make the assumption that all of the relaxation times are the same, t, ® <. This as-
sumption means that we would select a total number of spins:

o N,Dt Dt
a rkk ® N= (16.67)
k

As before, Dt may also be chosen so that in each time interval only one spin is selected.

Using two assumptions, we have been able to derive the Glauber dynamics di-
rectly from the activated dynamics.One of the assumptions is that the dynamics must
be considered to apply only as the dynamics of an ensemble. Even though both dy-
namics are stochastic dynamics, applying the Glauber dynamics directly to a single
system is only the same as the activated dynamics for a large enough system. The sec-
ond assumption is the equivalence of the relaxation timest,. When is this assumption
valid? The expression for the relaxation time in terms of the two-state system is given
by Eq. (1.4.44) as

1/1 = (R(1|-1) + R(- 1|1)) = v(e e EV/KT 4 ¢ - (Bo-E.D/KTy (1.6.68)

When the relative energy of the two states E; and E_, varies between different spins,
this will in general vary. The size of the relaxation time is largely controlled by the
smaller of the two energy differences Eg - E; and Eg - E_;. Thus,maintaining the same
relaxation time would require that the smaller energy difference is nearly constant.
This is essential, because the relaxation time changes exponentially with the energy
difference.

We have shown that the Glauber dynamics and the activated dynamics are closely
related despite appearing to be quite different. We have also found how to generalize
the Glauber dynamics if we must allow different relaxation times for different spins.
Finally, we have found that the time increment for a single spin update corresponds
tot/N. This means that a single Glauber time step consisting of N spin updates cor-
responds to a physical time T—the microscopic relaxation time of the individual
spins.

At this point we have introduced a dynamics for the Ising model, and it should
be possible for us to investigate questions about its kinetics.Often questions about the
kinetics may be described in terms of time correlations. Like the correlation length,
we can introduce a correlation time < that is given by the decay of the spin-spin cor-
relation

<s(t9s() >- <s;>"pe (1.6.69)

For the case of a relaxing two-state system,the correlation time is the relaxation time
t. This follows from Eq. (1.4.45), with some attention to notation as described in
Question 1.6.13.

uestion 1.6.13 Show that for a two-state system, the correlation time
is the relaxation time <.
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Solution 1.6.13 The difficulty in this question is restoring some of the no-
tational details that we have been leaving out for convenience. From
Eq. (1.6.45) we have for the average:

<si(t9s;i®> =R g5, 0L D+Ps gos,0)(- 1~

(1.6.70)
- P as,00@-D- Pscgs,0(- 1D

Let’s assume thatt ¢ t, then each of these joint probabilities of the form
Py 9.0 (2:81) is given by the probability that the two-state system starts in
the state s; at time t, multiplied by the probability that it will evolve from s;
intos, attime t¢

Psic 9.5:0)62:51) = Py, 9,5 ) 62 151)Ps; ¢) 1) (16.71)

The first factor on the right is called the conditional probability. The prob-
ability for a particular state of the spin is the equilibrium probability
that we wrote as P(1) and P(-1). The conditional probabilities satisfy
Ps, t9,5,0(1651) + Pt .5, (- 1651) =1, so we can simplify Eq. (1.6.70) to:

<si(t9si (0) > = 2P, 9.5 )1 D)- DPD) +(Ps,¢ 95,y (- 11- - DP(- D
(1.6.72)
The evolution of the probabilities are described by Eq.(1.4.45),repeated here:
P(L:t) = (P(L;0) - P(1;¥))e"™ +P(1¥) (1.6.73)

Since the conditional probability assumes a definite value for the initial state

(e.9., P(1;0) = 1 for Py g 5 (1]1)), we have:
Pyeosr(ll1) = @ - P))e” “V+p(1) 1674)
Petgso(- 1-1) = (1 - P(-1))e " (9 + p(- 1)

Inserting these into Eq. (1.6.72) gives:

<51 (90> =@- PR V" +P]- PO
+@a- Pe-1)e V" +P( D]- DP(- D (1675)
= 4PQP(-De "V +(PQ)- P( D)?
The constant term on the right is the same as the square of the average of the
spin:
<s(t)>" = (P(1) - P(-1))° (1.6.76)

Inserting into Eq.(1.6.69) leads to the desired result (we have assumed that
te> 1):

<s;(t9s(t)> - <s;(t)>2=4P(1)P(-1)e @V e &V (1677) O
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From the beginning of our discussion of the Ising model,a central issue has been
the breaking of the ergodic theorem associated with the spontaneous magnetization.
Now that we have introduced a kinetic model, we will tackle this problem directly.
First we describe the problem fully. The ergodic theorem states that a time average
may be replaced by an ensemble average. In the ensemble,all possible states of the sys-
tem are included with their Boltzmann probability. Without formal justification, we
have treated the spontaneous magnetization of the Ising model at h = 0 as a macro-
scopically observable quantity. According to our prescription,this is not the case. Let
us perform the average <s; > over the ensemble at T =0 and h =0. There are two pos-
sible states of the system with the same energy, one with {5; =1} and one with {s; = -1}.
Since they must occur with equal probability by our assumption, we have that the av-
erage <s; > is zero.

This argument breaks down because of the kinetics of the system that prevents
a transition from one state to the other during the course of a measurement. Thus
we measure only one of the two possible states and find a magnetization of 1 or —1.
How can we prove that this system breaks the ergodic theorem? The most direct test
is to start from a system with a slightly positive magnetic field near T = 0 where the
magnetization is +1, and reverse the sign of the magnetic field. In this case the equi-
librium state of the system should have a magnetization of —1. Instead the system will
maintain its magnetization as +1 for a long time before eventually switching from
one to the other. The process of switching corresponds to the kinetics of a first-order
transition.

1.6.8 Kinetics of a first-order phase transition

In this section we discuss the first-order transition kinetics in the I1sing model. Similar
arguments apply to other first-order transitions like the freezing or boiling of water.
If we start with an Ising model in equilibrium at a temperature T < T, and a small
positive magnetic field h << zJ, the magnetization of the system is essentially my(pzJ).
If we change the magnetic field suddenly to a small negative value, the equilibrium
state of the system is - my(pzJ);however, the system will require some time to change
its magnetization. The change in the magnetic field has very little effect on the energy
of an individual spin s;. This energy is mostly due to the interaction with its neigh-
bors, with a relatively small contribution due to the external field. Most of the time
the neighbors are oriented up, and this makes the spin have a lower energy when it is
up. This gives rise to the magnetization my(fzJ). Until s;'s neighbors change their av-
erage magnetization, s; has no reason to change its magnetization. But then neither do
the neighbors. Thus, because each spin is in its own local equilibrium,the process that
eventually equilibrates the system requires a cooperative effect including more than
one spin. The process by which such a first-order transition occurs is not the simul -
taneous switching of all of the spins from one value to the other. This would require
an impossibly long time. Instead the transition occurs by nucleation and growth of
the equilibrium phase.

It is easiest to describe the nucleation process when T is sufficiently less than T
so that the spins are almost always +1. In mean field, already for T < 0.737T, the
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probability of a spin being up is greater than 90% (P(1) = (1 + m)/2 > 0.9),and for
T < 0.61T, the probability of a spin being up is greater than 95%. As long as T is
greater than zero, individual spins will flip from time to time. However, even though
the magnetic field would like them to be bown, their local environment consisting of
uP spins does not. Since the interaction with their neighbors is stronger than the in-
teraction with the external field,the spin will generally flip back up after a short time.
There is a smaller probability that a second spin,a neighbor of the first spin, will also
flip bownN. Because one of the neighbors of the second spin is already bowN, there is
a lower energy cost than for the first one. However, the energy of the second spin is
still higher when it is bownN, and the spins will generally flip back, first one then the
other. There is an even smaller probability that three interacting spins will flippown.
The existence of two DownN spins makes it more likely for the third to do so. If the first
two spins were neighbors,than the third spin can have only one of them as its neigh-
bor. So it still costs some energy to flip bown the third spin. If there are three spins
flipped pown in an L shape,the spin that completesa2” 2 square has two neighbors
that are +1 and two neighbors that are —1,s0 the interactions with its neighbors can-
cel. The external field then gives a preference for it to be bownN. There is still a high
probability that several of the spins that are pownN will flip up and the little cluster
will then disappear. Fig. 1.6.9 shows various clusters and their energies compared to a
uniform region of +1 spins. As more spins are added,the internal region of the clus-
ter becomes composed of spins that have four neighbors that are all bownN. Beyond a
certain size (see Question 1.6.14) the cluster of bownN spins will grow, because adding
spins lowers the energy of the system. At some point the growing region of bownN
spins encounters another region of bownN spins and the whole system reaches its new
equilibrium state, where most spins are DOWN.

uestion 1.6.14 Using an estimate of how the energy of large clusters of
DOWN spins grows, show that large enough clusters must have a lower
energy than the same region if it were composed of up spins.

Solution 1.6.14 The energy of a cluster of DowN spins is given by its inter-
action with the external magnetic field and the number of antialigned bonds
that form its boundary. The change in energy due to the external magnetic
field is exactly 2hN,, which is proportional to the number of spins in the

Figure 1.6.9 lllustration of small clusters of pown spins shown as filled dark squares resid-
ing in a background of up spins on a square lattice. The energies for creating the clusters are
shown. The magnetic field, h, is negative. The formation of such clusters is the first step to-
wards nucleation of a bown region when the system undergoes a first-order transition from up
to pown. The energy is counted by the number of spins that are bown times the magnetic field
strength, plus the interaction strength times the number of antialigned neighboring spins,
which is the length of the boundary of the cluster. In a first-order transition, as the size of
the clusters grows the gain from orienting toward the magnetic field eventually becomes
greater than the loss from the boundary energy. Then the cluster becomes more likely to grow
than shrink. See Question 1.6.14 and Fig. 1.6.10. O
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cluster N,. This is negative since h is negative. The energy of the boundary is
proportional to the number of antialigned bonds, and it is always positive.
Because every additional antialigned bond raises the cluster energy, the
boundary of the cluster tends to be smooth at low temperatures. Therefore, we
can estimate the boundary energy using a simple shape like a square or circu-
lar cluster in 2-d (a cube or ball in 3-d). Either way the energy will increase as
fINS4DM where d is the dimensionality and f is a constant accounting for the
shape. Since the negative contribution to the energy increases, in proportion
to the area (volume) of the cluster, and the positive contribution to the energy
increases in proportion to the perimeter (surface area) of the cluster, the neg-
ative term eventually wins.Once a cluster is large enough so that its energy is
dominated by the interaction with the magnetic field,then, on-average, adding
an additional spin to the cluster will lower the system energy. O

uestion 1.6.15 Without looking at Fig. 1.6.9, construct all of the dif-
ferent possible clusters of as many as five bowN spins.Label them with
their energy.

Solution 1.6.15 See Fig. 1.6.9. O

The scenario just described, known as nucleation and growth, is generally re-
sponsible for the kinetics of first-order transitions. We can illustrate the process
schematically (Fig. 1.6.10) using a one dimensional plot indicating the energy per spin
of a cluster as a function of the number of atoms in the cluster. The energy of the clus-
ter increases at first when there are very few spins in the cluster, and then decreases
once it is large enough. Eventually the energy decreases linearly with the number of
spins in the cluster. The decrease per spin is the energy difference per spin between the
two phases. The first cluster size that is “over the hump” is known as the critical clus-
ter. The process of reaching this cluster is known as nucleation.A first estimate of the
time to nucleate a critical cluster at a particular place in space is given by the inverse
of the Boltzmann factor of the highest energy barrier in Fig. 1.6.10. This corresponds
to the rate of transition over the barrier given by a two-state system with this same
barrier (see Eq. (1.4.38) and Eq. (1.4.44)). The size of the critical cluster depends on
the magnitude of the magnetic field.A larger magnetic field implies a smaller critical
cluster. Once the critical cluster is reached,the kinetics corresponds to the biased dif-
fusion described at the end of Section 1.4. The primary difficulty with an illustration
such as Fig. 1.6.10 is that it is one-dimensional. We would need to show the energy of
each type of cluster and all of the ways one cluster can transform into another.
Moreover, the clusters themselves may move in space and merge or separate. In Fig.
1.6.11 we show frames from a simulation of nucleation in the Ising model using
Glauber dynamics. The frames illustrate the process of nucleation and growth.

Experimental studies of nucleation kinetics are sometimes quite difficult. In
physical systems,impurities often lower the barrier to nucleation and therefore con-
trol the rate at which the first-order transition occurs. This can be a problem for the
investigation of the inherent nucleation because of the need to study highly purified
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Critical N¢

Figure 1.6.10 Schematic illustration of the energies that control the kinetics of a first-order
phase transition. The horizontal axis is the size of a cluster of pown spins N, that are the equi-
librium phase. The cluster is in a background of up spins that are the metastable phase. The
vertical axis is the energy of the cluster. Initially the energy increases with cluster size until
the cluster reaches the critical cluster size. Then the energy decreases. Each spin flip has its
own barrier to overcome, leading to a washboard potential. The highest barrier Eg,, that the
system must overcome to create a critical nucleus controls the rate of nucleation. This is sim-
ilar to the relaxation of a two-level system discussed in Section 1.4. However, this simple pic-
ture neglects the many different possible clusters and the many ways they can convert into
each other by the flipping of spins. A few different types of clusters are shown in Fig. 1.6.9. 0

systems. However, this sensitivity should be understood as an opportunity for control
over the kinetics. It is similar to the sensitivity of electrical properties to dopant im-
purities in a semiconductor, which enables the construction of semiconductor de-
vices. There is at least one direct example of the control of the kinetics of a first-order
transition. Before describing the example, we review a few properties of the water-to-
ice transition. The temperature of the water-to-ice transition can be lowered signifi-
cantly by the addition of impurities. The freezing temperature of salty ocean water is
lower than that of pure water. This suppression is thermodynamic in origin, which
means that the T, is actually lower. There exist fish that live in sub-zero-degrees ocean
water whose blood has less salt than the surrounding ocean. These fish use a family of
so-called antifreeze proteins that are believed to kinetically suppress the freezing of
their blood. Instead of lowering the freezing temperature,these proteins suppress ice
nucleation.

The existence of a long nucleation time implies that it is often possible to create
metastable materials. For example, supercooled water is water whose ttmperature has
been lowered below its freezing point. For many years, particle physicists used a su-
perheated fluid to detect elementary particles. Ultrapure liquids in large tanks were
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Figure 1.6.11 Frames from a simulation illustrating nucleation and growth in an Ising model
in 2-d. The temperature is T =zJ/3 and the magnetic field is h = - 0.25. Glauber dynamics was
used. Each time step consists of N updates where the space size isN=60" 60. Frames shown
are in intervals of 40 time steps. The first frame shown is at t = 200 steps after the begin-
ning of the simulation. Black squares are pown spins and white areas are up spins. The



Computer simulations 185
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metastability of the up phase is seen in the existence of only a few pown spins until the frame
at t =320. All earlier frames are qualitatively the same as the frames at t = 200,240 and 280.
A critical nucleus forms between t =280 and t = 320. This nucleus grows systematically un-
til the final frame when the whole system is in the equilibrium pown phase. O
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suddenly shifted above their boiling temperature. Small bubbles would then nucleate
along the ionization trail left by charged particles moving through the tank. The bub-
bles could be photographed and the tracks of the particles identified. Such detectors
were called bubble chambers. This methodology has been largely abandoned in favor
of electronic detectors. There is a limit to how far a system can be supercooled or su-
perheated. The limit is easy to understand in the Ising model. If a system with a pos-
itive magnetization m is subject to a negative magnetic field of magnitude greater
than zJm, then each individual spin will flip bowN independent of its neighbors. This
is the ultimate limit for nucleation kinetics.

1.6.9 Connections between CA and the Ising model

Our primary objective throughout this section is the investigation of the equilibrium
properties of interacting systems. It is useful, once again, to consider the relationship
between the equilibrium ensemble and the kinetic CA we considered in Section 1.5.
When a deterministic CA evolves to a unique steady state independent of the initial
conditions, we can identify the final state as the T = 0 equilibrium ensemble. This is,
however, not the way we usually consider the relationship between a dynamic system
and its equilibrium condition. Instead, the equilibrium state of a system is generally
regarded as the time average over microscopic dynamics. Thus when we use the CA
to represent a microscopic dynamics, we could also identify a long time average of a
CA as the equilibrium ensemble. Alternatively, we can consider a stochastic CA that
evolves to a unique steady-state distribution where the steady state is the equilibrium
ensemble of a suitably defined energy function.

Computer Simulations (Monte Carlo,
Simulated Annealing)

Computer simulations enable us to investigate the properties of dynamical systems by
directly studying the properties of particular models. Originally, the introduction of
computer simulation was viewed by many researchers as an undesirable adjunct to an-
alytic theory. Currently, simulations play such an important role in scientific studies
that many analytic results are not believed unless they are tested by computer simula-
tion. In part, this reflects the understanding that analytic investigations often require
approximations that are not necessary in computer simulations. When a series of ap-
proximations has been made as part of an analytic study, a computer simulation of the
original problem can directly test the approximations. If the approximations are vali-
dated, the analytic results often generalize the simulation results. In many other cases,
simulations can be used to investigate systems where analytic results are unknown.

1.7.1 Molecular dynamics and deterministic simulations

The simulation of systems composed of microscopic Newtonian particles that expe-
rience forces due to interparticle interactions and external fields is called molecular
dynamics. The techniques of molecular dynamics simulations, which integrate
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Newton’s laws for individual particles,have been developed to optimize the efficiency
of computer simulation and to take advantage of parallel computer architectures.
Typically, these methods implement a discrete iterative map (Section 1.1) for the par-
ticle positions. The most common (Verlet) form is:

r(t)=2r(t- DX) - r(t- 2Dt) +Dt*a(t- Dt) (1.7.1)

where a(t) = F(t)/m is the force on the particle calculated from models for interparti-
cle and external forces. As in Section 1.1, time would be measured in units of the time
interval Dt for convenience and efficiency of implementation. Eq. (1.7.1) is alge-
braically equivalent to the iterative map in Question 1.1.4, which is written as an up-
date of both position and velocity:

F(t) =r(t- Dt) + Dtv(t- Dt/2)
v(t+Dt/2) =v(t- Dt/2) +Dta(t)

As indicated, the velocity is interpreted to be at half integral times, though this does
not affect the result of the iterative map.

For most such simulations of physical systems,the accuracy is limited by the use
of models for interatomic interactions. Modern efforts attempt to improve upon this
approach by calculating forces from quantum mechanics. However, such simulations
are very limited in the number of particles and the duration of a simulation.A useful
measure of the extent of a simulation is the product Nt,,,, of the amount of physical
time t,,,,, and the number of particles that are simulated N. Even without quantum
mechanical forces,molecular dynamics simulations are still far from being able to de-
scribe systems on a space and time scale comparable to human senses. However, there
are many questions that can be addressed regarding microscopic properties of mole-
cules and materials.

The development of appropriate simplified macroscopic descriptions of physical
systems is an essential aspect of our understanding of these systems. These models
may be based directly upon macroscopic phenomenology obtained from experiment.
We may also make use of the microscopic information obtained from various sources,
including both theory and experiment, to inform our choice of macroscopic models.
It is more difficult, but important as a strategy for the description of both simple and
complex systems, to develop systematic methods that enable macroscopic models to
be obtained directly from microscopic models. The development of such methods is
still in its infancy, and it is intimately related to the issues of emergent simplicity and
complexity discussed in Chapter 8.

Abstract mathematical models that describe the deterministic dynamics for var-
ious systems, whether represented in the form of differential equations or determin-
istic cellular automata (CA, Section 1.5), enable computer simulation and study
through integration of the differential e quations or through simulation of the CA.
The effects of external influences, not incorporated in the parameters of the model,
may be maodeled using stochastic variables (Section 1.2).Such models, whether of flu-
ids or of galaxies, describe the macroscopic behavior of physical systems by assuming
that the microscopic (e.g., molecular) motion is irrelevant to the macroscopic

(1.7.2)
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phenomena being described. The microscopic behavior is summarized by parameters
such as density, elasticity or viscosity. Such model simulations enable us to describe
macroscopic phenomena on a large range of spatial and temporal scales.

1.7.2 Monte Carlo simulations

In our investigations of various systems, we are often interested in average quantities
rather than a complete description of the dynamics. This was particularly apparent in
Section 1.3, when equilibrium thermodynamic properties of systems were discussed.
The ergodic theorem (Section 1.3.5) suggested that we can use an ensemble average
instead of the space-time average of an experiment. The ensemble average enables us
to treat problems analytically, when we cannot integrate the dynamics explicitly. For
example, we studied equilibrium properties of the Ising model in Section 1.6 without
reference to its dynamics. e were able to obtain estimates of its free energy, energy
and magnetization by averaging various quantities using ensemble probabilities.

However, we also found that there were quite severe limits to our analytic capa-
bilities even for the simplest Ising model. It was necessary to use the mean field ap-
proximation to obtain results analytically. The essential difficulty that we face in per-
forming ensemble averages for complex systems,and even for the simple Ising model,
is that the averages have to be performed over the many possible states of the system.
For as few as one hundred spins,the number of possible states of the system—zloo—
is so large that we cannot average over all of the possible states. This suggests that we
consider approximate numerical techniques for studying the ensemble averages. In
order to perform the averages without summing over all the states, we must find some
way to select a representative sample of the possible states.

Monte Carlo simulations were developed to enable numerical averages to be per-
formed efficiently. They play a central role in the use of computers in science. Monte
Carlo can be thought of as a general way of estimating averages by selecting a limited
sample of states of the system over which the averages are performed. In order to opti-
mize convergence of the average, we take advantage of information that is known about
the system to select the limited sample. As we will see, under some circumstances,the
sequence of states selected in a Monte Carlo simulation may itself be used as a model of
the dynamics of a system. Then,if we are careful about designing the Monte Carlo, we
can separate the time scales of a system by treating the fast degrees of freedom using an
ensemble average and still treat explicitly the dynamic degrees of freedom.

To introduce the concept of Monte Carlo simulation,we consider finding the av-
erage of a function f (), where the system variable s has the probability P(s). For sim-
plicity, we take s to be a single real variable in the range [- 1,+1]. The average can be
approximated by a sum over equally spaced valuess;:

1 M
<f()> :c‘j(s)P(s)ds »é_ f ;)P (5)As = % é_ f(n/M)P(n/M) (1.7.3)
-1 Sj n=-M

This formula works well if the functions f (s) and P(s) are reasonably smooth and uni-
form in magnitude. However, when they are not smooth,this sum can be a very inef-
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ficient way to perform the integral. Consider this integral when P(s) is a Gaussian,and
f (s) is a constant:

P 18 (/M) 1267
<fE)>uQ ds »V ae (1.7.4)
-1 n=-M

A plot of the integrand in Fig. 1.7.1 shows that for o<<1 we are performing the inte-
gral by summing many values that are essentially zero. These values contribute noth-
ing to the result and require as much computational effort as the comparatively few
points that do contribute to the integral near s = 0, where the function is large. The
few points near s = 0 will not give a very accurate estimate of the integral. Thus,most
of the computational work is being wasted and the integral is not accurately evalu-
ated. If we want to improve the accuracy of the sum, we have to increase the value of
M. This means we will be summing many more points that are almost zero.

To avoid this problem, we would like to focus our attention on the region in
Eq. (1.7.4) where the integrand is large. This can be done by changing how we select
the points where we perform the average. Instead of picking the points at equal inter-
vals along the line, we pick them with a probability given by P(s). This is the same as
saying that we have an ensemble representing the system with the state variable s.
Then we perform the ensemble average:

N
<16)> =g EPEs = & 16) 175)

sP(s)

1 -S 0 s 1

Figure 1.7.1 Plot of the Gaussian distribution illustrating that an integral that is performed
by uniform sampling will use a lot of points to represent regions where the Gaussian is van-
ishingly small. The problem gets worse as o becomes smaller compared to the region over
which the integral must be performed. It is much worse in typical multidimensional averages
where the Boltzmann probability is used. Monte Carlo simulations make such integrals com-
putationally feasible by sampling the integrand in regions of high probability. O
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The latter expression represents the sum over N values of s, where these values have
the probability distribution P(s). We have implicitly assumed that the function f () is
relatively smooth compared to P(s). In Eg. (1.7.5) we have replaced the integral with
a sum over an ensemble. The problem we now face is to obtain the members of the
ensemble with probability P(s). To do this we will invert the ergodic theorem of
Section 1.3.5.

Since Section 1.3 we have described an ensemble as representing a system, if the
dynamics of the system satisfied the ergodic theorem. We now turn this around and
say that the ensemble sum in Eq.(1.7.5) can be represented by any dynamics that sat-
isfies the ergodic theorem, and which has as its equilibrium probability P(s). To do
this we introduce a time variable t that, for our current purposes, just indicates the
order of terms in the sum we are performing. The value of s appearing in thetth term
would be s(t). We then rewrite the ergodic theorem by considering the time average
as an approximation to the ensemble average (rather than the opposite):

.
<f@)> :Tié f (s5(t)) (1.7.6)
t=1

The problem remains to sequentially generate the states s(t), or, in other words, to
specify the dynamics of the system. If we know the probability P(s),and s is a few bi-
nary or real variables,this may be done directly with the assistance of a random num-
ber generator (Question 1.7.1). However, often the system coordinate s represents a
large number of variables.A more serious problem is that for models of physical sys-
tems, we generally don’t know the probability distribution explicitly.

Thermodynamic systems are described by the Boltzmann probability
(Section 1.3):

1.
P({x, p}) = =~ EbPI/KT
g (1.7.7)
7 = § o EWePDAT
x.p}

where {x,p} are the microscopic coordinates of the system,and E({x,p}) is the micro-
scopic energy. An example of a quantity we might want to calculate would be the av-
erage energy:

1o - /K
U==a E(k,ppe "EPVT (17.8)
z
x.p}
In many cases,as discussed in Section 1.4, the quantity that we would like to find the
average of depends only on the position of particles and not on their momenta. We
then write more generally

P(S): LB-F(S)/kT
Zs

Z, =8 e FON (1.7.9)

S



Computer simulations 191

where we use the system state variable s to represent the relevant coordinates of the
system. We make no assumption about the dimensionality of the coordinate s which
may, for example, be the coordinates {x} of all of the particles. F(5) is the free energy
of the set of states associated with the coordinate s. A precise definition, which indi-
cates both the variable s and its value s ¢ is given in Eq. (1.4.27):

Fo69=-KT IN(Q 850 = ®PDAT)

o (1.7.10)

We note that Eq. (1.7.9) is often written using the notation E(s) (the energy of s) in-
stead of F(s) (the free energy of s),though F(s) is more correct. An average we might
calculate, of a quantity Q(s), would be:

1 _
U= Eé Q) " (17.12)
S

where Q(S) is assumed to depend only on the variable s and not directly on {x,p}.

The problem with the evaluation of either Eq. (1.7.8) or Eqg. (1.7.11) is that the
Boltzmann probability does not explicitly give us the probability of a particular state.
In order to find the actual probability, we need to find the partition function Z. To cal-
culate Z we need to perform a sum over all states of the system, which is computa-
tionally impossible. Indeed,if we were able to calculate Z, then,as discussed in Section
1.3, we would know the free energy and all the other thermodynamic properties of the
system. So a prescription that relies upon knowing the actual value of the probability
doesn’t help us. However, it turns out that we don’'t need to know the actual proba-
bility in order to construct a dynamics for the system, only the relative probabilities
of particular states. The relative probability of two states, P(s) / P(s9),is directly given
by the Boltzmann probability in terms of their relative energy:

P(s) / P(sq) = e FO-FCOAT (1.7.12)

This is the key to Monte Carlo simulations. It is also a natural result, since a system
that is evolving in time does not know global properties that relate to all of its possi-
ble states. It only knows properties that are related to the energy it has,and how this
energy changes with its configuration. In classical mechanics, the change of energy
with configuration would be the force experienced by a particle.

Our task is to describe a dynamics that generates a sequence of states of a system
s(t) with the proper probability distribution, P(s). The classical (Newtonian) ap-
proach to dynamics implies that a deterministic dynamics exists which is responsible
for generating the sequence of states of a physical system. In order to generate the
equilibrium ensemble, however, there must be contact with a thermal reservoir.
Energy transfer between the system and the reservoir introduces an external interac-
tion that disrupts the system’s deterministic dynamics.

We will make our task simpler by allowing ourselves to consider a stochastic
Markov chain (Section 1.2) as the dynamics of the system. The Markov chain is de-
scribed by the probability P,(s¢s®) of the system in a state s = s@making a transition
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to the state s =s¢ A particular sequence s(t) is generated by starting from one config-
uration and choosing its successors using the transition probabilities.

The general formulation of a Markov chain includes the classical Newtonian dy-
namics and can also incorporate the effects of a thermal reservoir. However, it is gen-
erally convenient and useful to use a Monte Carlo simulation to evaluate averages that
do not depend on the momenta,as in Eq.(1.7.11). There are some drawbacks to this
approach. It limits the properties of the system whose averages can be evaluated.
Systems where interactions between par ticles depend on their momenta cannot be
easily included. Moreover, averages of quantities that depend on both the momentum
and the position of particles cannot be performed. However, if the energy separates
into potential and kinetic energies as follows:

E({p) =V () +@ pi'/2m (17.13)

then averages over all quantities that just depend on momenta (such as the kinetic en-
ergy) can be evaluated directly without need for numerical computation. These aver-
ages are the same as those of an ideal gas. Monte Carlo simulations can then be used
to perform the average over quantities that depend only upon position {x}, or more
generally, on position-related variabless. Thus,in the remainder of this section we fo-
cus on describing Markov chains for systems described only by position-related vari-
abless.

As described in Section 1.2 we can think about the Markov dynamics as a dy-
namics of the probability rather than the dynamics of a system. Then the dynamics
are specified by

Py(s 0t) = & Py (s%ls WP,(s Gt - 1) (1.7.14)

s¢
In order for the stochastic dynamics to represent the ensemble, we must have the time
average over the probability distribution P(s¢t) equal to the ensemble probability.
This is true for a long enough time average if the probability converges to the ensem-
ble probability distribution, which is a steady-state distribution of the Markov chain:

P 9=Py(s8¥)= & P,(sUs B, &¥) (1.7.15)
s¢
Thermodynamics and stochastic Markov chains meet when we construct the Markov
chain so that the Boltzmann probability, Eqg. (1.7.9), is the limiting distribution.

We now make use of the Perron-Frobenius theorem (see Section 1.7.4 below),
which says that a Markov chain governed by a set of transition probabilities Py(s¢s®
converges to a unique limiting probability distribution as long as it is irreducible and
acyclic. Irreducible means that there exist possible paths between each state and all
other possible states of the system. This does not mean that all states of the system are
connected by nonzero transition probabilities. There can be transition probabilities
that are zero. However, it must be impossible to separate the states into two sets for
which there are no transitions from one set to the other. Acyclic means that the sys-
tem is not ballistic—the states are not organized by the transition matrix into a ring
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with a deterministic flow around it. There may be currents, but they must not be de-
terministic. It is sufficient for there to be a single state which has a nonzero probabil-
ity of making a transition to itself for this condition to be satisfied,thus it is often as-
sumed and unstated.

We can now summarize the problem of identifying the desired Markov chain.We
must construct a matrix Py(sds®) that satisfies three properties.First,it must be an al-
lowable transition matrix. This means that it must be nonnegative, P,(s&s¢2 0, and
satisfy the normalization condition (Eq (1.2.4)):

a PHs)=1 (1.7.16)

s@

Second,it must have the desired probability distribution, Eq.(1.7.9),as a fixed point.
Third, it must not be reducible—it is possible to construct a path between any two
states of the system.

These conditions are sufficient to guarantee that a long enough Markov chain
will be a good approximation to the desired ensemble. There is no guarantee that the
convergence will be rapid. As we have seen in Section 1.4,in the case of the glass tran-
sition,the ergodic theorem may be violated on all practical time scales for systems that
are following a particular dynamics. This applies to realistic or artificial dynamics. In
general such violations of the ergodic theorem, or even just slow convergence of av-
erages, are due to energy barriers or entropy “bottlenecks” that prevent the system
from reaching all possible configurations of the system in any reasonable time. Such
obstacles must be determined for each system that is studied, and are sometimes but
not always apparent. It should be understood that different dynamics will satisfy the
conditions of the ergodic theorem over very different time scales. The equivalence of
results of an average performed using two distinct dynamics is only guaranteed ifthey
are both simulated for long enough so that each satisfies the ergodic theorem.

Our discussion here also gives some additional insights into the conditions un-
der which the ergodic theorem applies to the actual dynamics of physical systems. We
note that any proof of the applicability of the ergodic theorem to a real system re-
quires considering the actual dynamics rather than a model stochastic process. When
the ergodic theorem does not apply to the actual dynamics, then the use of a Monte
Carlo simulation for performing an average must be considered carefully. It will not
give the same results if it satisfies the ergodic theorem while the real system does not.

We are still faced with the task of selecting values for the transition probabilities
P,(s¢sd® that satisfy the three requirements given above. We can simplify our search
for transition probabilities P,(s¢s®) for use in Monte Carlo simulations by imposing
the additional constraint of microscopic reversibility, also known as detailed balance:

Py(s®sQP(sG¥) = Py(sds®) Py(s&¥¥ ) (1.7.17)

This equation implies that the transition currents between two states of the system are
equal and therefore cancel in the steady state, Eq.(1.7.15). It corresponds to true equi-
librium,as would be present in a physical system. Detailed balance implies the steady-
state condition, but is not required by it.Steady state can also include currents that do
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not change in time. We can prove that Eq.(1.7.17) implies Eq. (1.7.15) by summing
over s¢
A PGEHsOPEE¥)=a PSYsHP (H¥)=P(c ®¥) (1.7.18)
sC sC
We do not yet have an explicit prescription for Py(sds®). There is still a tremen-

dous flexibility in determining the transition probabilities.One prescription that en-
ables direct implementation, called Metropolis Monte Carlo, is:

PcYsB=AiEYsY PsO/P(s®31 s sd

P.cYs®=AGCYsHP, 9/ P,c® P,GH/P, (W<l s sd

PWs®=1- § P.(UsY (1.7.19)
shgt

These expressions specify the transition probability P (s¢s® in terms of a symmetric
stochastic matrix A(s¢s®. A(sds®) is independent of the limiting equilibrium distrib-
ution. The constraint associated with the limiting distribution has been incorporated
explicitly into Eqg. (1.7.19). It satisfies detailed balance by direct substitution in
Eq. (1.7.17), since for P,(s®3 P,(s&) (similarly for the opposite) we have

P, ®@sYP, ) =A(®sOP, (59 =A(UsBP, O
= (MY BP, s O/Py s )Py (s B = P, Hs BP, (s )

The symmetry of the matrix A(s¢s® is essential to the proof of detailed balance. One
must often be careful in the design of specific algorithms to ensure this property. It is
also important to note that the limiting probability appears in Eq. (1.7.19) only in the
form of a ratio P,(5¢) /P,(s&) which can be given directly by the Boltzmann distribution.

To understand Metropolis Monte Carlo, it is helpful to describe a few examples.
We first describe the movement of the system in terms of the underlying stochastic
process specified by A(s¢s@), which is independent of the limiting distribution. This
means that the limiting distribution of the underlying process is uniform over the
whole space of possible states.

A standard way to choose the matrix A(s¢s®) is to set it to be constant for a few
states s¢that are near s& For example, the simplest random walk is such a case, since
it allows a probability of 1/2 for the system to move to the right and to the left. If s is
a continuous variable, we could choose a distance ry and allow the walker to take a step
anywhere within the distance ry with equal probability. Both the discrete and contin-
uous random walk have d-dimensional analogs or, for a system of interacting parti-
cles, N-dimensional analogs. When there is more than one dimension, we can choose
to move in all dimensions simultaneously. Alternatively, we can choose to move in
only one of the dimensions in each step. For an Ising model (Section 1.6), we could
allow equal probability for any one of the spins to flip.

Once we have specified the underlying stochastic process, we generate the se-
guence of Monte Carlo steps by applying it. However, we must modify the probabili-
ties according to Eq. (1.7.19). This takes the form of choosing a step, but sometimes
rejecting it rather than taking it. When a step is rejected,the system does not change

(1.7.20)
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its state. This gives rise to the third equation in Eq.(1.7.19) where the system does not
move. Specifically, we can implement the Monte Carlo process according to the fol-
lowing prescription:

1. Pick one of the possible moves allowed by the underlying process. The selection
is random from all of the possible moves. This guarantees that we are selecting it
with the underlying probability A(s¢sd.

2. Calculate the ratio of probabilities between the location we are going to, com-
pared to the location we are coming from

P(s8) / Py(sq) =" ECO-ECO/T (1.7.21)

If this ratio of probabilities is greater than one, which means the energy is lower where
we are going, the step is accepted. This gives the probability for the process to occur
as M(sdsd), which agrees with the first line of Eq.(1.7.19). However, if this ratio is less
than one, we accept it with a probability given by the ratio. For example,if the ratio is
0.6, we accept the move 60% of the time. If the move is rejected,the system stays in its
original location. Thus,if the energy where we are trying to go is higher, we do not ac-
cept it all the time, only some of the time. The likelihood that we accept it decreases
the higher the energy is.

The Metropolis Monte Carlo prescription makes logical sense. It tends to move
the system to regions of lower energy. This must be the case in order for the final dis-
tribution to satisfy the Boltzmann probability. However, it also allows the system to
climb up in energy so that it can reach, with a lower probability, states of higher en-
ergy. The ability to climb in energy also enables the system to get over barriers such as
the one in the two-state system in Section 1.4.

For the Ising model, we can see that the Monte Carlo dynamics that uses all single
spin flips as its underlying stochastic process is not the same as the Glauber dynamics
(Section 1.6.7), but is similar. Both begin by selecting a particular spin. After selection
of the spin, the Monte Carlo will set the spin to be the opposite with a probability:

min(1,e ~ED-EC)7KTy (1.7.22)

This means that if the energy is lower for the spin to flip, it is flipped. If it is higher, it
may still flip with the indicated probability. This is different from the Glauber pre-
scription, which sets the selected spin to up or bowN according to its equilibrium
probability (Eq. (1.6.61)-Eqg. (1.6.63)). The difference between the two schemes can
be shown by plotting the probability of a selected spin being up as a function of the
energy difference between up and bown, E, = E(1) — E(-1) (Fig. 1.7.2). The Glauber
dynamics prescription is independent of the starting value of the spin. The Metropolis
Monte Carlo prescription is not. The latter causes more changes, since the spin is
more likely to flip. Unlike the Monte Carlo prescription, the Glauber dynamics ex-
plicitly requires knowledge of the probabilities themselves. For a single spin flip in an
Ising system this is fine, because there are only two possible states and the probabili-
ties depend only on E... However, this is difficult to generalize when a system has many
more possible states.
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Ps(1;1)

Metropolis Monte Carlo

-10 10

E4+/KT
Figure 1.7.2 lllustration of the difference between Metropolis Monte Carlo and Glauber dy-
namics for the update of a spin in an Ising model. The plots show the probability P¢(1;t) of
a spin being up at time t. The Glauber dynamics probability does not depend on the starting
value of the spin. There are two curves for the Monte Carlo probability, for s(t - 1) =1 and
s(t- 1)=-1. O

There is a way to generalize further the use of Monte Carlo by recognizing that
we do not even have to use the correct equilibrium probability distribution when gen-
erating the time series. The generalized expression for an arbitrary probability distri-
bution P &s) is:

f)PE) 1 & fG)PE)
<f@)>e= P §s)ds = — —_—
) >p ) OW &) Ns%s) P ©)

The subscript P(s) indicates that the average assumes that s has the probability dis-

tribution P(s) rather than P s). This equation generalizes Eq. (1.7.5). The prob-

lem with this expression is that it requires that we know explicitly the probabilities

P(s) and P &s). This can be remedied. We illustrate for a specific case, where we use

the Boltzmann distribution at one temperature to evaluate the average at another
temperature:

(1.7.23)

N .. N
<f(s)>P(s):i é_ M :aq_q;(_)i é f(s)e-E(s)(l/kT-l/kTg (1.7.24)
N $Ps) PE) &Z gN 5P 1)

The ratio of partition functions can be directly evaluated as an average:
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Thus we have the expression:

N
<f(s)>P(s)= é f(s)e—E(s)(llkT-l/kTQ/ ae -EG)(VKT -1KT ¢ (1726)
sP Q) sP Q)

This means that we can obtain the average at various temperatures using only a sin-
gle Monte Carlo simulation. However, the whole point of using the ensemble aver-
age is to ensure that the average converges rapidly. This may not happen if the en-
semble temperature T¢is much different from the temperature T. On the other
hand, there are circumstances where the function f(s) may have an energy depen-
dence that makes it better to perform the average using an ensemble that is not the
equilibrium ensemble.

The approach of Monte Carlo simulations to the study of statistical averages en-
sures that we do not have to be concerned that the dynamics we are using for the sys-
tem is a real dynamics. The result is the same for a broad class of artificial dynamics.
The generality provides a great flexibility; however, this is also a limitation. We can-
not use the Monte Carlo dynamics to study dynamics. We can only use it to perform
statistical averages. Must we be resigned to this limitation? The answer, at least in part,
is no. The reason is rooted in the central limit theorem. For example,the implemen-
tations of Metropolis Monte Carlo and the Glauber dynamics are quite different. We
know that in the limit of long enough times, the distribution of configurations gen-
erated by both is the same. We expect that since each of them flips only one spin,if we
are interested in changes in many spins,the two should give comparable results in the
sense of the central limit theorem. This means that aside from an overall scale factor,
the time evolution of the distribution of probabilities for long times is the same. Since
we already know that the limiting distribution is the same in both cases, we are as-
serting that the approach to this limiting distribution, which is the long time dynam-
ics, is the same.

The claim that for a large number of steps all dynamics is the same is not true
about all possible Monte Carlo dynamics. If we allow all of the spins in an Ising model
to change their values in one step of the underlying dynamics A(sdsd), then this step
would be equivalent to many steps in a dynamics that allows only one spin to flip at a
time. In order for two different dynamics to give the same results,there are two types
of constraints that are necessary. First, both must have similar kinds of allowed steps.
Specifically, we define steps to the naturally proximate configurations as local moves.
As long as the Monte Carlo allows only local moves, the long time dynamics should
be the same. Such dynamics correspond to a local diffusion in the space of possible
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configurations of the system. More generally, two different dynamics should be the
same if configuration changes that require many steps in one also require many steps
in the other. The second type of constraint is related to symmetries of the problem. A
lack of bias in the random walk was necessary to guarantee that the Gaussian distrib-
ution resulted from a generalized random walk in Section 1.2. For systems with more
than one dimension, we must also ensure that there is no relative bias between mo-
tion in different directions.

We can think about Monte Carlo dynamics as diffusive dynamics of a system that
interacts frequently with a reservoir. There are properties of more realistic dynamics
that are not reproduced by such configuration Monte Carlo simulations. Correlations
between steps are not incorporated because of the assumptions underlying Mar kov
chains. This rules out ballistic motion,and exact or approximate momentum conser-
vation. Momentum conservation can be included if both position and momentum
are included as system coordinates. The method called Brownian dynamics incorpo-
rates both ballistic and diffusive dynamics in the same simulation. However, if corre-
lations in the dynamics of a system have a shorter range than the motion we are in-
terested in, momentum conservation may not matter to results that are of interest,
and conventional Monte Carlo simulations can be used directly.

In summary, Monte Carlo simulations are designed to reproduce an ensemble
rather than the dynamics of a particular system. As such,they are ideally suited to in-
vestigating the equilibrium properties of thermodynamic systems. However, Monte
Carlo dynamics with local moves often mimic the dynamics of real systems. Thus,
Monte Carlo simulations may be used to investigate the dynamics of systems when
they are appropriately designed. This property will be used in Chapter 5 to simulate
the dynamics of long polymers.

There is a flip side to the design of Monte Carlo dynamics to simulate actual dy-
namics. If our objective is the traditional objective of a Monte Carlo simulation, of
obtaining an ensemble average, then the ability to simulate dynamics may not be an
advantage. In some systems, the real dynamics is slow and we would prefer to speed
up the process. This can often be done by knowingly introducing nonlocal moves that
displace the state of the system by large distances in the space of conformations. Such
nonlocal Monte Carlo dynamics have been designed for various systems. In particu-
lar, both local and nonlocal Monte Carlo dynamics for the problem of polymer dy-
namics will be described in Chapter 5.

uestion 1.7.1 In order to perform Monte Carlo simulations, we must

be able to choose steps at random and accept or reject steps with a cer-
tain probability. These operations require the availability of random num-
bers. We might think of the source of these random numbers as a thermal
reservoir. Computers are specifically deigned to be completely deterministic.
This means that inherently there is no randomness in their operation. To ob-
tain random numbers in a computer simulation requires a deterministic al-
gorithm that generates a sequence of numbers that look random but are not
random. Such sequences are called pseudo-random numbers. Random
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numbers should not be correlated to each other. However, using pseudo-
random numbers, if we start a program over again we must get exactly the
same sequence of numbers. The difficulties associated with the generation of
random numbers are central to performing Monte Carlo computer simula-
tions. If we assume that we have random numbers, and they are not really
uncorrelated, then our results may very well be incorrect. Nevertheless,
pseudo-random numbers often give results that are consistent with those ex-
pected from random numbers.

There are a variety of techniques to generate pseudo-random numbers.
Many of these pseudo-random number generators are designed to provide,
with equal “probability,” an integer between 0 and the maximal integer pos-
sible. The maximum integer used by a particular routine on a particular ma-
chine should be checked before using it in a simulation. Some use a standard
short integer which is represented by 16 bits (2 bytes).One bit represents the
unused sign of the integer. This leaves 15 bits for the magnitude of the num-
ber. The pseudo-random number thus ranges up to 2*° - 1 =32767. An ex-
ample of a routine that provides pseudo-random integers is the subroutine
rand() inthe ANSI C library, which is executed using a line such as:

k=rand(); (1.7.27)

The following three questions discuss how to use such a pseudo-random
number generator. Assume that it provides a standard short integer.

1. Explain how to use a pseudo-random number generator to choose a
move in a Metropolis Monte Carlo simulation, Eq. (1.7.19).

2. Explain how to use a pseudo-random number generator to acceptor re-
ject a move in a Metropolis Monte Carlo simulation, Eqg. (1.7.19).

3. Explain how to use a pseudo-random number generator to provide val-
ues of x with a probability P(x) for x in the interval [0,1]. Hint: Use two
pseudo-random numbers every step.

Solution 1.7.1

1. Given the necessity of choosing one out of M possible moves, we create
a one-to-one mapping between the M moves and the integers {0,.. .,
M - 1} If M is smaller than 2 we can use the value of k =r and() to
determine which move is taken next. If k is larger than M - 1, we don’t
make any move. If M is much smaller than 2*° then we can use only
some of the bits of k. This avoids making many unused callstor and() .
Fewer bits can be obtained using a modulo operation. For example, if
M =10 we might use k modulo 16. We could also ignore values above
32759,and use k modulo 10. This also causes each move to occur with
equal frequency. However, a standard word of caution about using only
a few bits is that we shouldn’t use the lowest order bits (i.e., the units,
twos and fours bits), because they tend to be more correlated than the
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higher order bits. Thus it may be best first to divide k by a small num-
ber, like 8 (or equivalently to shift the bits to the right),if it is desired to
use fewer bits. If M is larger than 2™ it is necessary to use more than one
calltor and() (or arandom number generator that provides a 4-byte
integer) so that all possible moves are accounted for.

2. Given the necessity of determining whether to accept a move with the
probability P, we compare 2" P with a number given by k=rand() .
If the former is bigger we accept the move, and if it is smaller we reject
the move.

3. One way to do this is to generate two random numbers r; and r,.
Dividing both by 32767 (or 2'°), we use the first random number to be
the location in the interval x =r;/32767. However, we use this location
only if the second random number r, /32767 is smaller than P(x). If the
random number is not used, we generate two more and proceed. This
means that we will use the position x with a probability P(x) as desired.
Because it is necessary to generate many random numbers that are re-
jected, this method for generating numbers for use in performing the in-
tegral Eq. (1.7.3) is only useful if evaluations of the function f(x) are
much more costly than random number generation. O

uestion 1.7.2 To compare the errors that arise from conventional nu-

merical integration and Monte Carlo sampling, we return to Eq.(1.7.4)
and Eq. (1.7.5) in this and the following question. We choose two integrals
that can be evaluated analytically and for which the errors can also be eval-
uated analytically.

Evaluate two examples of the integral & (x)f(x)dx over the interval
x 1 [1,1]. For the first example (1) take f(x) = 1, and for the second (2)
f(x) =x. In both cases assume the probability distribution is an exponential

é u
P(X)=Ae ™ = gmtp ™ (1.7.28)
ée”-e "0

where the normalization constant A is given by the expression in square
brackets.

Calculate the two integrals exactly (analytically). Then evaluate approx-
imations to the integrals using sums over N equally spaced points,
Eq.(1.7.4). These sums can also be evaluated analytically. To improve the re-
sult of the sum, you can use Simpson’s rule. This modifies Eq.(1.7.4) only by
subtracting 1/2 of the value of the integrand at the first and last points. The
errors in evaluation of the same integral by Monte Carlo simulation are to
be calculated in Question 1.7.3.

Solution 1.7.2

1. The value of the integral of P(x) is unity as required by normalization.
If we use a sum over equally spaced points we would have:
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AQixe ™ »— =— 1.7.30
a M a-1 M MM _q ( )
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A Gybe A8 e ) T ) M)y,
A 2M M2
-1 (1.7.31)

2
1+ 2 tanh() + 2=+
2M 2M?

The second term can be eliminated by noting that the sum could be
evaluated using Simpson’s rule by subtracting 1/2 of the contribution of
the end points. Then the third term gives an error of A2/2M?. This is the
error in the numerical approximation to the average of f(x) = 1.

. For f(x) = x the exact integral is:

! A d . d & -e
Acgixxe ™ =- A— fyixe” X—-A—e—u
o 7.0 Te n g (13
-1 -1
= - coth(L) +(L/A)
while the sum is:
1 M
A Cylxxe ™ » AZ ane MOIM) = iz 3 na"
o1 M n=-M M n=-M
A d ¥ . A dE"™-a ™
YRR v
M n=-M -
M + -M M+l _-M (1.7.33)
_A (M +Da™ = +Ma )+ Aa@ "-a )
M2 a-1 M2 (@-1)7°
_ A (ekeX/M +e-7») A (eke)\/M) A ek/M(e)\ AMM e-k)
M M g M2etM_1 M2 @™ -1y

With some assistance from Mathematica,the expansion to second order
inAM/Mis:

ro-h Aoy -A A A
e -e e +e A" -e A
N N ) A J AL,
% A M 2 M2 12
11 A
=-1/\ +coth(k)+ —_—t e — (1.7.34)
2M 12 M2
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The first two terms are the correct result. The third term can be seen to
be eliminated using Simpson’s rule. The fourth term is the error. 0

uestion 1.7.3 Estimate the errors in performing the same integrals as in
Question 1.7.2 using a Monte Carlo ensemble sampling with N terms as

in Eq.(1.7.5). It is not necessary to evaluate the integrals to evaluate the errors.
Solution 1.7.3

1. The errors in performing the integral for f(x) = 1 are zero, since the

Monte Carlo sampling would be given by the expression:

1 N
<I>p=— Ql=1 (1.7.35)
sP@s)

One way to think about this result is that Monte Carlo takes advantage
of the normalization of the probability, which the technique of sum-
ming the integrand over equally spaced points cannot do. This knowl-
edge makes this integral trivial, but it is also of use in performing other
integrals.

. To evaluate the error for the integral over f(x) = x we use an argument

based on the sampling error of different regions of the integral. We
break up the domain [- 1,1] into q regions of size Dx = 2/q. Each region
is assumed to have a significant number of samples. The number of
these samples is approximately given by:

NP (x)Dx (1.7.36)

If this were the exact number of samples as g increased,then the integral
would be exact. However, since we are picking the points at random,
there will be adeviation in the number of these from this ideal value. The
typical deviation, according to the discussion in Section 1.2 of random
walks, is the square root of this number. Thus the error in the sum

N
a f(x (1.7.37)
SP @)
from a particular interval Dx is
(NP(X)Dx)*2 f(x) (1.7.38)

Since this error could have either a positive or negative sign, we must
take the square root of the sum of the squares of the error in each region
to give us the total error:

N
CPOOT (X)- % a fx)l» %Jé NP(x)AX f (x)? »%I\lJc‘jv(x)f(x)2

sP ()

(1.7.39)
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For f(x) =x the integral in the square root is:

et )y = e Moy = g S & "€ ") 2 2c0thGy)
QAe T (x)"dx = Qhe "x “dx Adk2 . = y +1

(1.7.40)
The approach of Monte Carlo is useful when the exponential is rapidly de-
caying. In this case, A >>1, and we keep only the third term and have an error
that is just of magnitude 1/N. Comparing with the sum over equally spaced
points from Question 1.7.2, we see that the error in Monte Carlo is indepen-
dent of A for large A, while it grows for the sum over equally spaced points.
This is the crucial advantage of the Monte Carlo method. However, for a fixed
value of A we also see that the error is more slowly decreasing with N than the
sum over equally spaced points. So when a large number of samples is possi-
ble, the sum over equally spaced points is more rapidly convergent. [

uestion 1.7.4 How would the discrete nature of the integer random
numbers described in Question 1.7.1 affect the ensemble sampling?
Answer qualitatively. Is there a limit to the accuracy of the integral in this case?

Solution 1.7.4 The integer random numbers introduce two additional
sources of error, one due to the sampling interval along the x axis and the
other due to the imperfect approximation of P(x). In the limit of a large
number of samples, each of the possible values along the x axis would be
sampled equally. Thus, the ensemble sum would reduce to a sum of the in-
tegrand over equally spaced points. The number of points is given by the
largest integer used (e.g., 215). This limits the accuracy accordingly. O

1.7.3 Perron-Frobenius theorem

The Perron-Frobenius theorem is tied to our understanding of the ergodic theorem
and the use of Monte Carlo simulations for the representation of ensemble averages.
The theorem only applies to a system with a finite space of possible states. It says that
a transition matrix that is irreducible must ultimately lead to a stable limiting proba-
bility distribution. This distribution is unique, and thus depends only on the transi-
tion matrix and not on the initial conditions. The Perron-Frobenius theorem assumes
an irreducible matrix,so that starting from any state,there is some path by which it is
possible to reach every other state of the system. If this is not the case,then the theo-
rem can be applied to each subset of states whose transition matrix is irreducible.

In a more general form than we will discuss,the Perron-Frobenius theorem deals
with the effect of matrix multiplication when all of the elements of a matrix are pos-
itive. We will consider it only for the case of a transition matrix in a Markov chain,
which also satisfies the normalization condition, Eq. (1.7.16). In this case, the proof
of the Perron-Frobenius theorem follows from the stattment that there cannot be any
eigenvalues of the transition matrix that are larger than one. Otherwise there would
be a vector that would increase everywhere upon matrix multiplication. This is not
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possible, because probability is conserved. Thus if the probability increases in one
place it must decrease someplace else, and tend toward the limiting distribution.

A difficulty in the proof of the theorem arises from dealing with the case in which
there are deterministic currents through the system: e.g., ballistic motion in a circu-
lar path. An example for a two-state system would be

P(1j1) =0 P(1]-1) =1

(1.7.41)
P(-11)=1P(-1}-1)=0

In this case, a system in the state s = +1, goes into s =- 1, and a system in the state
s =-1goes into s = +1. The limiting behavior of this Markov chain is of two proba-
bilities that alternate in position without ever settling down into a limiting distribu-
tion. An example with three states would be

PAL) =0 PAR)=1 P@]3)=1
PRIL)=.5 P(2R)=0 P(23)=0 (1.7.42)
PB[L)=.5 P(32)=0 P(33)=0

Half of the systems with s = 1 make transitions to s = 2 and half to s = 3. All systems
with s =2 and s = 3 make transitions to s = 1. In this case there is also a cyclical be-
havior that does not disappear over time. These examples are special cases, and the
proof shows that they are special. It is sufficient, for example, for there to be a single
state where there is some possibility of staying in the same state. Once this is true,
these examples of cyclic currents do not apply and the system will settle down into a
limiting distribution.

We will prove the Perron-Frobenius theorem in a few steps enumerated below.
The proof is provided for completeness and reference, and can be skipped without
significant loss for the purposes of this book. The proof relies upon properties of the
eigenvectors and eigenvalues of the transition matrix. The eigenvectors need not al-
ways be positive, real or satisfy the normalization condition that is usually applied to
probability distributions, P(s). Thus we use v(s) to indicate complex vectors that have
a value at every possible state of the system.

Given an irreducible real nonnegative matrix (P(s¢s) 3 0) satisfying

a PGgs)=1 (1.7.43)
sC
we have:
1. Applying P(s¢s) cannot increase the value of all elements of a nonnegative vec-
tor, v(s9 3 0:
el o 0
m (.t n g@as PG4 S)V(S)EE 1 (1.7.44)

To avoid infinities, we can assume that the minimization only includes s¢such that
v(s9t 0.
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Proof : Assume that Eq. (1.7.44) is not true. In this case

A PG 4NGE)>v(69 (1.7.45)
forallv(s® * 0, which implies
a a PGYsVE)>A V9 (17.46)
s¢ s s¢

Using Eq. (1.7.43), the left is the same as the right and the inequality is impossible.
2. The magnitude of eigenvalues of P(sds) is not greater than one.

Proof: Let v(s) be an eigenvector of P(s¢s) with eigenvalue A

é. PG §svE) =rv(s9 (1.7.47)

Then:

a Pegobe)e phesq (L.7.48)

This inequality follows because each term in the sum on the left has been made pos-
itive. If all terms started with the same phase, then equality holds. Otherwise, in-
equality holds. Comparing Eq. (1.7.48) with Eq. (1.7.44), we see that |A| £ 1.

If [A] = 1,then equality must hold in Eq.(1.7.48), and this implies that |v(s)], the
vector whose elements are the magnitudes of v(s),is an eigenvector with eigenvalue 1.
Steps 3-5 show that there is one such vector which is strictly positive (greater than
zero) everywhere.

3. P(s¢s) has an eigenvector with eigenvalue A = 1. We use the notation v, (s) for this
vector.

Proof: The existence of such an eigenvector follows from the existence of an eigen-
vector of the transpose matrix with eigenvalue A = 1. Eq.(1.7.43) implies that the vec-
torv(s) =1 (one everywhere) is an eigenvector of the transpose matrix with eigenvalue
A = 1. Thus v,(s) exists, and by step 2 we can take it to be real and nonnegative, v;(s)
3 0. We can, however, assume more, as the following shows.

4. An eigenvector of P(s¢s) with eigenvalue 1 must be strictly positive, v,(s) > 0.

Proof : Define a new Markov chain given by the transition matrix

Q(sds) = (P(ss) + .49 / 2 (1.7.49)

Applying Q(s¢s) N - 1 times to any vector v,;(s) 3 0 must yield a vector that is strictly
positive. This follows because P(sds) is irreducible. Starting with unit probability at
any one value of s, after N - 1 steps we will move some probability everywhere. Also,
by the construction of Q(s¢s), any s which has a nonzero probability at one time will
continue to have a nonzero probability at all later times. By linear superposition,this
applies to any initial probability distribution. It also applies to any unnormalized vec-
tor v4(s) @ 0. Moreover, if v4(S) is an eigenvector of P(s¢s) with eigenvalue one,then it
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is also an eigenvector of Q(s¢s) with the same eigenvalue. Since applying Q(s¢s) to
v;(S) changes nothing, applying it N - 1 times also changes nothing. We have just
proven that v,(s) must be strictly positive.

5. There is only one linearly independent eigenvector of P(s¢s) with eigenvalue A = 1.

Proof : Assume there are two such eigenvectors: v;(s) and v,(s). Then we can make a
linear combination c,v,(s) +¢,v,(S),s0 that at least one of the elements is zero and oth-
ers are positive. This linear combination is also an eigenvector of P(s¢s) with eigen-
value A = 1, which violates step 4. Thus there is exactly one eigenvector of P(s¢s) with
eigenvalue A = 1, vy(s):

a P Gsv(©=w(9 (1.7.50)

6. Either P(s4s) has only one eigenvalue with |A| = 1 (in which case A = 1), or it can
be written as a cyclical flow.

Proof: Steps 2 and 5 imply that all eigenvectors of P(s¢s) with eigenvalues A satisfying
[A| = 1 can be written as:

vi(s) = Dis)vs(s) =€ "y (s) (1.7.51)

As indicated, D; (s) is a vector with elements of magnitude one, |D; (s)] = 1. We can
write

a PG 49D, (Vi) =1Di (v, 59 (L752)

There cannot be any terms in the sum on the left of Eq.(1.7.52) that add terms of dif-
ferent phase. If there were, then we would have a smaller magnitude than adding the
absolute values, which would not agree with Eq.(1.7.50). Thus we can assign all of the
elements of D;(s) into groups that have the same phase. P(s¢s) cannot allow transi-
tions to occur from any two of these groups into the same group. Since P(sgs) is irre-
ducible, the only remaining possibility is that the different groups are connected in a
ring with the first mapped onto the second, and the second mapped onto the third,
and so on until we return to the first group. In particular, if there are any transitions
between a site and itself this would violate the requirements and we could have no
complex eigenvalues.

7. A Markov chain governed by an irreducible transition matrix, which has only one
eigenvector, v4(s) with |A| = 1,has a limiting distribution over long enough times
which is proportional to this eigenvector. Using P'(s¢s) to represent the effect of
applying P(sds) t times, we must prove that:

lim V(s;t)=tlénQ§sl PG Hs)vE) = cvi (59 (1.753)

for v(s) ® 0. The coefficient ¢ depends on the normalization of v(s) and v,(5). If both
are normalized so that the total probability is one, then conservation of probability
implies that ¢ = 1.
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Proof : We write the matrix P(sds) in the Jordan normal form using a similarity trans-
formation. In matrix notation:

P=514s (1.7.54)

J consists of a block diagonal matrix.Each of the block matrices along the diagonal is
of the form

& 1 0 09
¢ LT

N=go 0 s (1.7.55)
0 0 0 Ay

where A is an eigenvalue of P. In this block the only nonzero elements are As on the
diagonal, and 1s just above the diagonal.

Since P' = $™1J'S, we consider Jt, which consists of diagonal blocks N*. We prove
that N'® 0ast® ¥ for+A +<1. This can be shown by evaluating explicitly the ma-
trix elements. The gth element above the diagonal of N' is:

a0

A =
&g

(1.7.56)
which vanishesast® ¥.

Since 1 is an eigenvalue with only one eigenvector, there must be one 1~ 1 block
along the diagonal of J for the eigenvalue 1. Then J'ast ® ¥ has only one nonzero el-
ement which is a 1 on the diagonal. Eq.(1.7.53) follows, because applying the matrix
P" always results in the unique column of $™* that corresponds to the nonzero diago-
nal element of J'. By our assumptions, this column must be proportional to v;(5). This
completes our proof and discussion of the Perron-Frobenius theorem.

1.7.4 Minimization

At low temperatures, a thermodynamic system in equilibrium will be found in its
minimum energy configuration. For this and other reasons,it is often useful to iden-
tify the minimum energy configuration of a system without describing the full en-
semble. There are also many other problems that can be formulated as minimization
or optimization problems.

Minimization problems are often described in a d-dimensional space of contin-
uous variables. When there is only a single valley in the parameter space of the prob-
lem,there are a variety of techniques that can be used to obtain this minimum. They
may be classified into direct search and gradient-based techniques. In this section we
focus on the single-valley problem. In Section 1.7.5 we will discuss what happens
when there is more than one valley.

Direct search techniques involve evaluating the energy at various locations
and closing in on the minimum energy. In one dimension, search techniques can
be very effective. The key to a search is bracketing the minimum energy. Then
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each energy evaluation is used to geometrically shrink the possible domain of the
minimum.

We start in one dimension by looking at the energy at two positions s, and s, that
are near each other. If the left of the two positions s, is higher in energy E(s;) > E(S,),
then the minimum must be to its right. This follows from our assumption that there
is only a single valley—the energy rises monotonically away from the minimum and
therefore cannot be lower than E(s,),anywhere to the left of s;. Evaluating the energy
at a third location s; to the right of s, further restricts the possible locations of the
minimum. If E(S;) is also greater than the middle energy location E(s;) > E(S,), then
the minimum must lie between s, and s;. Thus, we have successfully bracketed the
minimum. Otherwise, we have that E(s3) < E(S,), and the minimum must lie to the
right of s,. In this case we look at the energy at a location s, to the right of s;. This
process is continued until the energy minimum is bracketed. To avoid taking many
steps to the right,the size of the steps to the right can be taken to be an increasing geo-
metric series, or may be based on an extrapolation of the function using the values
that are available.

Once the energy minimum is bracketed, the segment is bisected again and
again to locate the energy minimum. This is an iterative process. We describe a
simple version of this process that can be easily implemented. An iteration begins
with three locations s; <, < s;. The values of the energy at these locations satisfy
E(sy), E(s3) > E(S,). Thus the minimum is between s, and s;. We choose a new lo-
cation s,, which in even stepsiss, = (s; +5,) / 2 and in odd steps iss, = (S, +33)/2.
Then we eliminate either s, or s;. The one that is eliminated is the one next to s, if
E(s,) > E(s,), or the one next to s, if E(S,) < E(s,). The remaining three locations
are relabled to be sy, s,, S5 for the next step. Iterations stop when the distance be-
tween s; and s; is smaller than an error tolerance which is set in advance. More so-
phisticated versions of this algorithm use improved methods for selecting s, that
accelerate the convergence.

In higher-dimension spaces,direct search can be used. However, mapping a mul-
tidimensional energy surface is much more difficult. Moreover, the exact logic that
enables an energy minimum to be bracketed within a particular domain in one di-
mension is not possible in higher-dimension spaces. Thus, techniques that make use
of a gradient of the function are typically used even if the gradient must be numeri-
cally evaluated. The most common gradient-based minimization techniques include
steepest descent, second order and conjugate gradient.

Steepest descent techniques involve taking steps in the direction of the most rapid
descent direction as determined by the gradient of the energy. This is the same as us-
ing a first-order expansion of the energy to determine the direction of motion toward
lower energy. Illustrating first in one dimension, we start from a position s; and write
the expansion as:

dEG)

——| o 5)°) (1.7.57)

1

EG)=E@)+(6-51)
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We now take a step in the direction of the minimum by setting:

CdE(s)
ds

Sp=8- (1.7.58)

1

From the expansion we see that for small enough ¢, E(s,) must be smaller than E(s,). The
problem is to carefully select ¢ so that we do not go too far. If we go too far we may reach
beyond the energy minimum and increase the energy. We also do not want to make such
a small step that many steps will be needed to reach the minimum. We can think of the
sequence of configurations we pick as a time sequence, and the process we use to pick
the next location as an iterative map. Then the minimum energy configuration is a fixed
point of the iterative map given by Eq.(1.7.58). From a point near to the minimum we
can have all of the behaviors described in Section 1.1—stable (converging) and unsta-
ble (diverging), both of these with or without alternation from side to side of the min-
imum.Of particular relevance is the discussion in Question 1.1.12 that suggests how ¢
may be chosen to stabilize the iterative map and obtain rapid convergence.

When s is a multidimensional variable, Eq. (1.7.57) and Eq. (1.7.58) both con-
tinue to apply as long as the derivative is replaced by the gradient:

EG) =EG) + (- 5)- R E(s)Ll +0((s- 39 (1.7.59)

s, =5, - CNLE(S) L (1.7.60)
1

Since the direction opposite to the gradient is the direction in which the energy decreases
most rapidly, this is known as a steepest descent technique. For the multidimensional case
itis more difficult to choose a consistent value of ¢, since the behavior of the function may
not be the same in different directions. The value of ¢ may be chosen “on the fly” by mak-
ing sure that the new energy is smaller than the old. If the current value of ¢ gives a value
E(s,) which is larger than E(s,) then ¢ is reduced. We can improve upon this by looking
along the direction of the gradient and considering the energy to be a function of c:

E(s, - CNE(s) s) (1.7.61)
1
Then ¢ can be chosen by finding the actual minimum in this direction using the search
technique that works well in one dimension.

Gradient techniques work well when different directions in the energy have the
same behavior in the vicinity of the minimum energy. This means that the second de-
rivative in different directions is approximately the same. If the second derivatives are
very different in different directions,then the gradient technique tends to bounce back
and forth perpendicular to the direction in which the second derivative is very small,
without making much progress toward the minimum (Fig. 1.7.3). Improvements of
the gradient technique fall into two classes. One class of techniques makes direct use of
the second derivatives, the other does not. If we expand the energy to second order at
the present best guess for the minimum energy location s; we have

E6)=EGD)+6 - 50 REE)] +6- s R REE), - 5)+0(6- 51)°)

(1.7.62)
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Figure 1.7.3 lllustration of the difficulties in finding a minimum energy by steepest descent
when the second derivative is very different in different directions. The steps tend to oscil-
late and do not make progress toward the minimum along the flat direction. O

Setting the gradient of this expression to zero gives the next approximation for the
minimum energy location s, as:

_ 1 = (";)_1 ~
5, =5, - Eg?\INS E(SLE >NSE(5)|51 (1.7.63)

This, in effect, gives a better description of the value of ¢ for Eq. 1.7.60, which turns
out to be a matrix inversely related to the second-order derivatives. Steps are large in
directions in which the second derivative is small. If the second derivatives are not eas-
ily available, approximate second derivatives are used that may be improved upon as
the minimization is being performed. Because of the need to evaluate the matrix of
second-order derivatives and invert the matrix,this approach is not often convenient.
In addition, the use of second derivatives assumes that the expansion is valid all the
way to the minimum energy. For many minimization problems, this is not valid
enough to be a useful approximation. Fortunately, there is a second approach called
the conjugate gradient technique that often works as well and sometimes better.

Conjugate gradient techniques make use of the gradient but are designed to avoid
the difficulties associated with long narrow wells where the steepest descent tech-
niques result in oscillations. This is done by starting from a steepest descent in the first
step of the minimization. In the second step, the displacement is taken to be along a
direction that does not include the direction taken in the first step. Explicitly, let v; be
the direction taken in the ith step, then the first two directions would be:

Vi =- NSE(S*g
1

(v REE)] ) (1.7.64)
v, =- NsE(Si + V| ——
2 Vq >V1
This ensures that v, is orthogonal to v,. Subsequent directions are made orthogonal
to some number of previous steps. The use of orthogonal directions avoids much of
the problem of bouncing back and forth in the energy well.

Monte Carlo simulation can also be used to find minimum energy configurations
if the simulations are done at zero temperature. A zero temperature Monte Carlo
means that the steps taken always reduce the energy of the system. This approach
works not only for continuous variables, but also for the discrete variables like in the
Ising model. For the Ising model,the zero temperature Monte Carlo described above
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and the zero temperature Glauber dynamics are the same. Every selected spin is placed
in its low energy orientation—aligned with the local effective field.

None of these techniques are suited to finding the minimum energy configuration
ifthere are multiple energy minima, and we do not know if we are located near the cor-
rect minimum energy location. One way to address this problem is to start from vari-
ous initial configurations and to look for the local minimum nearby. By doing this
many times it might be possible to identify the global minimum energy. This works
when there are only a few different energy minima. There are no techniques that guar-
antee finding the global minimum energy for an arbitrary energy function E(5s).
However, by using Monte Carlo simulations thatare notat T =0, a systematic approach
called simulated annealing has been developed to try to identify the global minimum.

1.7.5 Simulated annealing

Simulated annealing was introduced relatively recently as an approach to finding the
global minimum when the energy or other optimization function contains many lo-
cal minima. The approach is based on the physical process of heating a system and
cooling it down slowly. The minimum energy for many simple materials is a crystal.
If a material is heated to a liquid or vapor phase and cooled rapidly, the material does
not crystallize. It solidifies as a glass or amorphous solid. On the other hand, if it is
cooled slowly, crystals may form. If the material is formed out of several different
kinds of atoms, the cooling may also result in phase separation into particular com-
pounds or atomic solids. The separated compounds are lower in energy than a rapidly
cooled mixture.

Simulated annealing works in much the same way. A Monte Carlo simulation is
started at a high temperature. Then the temperature is lowered according to a cooling
schedule until the temperature is so low that no additional movements are likely. If
the procedure is effective,the final energy should be the lowest energy of the simula-
tion. We could also keep track of the energy during the simulation and take the low-
est value, and the configuration at which the lowest value was reached.

In general, simulated annealing improves upon methods that find only a local
minimum energy, such as steepest descent, discussed in the previous section. For
some problems, the improvement is substantial. Even if the minimum energy that is
found is not the absolute minimum in energy of the system, it may be close. For ex-
ample, in problems where there are many configurations that have roughly the same
low energy, simulated annealing may find one of the low-energy configurations.

However, simulated annealing does not work well for all problems,and for some
problems it fails completely. It is also true that annealing of physical materials does
not always result in the lowest energy conformation. Many materials, even when
cooled slowly, result in polycrystalline materials, disordered solids and mixtures.
When it is important for technological reasons to reach the lowest energy state, spe-
cial techniques are often used. For example, the best crystal we know how to make is
silicon. In order to form a good silicon crystal, it is grown using careful nonuniform
cooling. A single crystal can be gradually pulled from a liquid that solidifies only on
the surfaces of the existing crystal. Another technique for forming crystals is growth
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from the vapor phase, where atoms are deposited on a previously formed crystal that
serves as a template for the continuing growth. The difficulties inherent in obtaining
materials in their lowest energy state are also apparent in simulations.

In Section 1.4 we considered the cooling of a two-state system as a model of a glass
transition. We can think about this simulation to give us clues about why both physi-
cal and simulated annealing sometimes fail to find low energy states of the system. \We
saw that using a constant cooling rate leaves some systems stuck in the higher energy
well. When there are many such high energy wells then the system will not be success-
ful in finding a low energy state. The problem becomes more difficult if the height of
the energy barrier between the two wells is much larger than the energy difference be-
tween the upper and lower wells. In this case, at higher temperatures the system does
not care which well it is in. At low temperatures when it would like to be in the lower
energy well, it cannot overcome the barrier. How well the annealing works in finding a
low energy state depends on whether we care about the energy scale characteristic of
the barrier, or characteristic of the energy difference between the two minima.

There is another characteristic of the energy that can help or hurt the effective-
ness of simulated annealing. Consider a system where there are many local minimum
energy states (Fig. 1.7.4). We can think about the effect of high temperatures as plac-
ing the system in one of the many wells of the energy minima. These wells are called
basins of attraction.A system in a particular basin of attraction will go into the min-
imum energy configuration of the basin if we suddenly cool to zero temperature. We

A
E(s)

Figure 1.7.4 Schematic plot of a system energy E(s) as a function of a system coordinate s.
In simulated annealing, the location of a minimum energy is sought by starting from a high
temperature Monte Carlo and cooling the system to a low temperature. At the high tempera-
ture the system has a high kinetic energy and explores all of the possible configurations. As
the temperature is cooled it descends into one of the wells, called basins of attraction, and
cannot escape. Finally, when the temperature is very low it loses all kinetic energy and sits
in the bottom of the well. Minima with larger basins of attraction are more likely to capture
the system. Simulated annealing works best when the lowest-energy minima have the largest
basins of attraction. O
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also can see that the gradual cooling in simulated annealing will result in low energy
states if the size of the basin of attraction increases with the depth of the well. This
means that at high ttmperatures the system is more likely to be in the basin of attrac-
tion of a lower energy minimum. Thus,simulated annealing works best when energy
varies in the space in such a way that deep energy minima also have large basins of at-
traction. This is sometimes but not always true both in physical systems and in math-
ematical optimization problems.

Another way to improve the performance of simulated annealing is to introduce
nonlocal Monte Carlo steps. If we understand the characteristics of the energy, we can
design steps that take us through energy barriers. The problem with this approach is
that if we don't know the energy surface well enough, then moving around in the
space by arbitrary nonlocal steps will result in attempts to move to locations where
the energy is high. These steps will be rejected by the Monte Carlo and the nonlocal
moves will not help. An example where nonlocal Monte Carlo moves can help is treat-
ments of low-energy atomic configurations in solids. Nonlocal steps can allow atoms
to move through each other, switching their relative positions, instead of trying to
move gradually around each other.

Finally, for the success of simulated annealing, it is often necessary to design care-
fully the cooling schedule.Generally, the slower the cooling the more likely the simu-
lation will end up in a low energy state. However, given a finite amount of computer
and human time,it is impossible to allow an arbitrarily slow cooling. Often there are
particular temperatures where the cooling rate is crucial. This happens at phase tran-
sitions, such as at the liquid-to-solid phase boundary. If we know of such a transition,
then we can cool rapidly down to the transition, cool very slowly in its vicinity and
then speed up thereafter. The most difficult problems are those where there are bar-
riers of varying heights leading to a need to cool slowly at all temperatures.

For some problems the cooling rate should be slowed as the temperature be-
comes lower. One way to achieve this is to use a logarithmic cooling schedule. For ex-
ample, we set the temperature T(t) at time step t of the Monte Carlo, to be:

T() =Ty / In(t/ t, +1) (1.7.65)

where t, and T, are parameters that must be chosen for the particular problem. In
Question 1.7.5 we show that for the two-state system,if kT, > (Eg - E;),then the sys-
tem will always relax into its ground state.

uestion 1.7.5: Show that by using a logarithmic cooling schedule, Eq.

(1.7.65), where kT, > (Eg - E;),the two-state system of Section 1.4 al-
ways relaxes into the ground state. To simplify the problem, consider an in-
cremental time Dt during which the temperature is fixed.Show that the sys-
tem will still relax to the equilibrium probability over this incremental time,
even at low temperatures.

Solution 1.7.5: We write the solution of the time evolution during the in-
cremental time Dt from Eq. (1.4.45) as:

P(Lit+Dt)- P(L¥) = (P(Lt) - P(L;¥))e O (1.7.66)



214 Introduction and Preliminaries

where P(1;¥) is the equilibrium value of the probability for the temperature
T(1). ©(t)is the relaxation time for the temperatureT(t). In order for relax-
ation to occur we must have that e "*®<<1, equivalently:

t/z(t)>>1 (1.7.67)

We calculate t(t) from Eq. (1.4.44):

1@)=v(E (Es-E1)/KT() e’ (Es-E- 1)/kT(t))

- (Ee EDKT () -y (1.7.68)
>ve =v(thty +))

where we have substituted Eq. (1.7.65) and defined y = (Eg - E;)/KT, We

make the reasonable assumption that we start our annealing at a high tem-

perature where relaxation is not a problem. Then by the time we get to the

low temperatures that are of interest, t >> t,, so:

1/%(t) > 2n(t/ty) " (1.7.69)
and
t/rt)>vtdthy (1.7.70)

For y < 1 the right-hand side increases with time and thus the relaxation im-
proves with time according to Eq. (1.7.67). If relaxation occurs at higher
temperatures, it will continue to occur at all lower temperatures despite the
increasing relaxation time. 0

Information

Ultimately, our ability to quantify complexity (How complex is it?) requires a quan-
tification of information (How much information does it take to describe it?). In this
section, we discuss information. We will also need computation theory described in
Section 1.9 to discuss complexity in Chapter 8.A quantitative theory of information
was developed by Shannon to describe the problem of communication. Specifically,
how much information can be communicated through a transmission channel (e.g.,
a telephone line) with a specified alphabet of letters and a rate at which letters can be
transmitted. The simplest example is a binary alphabet consisting of two characters
(digits) with a fixed rate of binary digits (bits) per second. However, the theory is gen-
eral enough to describe quite arbitrary alphabets,letters of variable duration such as
are involved in Morse code, or even continuous sound with a specified band-width.
We will not consider many of the additional applications,our objective is to establish
the basic concepts.

1.8.1 The amount of information in a message
We start by considering the information content of a string of digits s = (5;5,...5\).One
might naively expect that information is contained in the state of each digit. However,
when we receive a digit, we not only receive information about what the digit is, but
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also what the digit is not. Let us assume that a digit in the string of digits we receive is
the number 1. How much information does this provide? We can contrast two differ-
ent scenarios—binary and hexadecimal digits:

1. There were two possibilities for the number, either 0 or 1.

2. There were sixteen possibilities for the number {0, 1, 2,3,4,5, 6,7,8,9, A, B, C,

D, E, F}.

In which of these did the “1” communicate more information? Since the first case pro-
vides us with the information that it is “not 0,” while the second provides us with the
information that it is “not 0,” “not 2,” “not 3,” etc., the second provides more infor-
mation. Thus there is more information in a digit that can have sixteen states than a
digit that can have only two states.We can quantify this difference if we consider a bi-
nary representation of hexadecimal digits {0000,0001,0010,0011,...,1111}. It takes
four binary digits to represent one hexadecimal digit. The hexadecimal number 1 is
represented as 0001 in binary form and uses four binary digits. Thus a hexadecimal 1
contains four times as much information as a binary 1.

We note that the amount of information does not depend on the particular value
that is taken by the digit. For hexadecimal digits, consider the case of a digit that has
the value 5. Is there any difference in the amount of information given by the 5 than
if it were 1? No, either number contains the same amount of information.

This illustrates that information is actually contained in the distinction between
the state of a digit compared to the other possible states the digit may have. In order
to quantify the concept of information, we must specify the number of possible states.
Counting states is precisely what we did when we defined the entropy of a system in
Section 1.3. We will see that it makes sense to define the information content of a
string in the same way as the entropy—the logarithm of the number of possible states
of the string:

1(5) = log,(2) (1.8.1)

By convention, the information is defined using the logarithm base two. Thus, the
information contained in a single binary digit which has two possible states is log,(2) =1.
More generally, the number of possible states in a string of N bits, with each bit taking
one of two values (0 or 1) is 2N, Thus the information in a string of N bits is (in what
follows the function log( ) will be assumed to be base two):

Is) = log(?Y) =N (1.8.2)

EQ.(1.8.2) says that each bit provides one unit of information. This is consistent with
the intuition that the amount of information grows linearly with the length of the
string. The logarithm is essential, because the number of possible states grows expo-
nentially with the length of the string, while the information grows linearly.

It is important to recognize that the definition of information we have given as-
sumes that each of the possible realizations of the string has equal a priori probabil-
ity. We use the phrase a priori to emphasize that this refers to the probability prior to
receipt of the string—once the string has arrived there is only one possibility.
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To think about the role of probability we must discuss further the nature of the
message that is being communicated. We construct a scenario involving a sender and
a receiver of a message. In order to make sure that the recipient of the message could
not have known the message in advance (so there is information to communicate), we
assume that the sender of the information is sending the result of a random occur-
rence, like the flipping of a coin or the throwing of a die. To enable some additional
flexibility, we assume that the random occurrence is the drawing of a ball from a bag.
This enables us to construct messages that have different probabilities. To be specific,
we assume there are ten balls in the bag numbered from 0 to 9. All of them are red ex-
cept the ball marked 0, which is green. The person communicating the message only
reports ifthe ball drawn from the bag is red (using the digit 1) or green (using the digit
0). The recipient of the message is assumed to know about the setup. If the recipient
receives the number 0,he then knows exactly which ball was selected,and all that were
not selected. However, if he receives a 1, this provides less information, because he
only knows that one of nine was selected,not which one. We notice that the digit 1 is
nine times as likely to occur as the digit 0. This suggests that a higher probability digit
contains less information than a lower probability digit.

We generalize the definition of the information content of a string of digits to al-
low for the possibility that different strings have different probabilities. We assume
that the string is one of an ensemble of possible messages, and we define the infor-
mation as:

1(s) = - 10g(P(s)) (1.8.3)

where P(s) is the probability of the occurrence of the message s in the ensemble. Note
that in the case of equal a priori probability P(s) = 1/Q, Eq. (1.8.3) reduces to
Eq. (1.8.1). The use of probabilities in the definition of information makes sense in
one of two cases:(1) The recipient knows the probabilities that represent the conven-
tions of the transmission, or (2) A large number of independent messages are sent,
and we are considering the information communicated by one of them. Then we can
approximate the probability of a message by its proportion of appearance among the
messages sent. We will discuss these points in greater detail later.

is provided by a single digit in the example given in the text of drawing

guestion 1.8.1 Calculate the information, according to Eq.(1.8.3),that
red and green balls from a bag.

Solution 1.8.1 For the case of a 0,the information is the same as that of a
decimal digit:

1(0) =- log(1/10) » 3.32 (1.8.4)
For the case of a 1 the information is
1(0) =-1og(9/10) » 0.152 (1.85) O

We can specialize the definition of information in Eq. (1.8.3) to a message
s = (54S,...5y) composed of individual characters (bits, hexadecimal characters,
ASCII characters, decimals, etc.) that are completely independent of each other
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(for example, each corresponding to the result of a separate coin toss). This means
that the total probability of the message is the product of the probability of each
character, P(s) = iOP(si). Then the information content of the message is given by:

o
I6)=-a log(P(s)) (1.8.6)
i
If all of the characters have equal probability and there are k possible characters in the
alphabet, then P(s;) = 1/k, and the information content is:

I(s) = N log(k) (1.8.7)

For the case of binary digits,this reduces to Eq.(1.8.2). For other cases like the hexa-
decimal case, k = 16,this continues to make sense:the information | =4N corresponds
to the requirement of representing each hexadecimal digit with four bits. Note that
the previous assumption of equal a priori probability for the whole string is stronger
than the independence of the digits and implies it.

uestion 1.8.2 Apply the definition of information contentin Eq.(1.8.3)

to each of the following cases. Assume messages consist of a total of N bits
subject to the following constraints (aside for the constraints assume equal
probabilities):

1. Everyeven bitis 1.
2. Every (odd, even) pair of bits is either 11 or 00.

3. Every eighth bit is a parity bit (the sum modulo 2 of the previous seven
bits).

Solution 1.8.2: In each case, we first give an intuitive argument, and then
we show that Eq. (1.8.3) or Eg. (1.8.6) give the same result.

1. The only information that is transferred is the state of the odd bits. This
means that only half of the bits contain information. The total infor-
mation is N / 2. To apply Eq.(1.8.6), we see that the even bits, which al-
ways have the value 1, have a probability P(1) = 1 which contributes no
information. Note that we never have to consider the case P(0) =0 for
these bits, which is good, because by the formula it would give infinite
information. The odd bits with equal probabilities, P(1) = P(0) = 1/2,
give an information of one for either value received.

2. Every pair of bits contains only two possibilities, giving us the equiva-
lent of one bit of information rather than two. This means that total in-
formation is N/2. To apply Eqg.(1.8.6), we have to consider every (odd,
even) pair of bits as a single character. These characters can never have
the value 01 or 10, and they have the value 11 or 00 with probability
P(11) = P(00) = 1/2, which gives the expected result. We will see later
that there is another way to think about this example by using condi-
tional probabilities.

3. The number of independent pieces of information is 7N / 8. To see this
from Eq. (1.8.6), we group each set of eight bits together and consider
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them as a single character (a byte). There are only 2’ different possibil-
ities for each byte, and each one has equal probability according to our
constraints and assumptions. This gives the desired result.

Note: Such representations are used to check for noise in transmission.
If there is noise,the redundancy of the eighth bit provides additional in-
formation. The noise-dependent amount of additional information can
also be quantified; however, we will not discuss it here. [

uestion 1.8.3 Consider a transmission of English characters using

an ASCII representation. ASCII characters are the conventional
method for computer representation of English text including small and
capital letters, numerals and punctuation. Discuss (do not evaluate for
this question) how you would determine the information content of a
message. We will evaluate the information content of English in a later
question.

Solution 1.8.3 In ASCII, characters are represented using eight bits. Some
of the possible combinations of bits are not used at all. Some are used very
infrequently. One way to determine the information content of a message is
to assume a model where each of the characters is independent. To calculate
the information content using this assumption, we must find the probabil-
ity of occurrence of each character in a sample text. Using these probabili-
ties,the formula Eq.(1.8.6) could be applied. However, this assumes that the
likelihood of occurrence of a character is independent of the preceding char-
acters, which is not correct. O

uestion 1.8.4: Assume that you know in advance that the number of

ones in a long binary message is M. The total number of bits is N. What
is the information content of the message? Is it similar to the information
content of a message of N independent binary characters where the proba-
bility that any character is one is P(1) =M /N?

Solution 1.8.4:We count the number of possible messages with M ones and
take the logarithm to obtain the information as

0
I = Iog(gN +)= Iog(L) (1.8.8)
Mg MI(N - M)!
We can show that this is almost the same as the information of a message of
the same length with a particular probability of ones, P(1) =M/ N, by use of
the first two terms of Sterling’s approximation Eq. (1.2.36). Assuming 1 <<
M << N (A correction to this would grow logarithmically with N and can be

found using the additional terms in (Eq. (1.2.36)):
I ~N(log(N) - 1) - M(log(M) - 1)- (N - M)(log(N - M) - 1) (189)
=- N[P(1)log(P(1)) + (1 - P(1))log(L - P(1))] -
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This is the information from a string of independent characters where
P(1) = M/ N. For such a string, the number of ones is approximately NP(1)
and the number of zeros N(1 - P(1)) (see also Question 1.8.7). O

1.8.2 Characterizing sources of information

The information content of a particular message is defined in terms of the probabil-
ity that it,out of all possible messages, will be received. This means that we are char-
acterizing not just a message but the source of the message.A direct characterization
of the source is not the information of a particular message, but the average informa-
tion over the ensemble of possible messages. For a set of possible messages with a
given probability distribution P(s) this is:

<1 >=-§ PE)log(PE)) (1.8.10)

If the messages are composed out of characters s = (s;5,...5y),and each character is de-
termined independently with a probability P(s;), then we can write the information
content as:

<1>=-§0 P(si)gloggé PEo=- & 0 PSR 100(P (o)
s € a i a s € D¢

(1.8.11)

We can move the factor in parenthesis inside the inner sum and interchange the or-
der of the summations.

o o 0 o £y X 0,
<1>=-3 agéwsi)%log(P(sm)):-a ¢ & OP6)-a PGilog(PG:0)

ic s i ic ik itic Bsie
(1.8.12)
The latter expression results from recognizing that the sum over all possible states is

a sum over all possible values of each of the letters. The sum and product can be
interchanged:

a Ors)=0are)-=t (1.8.13)
{si}si 1%i€C itic g
giving the result:
<I>=-3 & PGsolog(PGio) (1.8.14)
i¢ Si¢

This shows that the average information content of the whole message is the average
information content of each character summed over the whole character string. If the
characters have the same probability, this is just the average information content of an
individual character times the number of characters. If all letters of the alphabet have
the same probability, this reduces to Eq. (1.8.7).
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The average information content of a binary variable is given by:
<I1>=-(P(1)log(P(1)) + P(0)log(P(0))) (1.8.15)

Aside from the use of a logarithm base two, this is the same as the entropy of a spin
(Section 1.6) with two possible states s = +1 (see Question 1.8.5). The maximum in-
formation content occurs when the probabilities are equal, and the information goes
to zero when one of the two becomes one,and the other zero (see Fig. 1.8.1). The in-
formation reflects the uncertainty in, or the lack of advance knowledge about, the
value received.

uestion 1.8.5 Show that the expression for the entropy S given in
QEq. (1.6.16) of a set of noninteracting binary spins is the same as the
information content defined in Eq.(1.8.15) aside from a normalization con-
stant k In(2). Consider the binary notation s; = 0 to be the same as s; = - 1 for
the spins.

20

—log(P)

15

1.0 | —Plog(P)—-(1-P)log(1-P)

051 —Plog(P)

0.0
0 0.2 0.4 0.6 P 0.8 1

Figure 1.8.1 Plots of functions related to the information content of a message with proba-
bility P. - log(P) is the information content of a single message of probability P. - Plog(P) is
the contribution of this message to the average information given by the source. While the
information content of a message diverges as P goes to zero, it appears less frequently so its
contribution to the average information goes to zero. If there are only two possible messages,
or two possible (binary) characters with probability P and 1 - P then the average information
given by the source per message or per character is given by - Plog(P) - (1 - P)log(1- P). O
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Solution 1.8.5 The local magnetization m; is the average value of a partic-
ular spin variable:

m; =P (1) - Py(-1) (1.8.16)
Using Psi @+ PSi (-1) =1 we have:

Ps, (1) =(1+m;)/2

Pe(-1)=(1-m)/2

Inserting these expressions into Eq. (1.8.15) and summing over a set of bi-
nary variables leads to the expression:

(1.8.17)

§\| : %é.' ((1+mi)|og(1+mi)+(1- m;)log(1- mi))E:S/kln(Z)

(1.8.18)
The result is more general than this derivation suggests and will be discussed
further in Chapter 8. O

uestion 1.8.6 For agiven set of possible messages, prove that the en-
semble where all messages have equal probability provides the highest
average information.

Solution 1.8.6 Since the sum over all probabilities is a fixed number (1), we
consider what happens when we transfer some probability from one message
to another. We start with the information given by

<l >=-PGEQIn(PEY) - PEHBIn(PE B)- é P@)IN(P(s)) (1.8.19)

stsgsa

and after shifting a probability of & from one to the other we have:

<16>=-(P(s9- 8)In(PY- 3)- (PH+0)IN(P §+5)- A PE)IN(PE))

sls@s¢
(1.8.20)

We need to expand the change in information to first nonzero order in 8. We
simplify the task by using the expression:

<I®- <I>=f(P(s9 +8) - f(P(sY) +f(P(s2)- 8) - f(P(s?)) (1.8.21)
where
f (x) = - xlog(x) (1.8.22)

Taking a derivative, we have
dd—f(x): - (log(x) +1) (1.8.23)
X

This gives the result:
<lI¢- <I>=-(log(P(s9) - log(P(s2)))d (1.8.24)

221
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Thus far we have considered characters that are independent of each other. We can
also consider characters whose values are correlated. We describe the case of two cor-
related characters. Because there are two characters,the notation must be more com-
plete. As discussed in Section 1.2, we use the notation P ¢ (s¢, s9) to denote the prob-
ability that in the same string the character s, takes the value s¢and the variable s, takes

Introduction and Preliminaries

Since log(x) is a monotonic increasing function, we see that the average in-
formation increases ((<1¢ - <1>) >0) when probability 8 >0 is transferred
from a higher-probability character to a lower-probability character (P (s2)
>PGEO P -(log(P(s9) - log(P(s2)) >0). Thus,any change of the probabil-
ity toward a more uniform probability distribution increases the average in-
formation. O

uestion 1.8.7 A source produces strings of characters of length N. Each

character that appears in the string is independently selected from an al-
phabet of characters with probabilities P(s;). Write an expression for the
probability P(s) of a typical string of characters. Show that this expression
implies that the string gives N times the average information content of an
individual character. Does this mean that every string must give this amount
of information?

Solution 1.8.7 For a long string, each character will appear NP(s;) times.
The probability of such a string is:

Pe)=0Pe)v® (1.8.25)

The information content is:

16)= - log(PE) = - N P(s)logPG:)) (1.8.26)

Si

which is N times the average information of a single character. This is the in-
formation of a typical string. A particular string might have information sig-
nificantly different from this. However, as the number of characters in the
string increases, by the central limit theorem (Section 1.2), the fraction of
times a particular character appears (i.e., the distance traveled in a random
walk divided by the total number of steps) becomes more narrowly distrib-
uted around the expected probability P(s;). This means the proportion of
messages whose information content differs from the typical value decreases
with increasing message length. O

1.8.3 Correlations between characters

the value s¢. The average information contained in the two characters is given by:

<l I é. PSlSz(Sf',S@mg(PSM (5959)) (1.8.27)
s@sg
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Note that the notation I(s,,S,) is often used for this expression. We use <I, ;> because
it is not a function of the values of the characters—it is the average information car-
ried by the characters labeled by s, and s,. We can compare the information content
of the two characters with the information content of each character separately:

PGP =8 Py, (5859
s§

o (1.8.28)
PSZ (59 = a Psl,Sz (8&59
st
o] o
<l S >=- a Pslsz (SESQIOg(a Pslsz(sﬁsm
sfis¢ s¢
o o (1.8.29)
<l S2 »=- a Psl,sz (SESQ)IOQ(a PSLSZ(Sﬂ?SQ))
s$s¢ s
It is possible to show (see Question 1.8.8) the inequalities:
<lg,>+<lg,> 3 <lg,,> 3 <l,><Igy > (1.8.30)

The right inequality means that we receive more information from both characters
than from either one separately. The left inequality means that information we receive
from both characters together cannot exceed the sum of the information from each
separately. It can be less if the characters are dependent on each other. In this case, re-
ceiving one character reduces the information given by the second.

The relationship between the information from a character s; and the informa-
tion from the same character after we know another character s, can be investigated
by defining a contingent or conditional probability:

Py s, Gfis9)

Ps,s, 6 s = m (1.8.31)
6

This is the probability thats, takes the value s¢assuming that s, takes the value s¢. We
used this notation in Section 1.2 to describe the transitions from one value to the next
in a chain of events (random walk). Here we are using it more generally. We could
recover the previous meaning by writing the transition probability as P,(s¢|s¢) =
Ps@.st - 1(S$Is9. In this section we will be concerned with the more general defini-
tion, Eq. (1.8.31).

We can find the information content of the character s, when s, takes the value s¢

<l >, Ly =-8 R, s, (HsHI0g Py, (H1s9)
s

8

¥ Psl,sz(sﬁs@)g?og@sl,sz(sp;sm- 10g(8 P, ., (0%59)
s

- Sl 2 (1.8.32)
a Ps s, 689
s¢
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This can be averaged over possible values of s,, giving us the average information con-
tent of the character s, when the character s, is known.

o
<< |sllsz >> <<|sl >|32:59>

=- é PSZ(SE:)é. P31,52 (S1¢| SéDloQ(Psl,sz(sﬂ:lsﬂ))

s¢ s¢

=- é. é Psl,Sz (Smg:)é Mbg(%,sz (qu Sg:)) (1833)
s§ st s¢ a Psl,sz(sfusg)

s¢

=- é Psl,s2 (SF:SQ:)IOQ(PSI,SZ (SPISQ”))
sgsg

The average we have taken should be carefully understood. The unconventional dou-
ble average notation is used to indicate that the two averages are of a different nature.
One way to think about it is as treating the information content of a dynamic variable
s, when s, isa quenched (frozen) random variable. \We can rewrite this in terms of the
information content of the two characters,and the information content of the char-
acter s, by itself as follows:

<) 0
<lgy, >>=- & Py, (£5Dclog(R,, s, (6£59)- og(Q Py, s, CHH)-
stsé e st [

_<|51v52 >'<ISz>

(1.8.34)

Thus we have:

<lg5, > =<l >+ <<lgy >> =<l >+ <<lgy, >> (1.8.35)

$1,82

This is the intuitive result that the information content given by both characters is the
same as the information content gained by sequentially obtaining the information
from the characters.Once the first character is known,the second character provides
only the information given by the conditional probabilities. There is no reason to re-
strict the use of Eq.(1.8.27) — Eq.(1.8.35) to the case where s, is a single character and
s, is a single character. It applies equally well if s, is one set of characters,and s, is an-
other set of characters.

Question 1.8.8 Prove the inequalities in Eq. (1.8.30).

Hints for the left inequality:

1. Itis helpful to use Eq. (1.8.35).

2. Use convexity (f(&f) > & (x)f) of the function f(x) = - xlog(x).
Solution 1.8.8 The right inequality in Eq. (1.8.30) follows from the in-
equality:

P, 6B =8 P, (588 >P, , (s859) (1.8.36)
s¢
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The logarithm is a monotonic increasing function, so we can take the
logarithm:

l0g(Q Py, 5, G H59) > l0g(P;, 5, s $59) (18.37)
s
Changing sign and averaging leads to the desired result:
<ls, >=- Py, 6£59)10g(Q Py s, (858)
sg.sg st

< - é. PSl,SZ (Sfrys?)log(PSLSz(slq;S?) =<l S1,82 >

s¢sg

(1.8.38)

The left inequality in Eq. (1.8.30) may be proven from Eq. (1.8.35) and the
intuitive inequality

(<5, >) > (<<lgy5, >>) (1.8.39)

To prove this inequality we make use of the convexity of the function f(x) =
- xlog(x). Convexity of a function means that its value always lies above line
segments (secants) that begin and end at points along its graph.
Algebraically:

f((ax +by) / (a+b)) > (af(x) +bf(y)) / (a+b) (1.8.40)

More generally, taking a set of values of x and averaging over them gives:

f (&) > & (X)fi (1.8.41)
Convexity of f(x) follows from the observation that
d’f 1
—_ <0 (1.8.42)
dx?  xIn@)

for all x > 0, which is where the function f (x) is defined.

We then note the relationship:

PS1(59 = é pSz (89)951,52 (qus» =< PSle? (Sﬂ39 >Sz (1843)
s¢

where, to simplify the following equations, we use a subscript to indicate the
average with respect to s,. The desired result follows from applying convex-
ity as follows:

<l >=-§ P (Hlog(P, (0)=Q f (R, () =& f(<Py s, (859>,

s s¢ s¢

> A <f(Pys, Gl >,
s¢

=- & P, 6HDA P, s, (#1s9)log(P, o, (LIs9) = <<I, >>

sg s
(1.8.44)
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the final equality following from the definition in Eqg. (1.8.33). We can now
make use of Eq. (1.8.35) to obtain the desired result. O

1.8.4 Ergodic sources

We consider a source that provides arbitrarily long messages, or simply continues to
give characters at a particular rate. Even though the messages are infinitely long, they
are still considered elements of an ensemble. It is then convenient to measure the av-
erage information per character. The characterization of such an information source
is simplified if each (long) message contains within it a complete sampling of the pos-
sibilities. This means that if we wait long enough, the entire ensemble of possible
character sequences will be represented in any single message. This is the same kind
of property as an ergodic system discussed in Section 1.3. By analogy, such sources are
known as ergodic sources. For an ergodic source,not only the characters appear with
their ensemble probabilities, but also the pairs of characters, the triples of characters,
and so on.

For ergodic sources,the information from an ensemble average over all possible
messages is the same as the information for a particular long string. To write this
down we need a notation that allows variable length messages. We write Sy = (515,---5\):
where N is the length of the string. The average information content per character
may be written as:

<l >
i.>= i 3 =- i io =- i i
<i>= i ==l 8 P ogP) = - im 100 )

(1.8.45)

The rightmost equality is valid for an ergodic source. An example of an ergodic source
is a source that provides independent characters—i.e., selects each character from an
ensemble. For this case, Eq.(1.8.45) was shown in Question 1.8.7. More generally, for
a source to be ergodic, long enough strings must break up into independent sub-
strings, or substrings that are more and more independent as their length increases.
Assuming that N is large enough, we can use the limit in Eq. (1.8.45) and write:

Plon)»2 N (1.8.46)

Thus, for large enough N, there are a set of strings that are equally likely to be gener-
ated by the source. The number of these strings is

N> (1.8.47)
Since any string of characters is possible,in principle,this statement must be formally
understood as saying that the total probability of all other strings becomes arbitrarily
small.

If the string of characters is a Markov chain (Section 1.2),s0 that the probability
of each character depends only on the previous character, then there are general con-
ditions that can ensure that the source is ergodic. Similar to the discussion of Monte
Carlo simulations in Section 1.7, for the source to be ergodic,the transition probabil-
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ities between characters must be irreducible and acyclic. Irreducibility guarantees that
all characters are accessible from any starting character. The acyclic property guaran-
tees that starting from one substring, all other substrings are accessible. Thus, if we
can reach any particular substring, it will appear with the same frequency in all long
strings.

We can generalize the usual Markov chain by allowing the probability of a char-
acter to depend on several (n) previous characters. A Markov chain may be con-
structed to represent such a chain by defining new characters, where each new char-
acter is formed out of a substring of n characters. Then each new character depends
only on the previous one. The essential behavior of a Markov chain that is important
here is that correlations measured along the chain of characters disappear exponen-
tially. Thus,the statistical behavior of the chain in one place is independent of what it
was in the sufficiently far past. The number of characters over which the correlations
disappear is the correlation length. By allowing sufficiently many correlation lengths
along the string—segments that are statistically independent—the average properties
of one string will be the same as any other such string.

uestion 1.8.9 Consider ergodic sources that are Markov chains with
Qtwo characters s; = £1 with transition probabilities:
P(1]1) =.999, P(- 1|]1) =.001, P(- 1}- 1) = 0.5, P(1}- 1) =0.5
P(1]1) =.999, P(- 1]1) =.001, P(- 1)- 1) =0.999, P(1}- 1) = 0.001
P(1]1) =.999, P(- 1]1) =.001, P(- 1J- 1) =0.001, P(1}- 1) = 0.999
P(1]1) =.001, P(- 1|]1) =.999, P(- 1}- 1) = 0.5, P(1}- 1) =0.5
P(1]1) =.001, P(- 1|]1) =.999, P(- 1}- 1) =0.999, P(1}- 1) = 0.001

f. P(1]1) =.001, P(-1|1) =.999, P(- 1}- 1) = 0.001, P(1]- 1) = 0.999
Describe the appearance of the strings generated by each source, and
(roughly) its correlation length.

®© 2 o T @

Solution 1.8.9 (a) has long regions of 1s of typical length 1000. In between
there are short strings of —1s of average length2 =1 +1/2 +1/4 + ...(there
is a probability of 1/2 that a second character will be —1 and a probability of
1/4 that both the second and third will be -1, etc.). (b) has long regions of
1s and long regions of —1s, both of typical length 1000. (c) is like (a) except
the regions of —1s are of length 1. (d) has no extended regions of 1 or —1 but
has slightly longer regions of —1s. (e) inverts (c). (f ) has regions of alternat-
ing 1 and -1 of length 1000 before switching to the other possibility (odd and
even indices are switched). We see that the characteristic correlation length
is of order 1000 in (a),(b),(c),(e) and (f ) and of order 2 in (d). O

We have considered in detail the problem of determining the information con-
tent of a message, or the average information generated by a source, when the char-
acteristics of the source are well defined. The source was characterized by the ensem-
ble of possible messages and their probabilities. However, we do not usually have a
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well-defined characterization of a source of messages,so a more practical question is
to determine the information content from the message itself. The definitions that we
have provided do not guide us in determining the information of an arbitrary mes-
sage. We must have a model for the source. The model must be constructed out of the
information we have—the string of characters it produces.One possibility is to model
the source as ergodic. An ergodic source can be modeled in two ways, as a source of
independent substrings or as a generalized Markov chain where characters depend on
a certain number of previous characters. In each case we construct not one,but an in-
finite sequence of models. The models are designed so that if the source is ergodic
then the information estimates given by the models converge to give the correct in-
formation content.

There is a natural sequence of independent substring models indexed by the
number of characters in the substrings n. The first model is that of a source produc-
ing independent characters with a probability specified by their frequency of occur-
rence in the message. The second model would be a source producing pairs of corre-
lated characters so that every pair of characters is described by the probability given
by their occurrence (we allow character pairs to overlap in the message). The third
model would be that of a source producing triples of correlated characters,and so on.
We use each of these models to estimate the information. The nth model estimate of
the information per character given by the source is:

. . 1lo ~ ~
<is >1,= lim =8 Py(30)10gPu 1) (1848)
¥n

where we indicate using the subscript 1,n that this is an estimate obtained using the
first type of model (independent substring model) using substrings of length n. We
also make use of an approximate probability for the substring defined as

PnGn) =NGEn)/(N- n+l) (1.8.49)

where N(s,,) is the number of times s, appears in the string of length N. The informa-
tion of the source might then be estimated as the limitn ® ¥ of Eq. (1.8.48):

<i, >=lim lim = 81109 ) (1850)
For an ergodic source, we can see that this converges to the information of the mes-
sage. The n limit converges monotonically from above. This is because the additional
information in s, given by s, is less than the information added by each previous
character (see Eqg. 1.8.59 below). Thus, the estimate of information per character
based on s, is higher than the estimate based on s,,,;. Therefore, for each value of n the
estimate <ig>, , is an upper bound on the information given by the source.

How large does N have to be? Since we must have a reasonable sample of the oc-
currence of substrings in order to estimate their probability, we can only estimate
probabilities of substrings that are much shorter than the length of the string. The
number of possible substrings grows exponentially with n as k", where k is the num-
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ber of possible characters. If substrings occur with roughly similar probabilities,
then to estimate the probability of a substring of length n would require at least a
string of length k" characters. Thus,taking the large N limit should be understood to
correspond to N greater than k". This is a very severe requirement. This means that
to study a model of English character strings of length n = 10 (ignoring upper and
lower case, numbers and punctuation) would require 26*° ~ 10 characters. This is
roughly the number of characters in all of the books in the Library of Congress (see
Question 1.8.15).

The generalized Markov chain model assumes a particular character is depen-
dent only on n previous characters. Since the first n characters do not provide a sig-
nificant amount of information for a very long chain (N >>n), we can obtain the av-
erage information per character from the incremental information given by a
character. Thus, for the nth generalized Markov chain model we have the estimate:

o - o - g
<i. >, =<« >>= i Pn Gn- P DI )
Is Zon Snl§n-1 N|®m¥sa-l N (§n 1)San. Gn |§n 1)10g(P Gn $n 1)) (1851)
where we define the approximate conditional probability using:
P Gn 130-1) = N G- 180)/N G- ) (1.8.52)

Taking the limit n ® ¥ we have an estimate of the information of the source per
character:

o = o = ing

<ig>=Ilim lim @ Py (p- PGnlsn-1)10g(P G |3
s n®¥N®¥a N Gn 1)sa Gn l$r-1)109(P G I$n- 1)) (1.8.53)

n-1 n
This also converges from above as a function of n for large enough N. For a given n, a
Markov chain model takes into account more correlations than the previous inde-
pendent substring model and thus gives a better estimate of the information
(Question 1.8.10).

uestion 1.8.10 Prove that the Markov chain model gives a better esti-

mate of the information for ergodic sources than the independent sub-
string model for a particular n. Assume the limit N® ¥ so that the estimated
probabilities become actual and we can substitute By, ® P in Eq.(1.8.48) and
Eq. (1.8.51).

Solution 1.8.10 The information in a substring of length n is given by the
sum of the information provided incrementally by each character, where the
previous characters are known. We derive this statement algebraically
(Eqg. (1.8.59)) and use it to prove the desired result. Taking the N limitin
Eq. (1.8.48), we define the nth approximation using the independent sub-
string model as:

. 1o
<lg >1n= ;a PGn)log(P(sn)) (1.8.54)
in
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and for the nth generalized Markov chain model we take the same limit in
Eq. (1.8.51):

<ig >3, = A PG )@ PGn 50 DI00PGn IS 1)) (1.855)

Sn-1 Sn

To relate these expressions to each other, follow the derivation of Eq.(1.8.34),
or use it with the substitutionss; ® s, ;and s, ® s,, to obtain

®e 0
<ig>,=- a P(s.n.lsn)gog(P@n.lsn)r log(@ PGn s ) (1.8.56)
Sn-1:5n S %}

Using the identities
P(S.n—lsﬂ) = P@n)

PGy.1)= é P($p-150) (1.8.57)
sn
this can be rewritten as:
<lg> n =N<ig> - (N- D<ig>; (1.8.58)

This result can be summed over n from 1 to n (the n = 1 case is
<i;>,, = <ig>) ;) to obtain:

n
a  <is>pnen <is >, (1.8.59)
n&1

since < is >, , is monotonic decreasing and < is >y  is seen from this expres-
sion to be an average over <i; >, , with lower values of n, we must have that

<ig>y, £ <ig>, (1.8.60)

as desired. O

uestion 1.8.11 We have shown that the two models—the independent

substring models and the generalized Markov chain model—are upper
bounds to the information in a string. How good is the upper bound? Think
up an example that shows that it can be terrible for both, but better for the
Markov chain.

Solution 1.8.11 Consider the example of a long string formed out of a re-
peating substring, for example (000000010000000100000001...). The aver-
age information content per character of this string is zero. This is because
once the repeat structure has become established,there is no more informa-
tion. Any model that gives a nonzero estimate of the information content per
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character will make a great error in its estimate of the information content
of the string, which is N times as much as the information per character.

For the independent substring model,the estimate is never zero. For the
Markov chain model it is nonzero until n reaches the repeat distance. A
Markov model with n the same size or larger than the repeat length will give
the correct answer of zero information per character. This means that even
for the Markov chain model, the information estimate does not work very
well for n less than the repeat distance. [

uestion 1.8.12 Write a computer program to estimate the information

in English and find the estimate. For simple,easy-to-compute estimates,
use single-character probabilities,two-character probabilities,and a Markov
chain model for individual characters. These correspond to the above defin-
itions of <ig >, ;= <i;>; 1, <is>; ,, and <ig >, , respectively.

Solution 1.8.12 A program that evaluates the information content using
single-character probabilities applied to the text (excluding equations) of
Section 1.8 of this book gives an estimate of information content of 4.4
bits/character. Two-character probabilities gives 3.8 bits/character, and the
one-character Markov chain model gives 3.3 bits/character. A chapter of a
book by Mark Twain gives similar results. These estimates are decreasing in
magnitude, consistent with the discussion in the text. They are also still quite
high as estimates of the information in English per character.

The best estimates are based upon human guessing of the next charac-
ter in awritten text. Such experiments with human subjects give estimates of
the lower and upper bounds of information content per character of English
text. These are 0.6 and 1.2 bits/character. This range is significantly below the
estimates we obtained using simple models. Remarkably, these estimates
suggest that it is enough to give only one in four to one in eight characters of
English in order for text to be decipherable. O

uestion 1.8.13 Construct an example illustrating how correlations can

arise between characters over longer than,say, ten characters. These cor-
relations would not be represented by any reasonable character-based
Markov chain model. Is there an example of this type relevant to the English
language?

Solution 1.8.13 Example 1: If we have information that is read from a ma-
trix row by row, where the matrix entries have correlations between rows,
then there will be correlations that are longer than the length of the matrix
rows.

Example 2: We can think about successive English sentences as rows of
a matrix. We would expect to find correlations between rows (i.e., between
words found in adjacent sentences) rather than just between letters. [

231
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uestion 1.8.14 Estimate the amount of information in a typical book
(order of magnitude is sufficient). Use the best estimate of information
content per character of English text of about 1 bit per character.

Solution 1.8.14 A rough estimate can be made using as follows: A 200
page novel with 60 characters per line and 30 lines per page has 4 = 10°
characters. Textbooks can have several times this many characters.A dictio-
nary, which is significantly longer than a typical book, might have 2 © 10’
characters. Thus we might use an order of magnitude value of 10° bits per
book. O

uestion 1.8.15 Obtain an estimate of the number of characters (and
thus the number of bits of information) in the Library of Congress.
Assume an average of 10° characters per book.

Solution 1.8.15 According to information provided by the Library of
Congress,there are presently (in 1996) 16 million books classified according
to the Library of Congress classification system, 13 million other books at
the Library of Congress, and approximately 80 million other items such as
newspapers, maps and films. Thus with 107-10® book equivalents, we esti-
mate the number of characters as 10°-10". O

Inherent in the notion of quantifying information content is the understanding
that the same information can be communicated in different ways, as long as the
amount of information that can be transmitted is sufficient. Thus we can use binary,
decimal, hexadecimal or typed letters to communicate both numbers and letters.
Information can be communicated using any set of (two or more) characters. The
presumption is that there is a way of translating from one to another. Translation op-
erations are called codes; the act of translation is encoding or decoding. Among pos-
sible codes are those that are invertible.Encoding a message cannot add information,
it might,however, lose information (Question 1.8.16). Invertible codes must preserve
the amount of information.

Once we have determined the information content, we can compare different
ways of writing the same information. Assume that one source generates a message of
length N characters with information 1. Then a different source may transmit the
same information using fewer characters. Even if characters are generated at the same
rate,the information may be more rapidly transmitted by one source than another. In
particular, regardless of the value of N, by definition of information content, we could
have communicated the same information using a binary string of length I. It is,how-
ever, impossible to use fewer than | bits because the maximum information a binary
message can contain is equal to its length. This amount of information occurs for a
source with equal a priori probability.

Encoding the information in a shorter form is equivalent to data compression.
Thus a completely compressed binary data string would have an amount of informa-
tion given by its length. The source of such a message would be characterized as a
source of messages with equal a priori probability—a random source. We see that ran-
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domness and information are related. Without a translation (decoding) function it
would be impossible to distinguish the completely compressed information from ran-
dom numbers. Moreover, a random string could not be compressed.

uestion 1.8.16 Prove that an encoding operation that takes a message

as input and converts it into another well-defined message (i.e., for a
particular input message, the same output message is always given) cannot
add information but may reduce it. Describe the necessary conditions for it
to keep the same amount of information.

Solution 1.8.16 Our definition of information relies upon the specifica-
tion of the ensemble of possible messages. Consider this ensemble and as-
sume that each message appears in the ensemble a number of times in pro-
portion to its probability, like the bag with red and green balls. The effect of
a coding operation is to label each ball with the new message (code) that will
be delivered after the coding operation. The amount of information depends
not on the nature of the label, but rather on the number of balls with the
same label. The requirement that a particular message is encoded in a well-
defined way means that two balls that start with the same message cannot be
labeled with different codes. However, it is possible for balls with different
original messages to be labeled the same. The average information is not
changed if and only if all distinct messages are labeled with distinct codes. If
any distinct messages become identified by the same label, the information
is reduced.

We can prove this conclusion algebraically using the result of
Question 1.8.8, which showed that transferring probability from a less likely
to a more likely case reduced the information content. Here we are,in effect,
transferring all of the probability from the less likely to the more likely case.
The change in information upon labeling two distinct messages with the
same code is given by (f (x) = - xlog(x), as in Question 1.8.8):

DI =f(P(s;) +P(s2)) - (F(P(51) +(P(s2))
= (f(P(sp) +P(s2)) +1(0)) - (F(P(s) +f(P(52))) <O

where the inequality follows because f(x) is convex in the range 0 <x< 1. O

(1.8.61)

1.8.5 Human communication

The theory of information, like other theories, relies upon idealized constructs that
are useful in establishing the essential concepts, but do not capture all features of real
systems. In particular, the definition and discussion of information relies upon
sources that transmit the result of random occurrences, which, by definition, cannot
be known by the recipient. The sources are also completely described by specifying the
nature of the random process. This model for the nature of the source and the recip-
ient does not adequately capture the attributes of communication between human
beings. The theory of information can be applied directly to address questions about
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information channels and the characterization of communication in general. It can
also be used to develop an understanding of the complexity of systems. In this section,
however, we will consider some additional issues that should be kept in mind when
applying the theory to the communication between human beings. These issues will
arise again in Chapter 8.

The definition of information content relies heavily on the concepts of probabil-
ity, ensembles, and processes that generate arbitrarily many characters. These con-
cepts are fraught with practical and philosophical difficulties—when there is only one
transmitted message,how can we say there were many that were possible? A book may
be considered as a single communication.A book has finite length and, for a particu-
lar author and a particular reader, is a uniqgue communication. In order to understand
both the strengths and the limitations of applying the theory of information,it is nec-
essary to recognize that the information content of a message depends on the infor-
mation that the recipient of the message already has. In particular, information that
the recipient has about the source. In the discussion above,a clear distinction has been
made. The only information that characterizes the source is in the ensemble proba-
bilities P(s). The information transmitted by a single message is distinct from the en-
semble probabilities and is quantified by I(s). It is assumed that the characterization
of the source is completely known to the recipient. The content of the message is com-
pletely unknown (and unknowable in advance) to the recipient.

A slightly more difficult example to consider is that of a recipient who does not
know the characterization of the source. However, such a characterization in terms of
an ensemble P(s) does exist. Under these circumstances, the amount of information
transferred by a message would be more than the amount of information given by
1(s). However, the maximum amount of information that could be transferred would
be the sum of the information in the message,and the information necessary to char-
acterize the source by specifying the probabilities P(s). This upper bound on the in-
formation that can be transferred is only useful if the amount of information neces-
sary to characterize the source is small compared to the information in the message.

The difficulty with discussing human communication is that the amount of in-
formation necessary to fully characterize the source (one human being) is generally
much larger than the information transmitted by a particular message. Similarly, the
amount of information possessed by the recipient (another human being) is much
larger than the information contained in a particular message. Thus it is reasonable
to assume that the recipient does not have a full characterization of the source. It is
also reasonable to assume that the model that the recipient has about the source is
more sophisticated than a typical Markov chain model, even though it is a simplified
model of a human being. The information contained in a message is, in a sense, the
additional information not contained in the original model possessed by the recipi-
ent. This is consistent with the above discussion, but it also recognizes that specifying
the probabilities of the ensemble may require a significant amount of information. It
may also be convenient to summarize this information by a different type of model
than a Markov chain model.
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Once the specific model and information that the recipient has about the source
enters into an evaluation of the information transfer, there is a certain and quite rea-
sonable degree of relativity in the amount of information transferred. An extreme ex-
ample would be if the recipient has already received a long message and knows the
same message is being repeated,then no new information is being transmitted.A per-
son who has memorized the Gettysburg Address will receive very little new informa-
tion upon hearing or reading it again. The prior knowledge is part of the model pos-
sessed by the recipient about the source.

Can we incorporate this in our definition of information? In every case where we
have measured the information of a message, we have made use of a model of the
source of the information. The underlying assumption is that this model is possessed
by the recipient. It should now be recognized that there is a certain amount of infor-
mation necessary to describe this model. As long as the amount of information in the
model is small compared to the amount of information in the message, we can say
that we have an absolute estimate of the information content of the message. As soon
as the information content of the model approaches that of the message itself, then
the amount of information transferred is sensitive to exactly what information is
known. It might be possible to develop a theory of information that incorporates the
information in the model,and thus to arrive at a more absolute measure of informa-
tion. Alternatively, it might be necessary to develop a theory that considers the recip-
ient and source more completely, since in actual communication between human be-
ings, both are nonergodic systems possessed of a large amount of information. There
is significant overlap of the information possessed by the recipient and the source.
Moreover, this common information is essential to the communication itself.

One effort to arrive at a universal definition of information content of a message
has been made by formally quantifying the information contained in models. The re-
sulting information measure, Kolmogorov complexity, is based on computation the-
ory discussed in the next section. While there is some success with this approach,two
difficulties remain. In order for a universal definition of information to be agreed
upon,models must still have an information content which is less than the message—
knowledge possessed must be smaller than that received. Also, to calculate the infor-
mation contained in a particular message is essentially impossible, since it requires
computational effort that grows exponentially with the length of the message. In any
practical case,the amount of information contained in a message must be estimated
using a limited set of models of the source. The utilization of a limited set of models
means that any estimate of the information in a message is an upper bound.

Computation

The theory of computation describes the operations that we perform on numbers,
including addition, subtraction, multiplication and division. More generally, a com-
putation is a sequence of operations each of which has a definite/unique/well-defined
result. The fundamental study of such operations is the theory of logic. Logical
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operations do not necessarily act upon numbers, but rather upon abstract objects
called statements. Statements can be combined together using operators such as
AND and oR, and acted upon by the negation operation NoT. The theory of logic
and the theory of computation are at root the same. All computations that have
been conceived of can be constructed out of logical operations. We will discuss this
equivalence in some detail.

We also discuss a further equivalence, generally less well appreciated, between
computation and deterministic time evolution. The theory of computation strives to
describe the class of all possible discrete deterministic or causal systems.
Computations are essentially causal relationships. Computation theory is designed ©
capture all such possible relationships. It is thus essential to our understanding not
just of the behavior of computers, or of human logic, but also to the understanding
of causal relationships in all physical systems. A counterpoint to this association of
computation and causality is the recognition that certain classes of deterministic dy-
namical systems are capable of the property known as universal computation.

One of the central findings of the theory of computation is that many apparently
different formulations of computation turn out to be equivalent. The sense in which
they are equivalent is that each one can simulate the other. In the early years of com-
putation theory, there was an effort to describe sets of operations that would be more
powerful than others. When all of them were shown to be equivalent it became gen-
erally accepted (the Church-Turinghypothesis) that there is a well-defined set of pos-
sible computations realized by any of several conceptual formulations. This has be-
come known as the theory of universal computation.

1.9.1 Propositional logic

Logic is the study of reasoning, inference and deduction. Propositional logic describes
the manipulation of statements that are either true or false. It assumes that there ex-
ists a set of statements that are either true or false at a par ticular time, but not both.
Logic then provides the possibility of using an assumed set of relationships between
the statements to determine the truth or falsehood of other statements.

For example,the statements Q, =“I am standing” and Q, =1 am sitting” may be
related by the assumption: Q, is true implies that Q, is not true. Using this assump-
tion,it is understood that a statement “Q, AND Q,” must be false. The falsehood de-
pends only on the relationship between the two sentences and not on the particular
meaning of the sentences. This suggests that an abstract construction that describes
mechanisms of inference can be developed. This abstract construction is proposi-
tional logic.

Propositional logic is formed out of statements (propositions) that may be true
(T) or false (F), and operations. The operations are described by their actions upon
statements. Since the only concern of logic is the truth or falsehood of statements, we
can describe the operations through tables of truth values (truth tables) as follows.
NOT (/) is an operator that acts on a single statement (a unary operator) to form a
new statement. If Q is a statement then ~Q (read “not Q) is the symbolic represen-
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tation of “It is not true that Q.” The truth of ~Q is directly (causally) related to the
truth of Q by the relationship in the table:

Q

T
F

~Q

F
T

(1.9.1)

The value of the truth or falsehood of Q is shown in the left column and the corre-
sponding value of the truth or falsehood of ~Q is given in the right column.
Similarly, we can write the truth tables for the operations AnD (&) and or (]):

Q; Q, | ©&Q,

T T T

T F F (1.9.2)
F T F

F F F
Q Q | QlQ,

T T T

T F T (1.9.3)
F T T

F F F

As the tables show, Q;&Q, is only true if both Q, is true and Q, is true. Q,|Q, is only

false if both Q, is false and Q, is false.

Propositional logic includes logical theorems as statements. For example, the
statement Q, is true if and only if Q, is true can also be written as a binary operation

Q, ° Q, with the truth table:

Ql QZ Ql ° QZ

T T T

T F F (1.9.4)
F T F

F F T

Another binary operation is the statement Q, implies Q,, Q; P Q,. When this
statement is translated into propositional logic,there is a difficulty that is usually by-

passed by the following convention:

Q| Q | QP Q

T | T T

T | F F (1.9.5)
F | T T

F I F T

The difficulty is that the last two lines suggest that when the antecedent Q, is false,the
implication is true, whether or not the consequent Q, is true. For example, the
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statement “If | had wings then I could fly”is as true a statement as “If I had wings then
I couldn’t fly,” or the statement “If I had wings then potatoes would be flat.” The prob-
lem originates in the necessity of assuming that the result is true or false in a unique
way based upon the truth values of Q; and Q,. Other information is not admissible,
and a third choice of “nonsense” or “incomplete information provided”is not allowed
within propositional logic. Another way to think about this problem is to say that
there are many operators that can be formed with definite outcomes. Regardless of
how we relate these operators to our own logical processes, we can study the system
of operators that can be formed in this way. This is a model, but not a complete one,
for human logic.Or, if we choose to define logic as described by this system,then hu-
man thought (as reflected by the meaning of the word “implies™) is not fully charac-
terized by logic (as reflected by the meaning of the operation “b ”).

In addition to unary and binary operations that can act upon statements to form
other statements, it is necessary to have parentheses that differentiate the order of op-
erations to be performed. For example a statement ((Q; °© Q,)&("Q3)|Q;) is a series
of operations on primitive statements that starts from the innermost parenthesis and
progresses outward.As in this example,there may be more than one innermost paren-
thesis. To be definite, we could insist that the order of performing these operations is
from left to right. However, this order does not affect any result.

Within the context of propositional logic, it is possible to describe a systematic
mechanism for proving statements that are composed of primitive statements. There
are several conclusions that can be arrived at regarding a particular statement.A tau-
tology is a statement that is always true regardless of the truth or falsehood of its com-
ponent statements. Tautologies are also called theorems. A contradiction is a state-
ment that is always false. Examples are given in Question 1.9.1.

uestion 1.9.1 Evaluate the truth table of:

a. (Q1P Q("QY&Q)
b. (M(Q1P Q))°(("QYIQy)

Identify which is a tautology and which is a contradiction.

Solution 1.9.1 Build up the truth table piece by piece:

a. Tautology:
Q Q, QP Q | ("Q&Q; | (Q1P QII("Q)&Q,)
T T T F T
T F F T T
F T T F T
F F T F T

(1.9.6)
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b. Contradiction:

Q[ Q [MQP Q) [ (MQIIQ, | (MQ1P Qy)° (MQIQy)
T| T F T F
T| F T F F
Fl T F T F
FIloF F T F

(19.7) O

Question 1.9.2: Construct a theorem (tautology) from a contradiction.
So

ution 1.9.2: By negation. O

1.9.2 Boolean algebra

Propositional logic is a particular example of a more general symbolic system known
as a Boolean algebra. Set theory, with the operators complement,union and intersec-
tion, is another example of a Boolean algebra. The formulation of a Boolean algebra
is convenient because within this more general framework a number of important
theorems can be proven. They then hold for propositional logic,set theory and other
Boolean algebras.

A Boolean algebra is a set of elements B={Q;,Q,, ...}, a unary operator (), and
two binary operators, for which we adopt the notation (+,¢),that satisfy the following
properties for all Q;, Q,, Q;in B:

1. Closure: ~Q,, Q;+Q,, and Q;°Q, are in B

2. Commutative law: Q;+Q,=Q,+Q;, and Q;°Q,=Q,*Q;

3. Distributive law: Q;*(Q,+Q3)=(Q;°Q,)+(Q;°Q;) and
Q1+(QQ3)=(Q1+Q,)*(Q,+Q3)

4. Existence of identity elements, 0 and 1: Q,+0=Q, and Q*1=Q,

5. Complementarity law: Q;+(”Q;)=1 and Q;*("Q,)=0

The statements of properties 2 through 5 consist of equalities. These equalities indi-
cate that the element of the set that results from operations on the left is the same as
the element resulting from operations on the right. Note particularly the second part
of the distributive law and the complementarity law that would not be valid if we in-
terpreted + as addition and ¢ as multiplication.

Assumptions 1 to 5 allow the proof of additional properties as follows:

Associative property: Q;+(Q,+Q3)=(Q1+Q;)+Q3 and Q1+(Q2*Q3)=(Q1°Q2)*Q,
Idempotent property: Q;+Q;=Q; and Q;°Q,=Q;

Identity elements are nulls: Q;+1=1 and Q,*0=0

Involution property: ~(~Q,)=Q;

© o N o
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10. Absorption property: Q;+(Q,*Q,)=Q; and Q;*(Q;+Q,)=Q,
11. DeMorgan’s Laws: M(Q;+Q,)=("Q1)*("*Q,) and ~(Q1*Q)=("Q)+("Qy)

To identify propositional logic as a Boolean algebra we use the set B={T,F} and
map the operations of propositional logic to Boolean operations as follows:(” to 7),
(] to+) and (& to ). The identity elements are mapped:(1 to T) and (0 to F). The proof
of the Boolean properties for propositional logic is given as Question 1.9.3.

uestion 1.9.3: Prove that the identification of propositional logic as a
Boolean algebra is correct.

Solution 1.9.3: (1) is trivial; (2) is the invariance of the truth tables of
Q:&Q,, Q,]Q, to interchange of values of Q; and Q,; (3) requires compari-
son of the truth tables of Q,|(Q,&Q3) and (Q;|Q,)&(Q,|Q3) (see below).
Comparison of the truth tables of Q;&(Q,|Q3) and (Q;&Q,)|(Q;&Q5) is
done similarly.

©
L
L

Q&8Q3 | Q4](Qy&Q3) | Qu[Q, | QulQs | (Qu]Q0)&(Q4]Q5)

M- -44
e e B B n i p B B |
el B e e B e By |
e e e B B n B R |
i e e B B B B
T4 44444
mT47n 44444
e e B B e B

(1.9.8)

(4) requires verifying Q,&T=T, and Q,|F=F (see the truth tables for & and |
above);(5) requires constructing a truth table for Q|*Q and \erifying that it
is always T (see below). Similarly, the truth table for Q&”Q shows that it is

always F.
Q| ™ QI"Q
T F T (199 O
F T T

1.9.3 Completeness

Our objective is to show that an arbitrary truth table, an arbitrary logical statement,
can be constructed out of only a few logical operations. Truth tables are also equiva-
lent to numerical functions—specifically, functions of binary variables that have bi-
nary results (binary functions of binary variables). This can be seen using the
Boolean representation of T and F as {1,0} that is more familiar as a binary notation
for numerical functions. For example, we can write the AND and OR operations
(functions) also as:
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Q1 Q, Q1°Q; Q1+Q,
1 1 1 1
1 0 0 1 (1.9.10)
0 1 0 1
0 0 0 0

Similarly for all truth tables,a logical operation is a binary function of a set of binary
variables. Thus,the ability to form an arbitrary truth table from a few logical opera-
tors is the same as the ability to form an arbitrary binary function of binary variables
from these same logical operators.

To prove this ability, we use the properties of the Boolean algebra to systemati-
cally discuss truth tables. We first construct an alternative Boolean expression for
Q,+Q, by a procedure that can be generalized to arbitrary truth tables. The procedure
is to look at each line in the truth table that contains an outcome of 1 and write an ex-
pression that provides unity for that line only. Then we combine the lines to achieve
the desired table. Q;°Q, is only unity for the first line,as can be seen from its column.
Similarly, Q;*("Q,) is unity for the second line and (~Q,)*Q, is unity for the third
line. Using the properties of +we can then combine the terms together in the form:

Q1°Q Q1+ (" Q) +("Q1)*Q, (1.9.11)
Using associative and identity properties, this gives the same result as Q;+Q,.

We have replaced a simple expression with a much more complicated expression
in Eqg.(1.9.11). The motivation for doing this is that the same procedure can be used
to represent any truth table. The general form we have constructed is called the dis-
junctive normal form. We can construct a disjunctive normal representation for an
arbitrary binary function of binary variables. For example, given a specific binary
function of binary variables, f (Q,Q,,Qs), we construct its truth table, e.g.,

Ql QZ Q3 f (Q11Q21Q3)

1 1 1 1

1 0 1 0

0 1 1 1

0 0 1 0 (1.9.12)
1 1 0 0

1 0 0 1

0 1 0 0

0 0 0 0

The disjunctive normal form is given by:

f (Q1,Q2,Q3)=Q1°Q*Q3+("Q1)*Q*Q3+Q1*("Q,)*("Qs) (1.9.13)

as can be verified by inspection. An analogous construction can represent any binary
function.

We have demonstrated that an arbitrary truth table can be constructed out of the
three operations (™, +, *). We say that these form a complete set of operations. Since
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there are 2" lines in a truth table formed out of n binary variables, there are 22" pos-
sible functions of these n binary variables. Each is specified by a particular choice of
the 2" possible outcomes. We have achieved a dramatic simplification by recognizing
that all of them can be written in terms of only three operators. We also know that at
most (1/2)n2" () operations, (n - 1) 2" (+) operations and 2" - 1 (+) operations are
necessary. This is the number of operations needed to represent the identity function
1 in disjunctive normal form.

It is possible to further simplify the set of operations required. We can eliminate
either the + or the « operations and still have a complete set. To prove this we need only
display an expression for either of them in terms of the remaining operations:

Q1°Q=M("Q+("QY))
Q1+Q=M("Q1)*("Q2))

Question 1.9.4: Verify Eq. (1.9.14).
So

(1.9.14)

ution 1.9.4: They may be verified using DeMorgan’s Laws and the invo-
lution property, or by construction of the truth tables, e.g.:

Qs Q; ~Qy "Q, Q:°Q, ("QD+("Qy)
1 1 0 0 1 0
1 0 0 1 0 1
0 1 1 0 0 1
0 0 1 1 0 1
(1.9.15) O

It is possible to go one step further and identify binary operations that can rep-
resent all possible functions of binary variables. Two possibilities are the NAND (&)
and NoRr (]) operations defined by:

Q1 & Q="(Q18Q) ® ~(Qr*Qy)
Q: | @="MQ11Q) ® ~Q1+Qy)

Both the logical and Boolean forms are written above. The truth tables of these oper-
ators are:

(1.9.16)

Q: Q; NQr* Qo) NQ1+Qy)
1 0 0
0 1 0 (1.9.17)
1 1 0
0 1 1

We can prove that each is complete by itself (capable of representing all binary func-
tions of binary variables) by showing that they are capable of representing one of the
earlier complete sets.We prove the case for the NAND operation and leave the NOR op-
eration to Question 1.9.5.
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Q=NQ*Q)=Q, & Q
(Q1°Q)="("M(Q1Q2))="™MQ; & Q7)=(Q; & Q) & (Q; & Q)
Question 1.9.5: Verify completeness of the NOR operation.

(1.9.18)

Solution 1.9.5: We can use the same formulas as in the proof of the com-
pleteness of NAND by replacing ¢ with + and & with | everywhere. [

1.9.4 Turing machines

We have found that logical operators can represent any binary function of binary vari-
ables. This means that all well-defined mathematical operations on integers can be
represented in this way. One of the implications is that we might make machines out
of physical elements, each of which is capable of performing a Boolean operation.
Such a machine would calculate a mathematical function and spare us a tedious task.
We can graphically display the operations of a machine performing a series of
Boolean operations as shown in Fig. 1.9.1. This is a simplified symbolic form similar
to forms used in the design of computer logic circuits.

By looking carefully at Fig. 1.9.1 we see that there are several additional kinds of
actions that are necessary in addition to the elementary Boolean operation. These ac-
tions are indicated by the lines that might be thought of as wires. One action is to
transfer information from the location where it is input into the system, to the place
where it is used. The second is to duplicate the information. Duplication is repre-
sented in the figure by a branching of the lines. The branching enables the same

2T >
0 Q11 Q2

Q1

Q1& Q2
Q2

Figure 1.9.1 Graphical representation of Boolean operations. The top figure shows a graph-
ical element representing the Nor operation Qlin ="™MQ11Q2). In the bottom figure we com-
bine several operations together with lines (wires) indicating input, output, data duplication
and transfer to form the AnD operation, (Qlle)f(QZTQZ) = ("Ql)f(’\Qz) =Q4&Q5,. This equation
may be used to prove completeness of the nor operation. [
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information to be used in more than one place. Additional implicit actions involve
timing, because the representation makes an assumption that time causes the infor-
mation to be moved and acted upon in a sequence from left to right. It is also neces-
sary to have mechanisms for input and output.

The kind of mathematical machine we just described is limited to performing
one prespecified function of its inputs. The process of making machines is time con-
suming. To physically rearrange components to make a new function would be in-
convenient. Thus it is useful to ask whether we might design a machine such that part
of its input could include a specification of the mathematical operation to be per-
formed. Both information describing the mathematical function,and the numbers on
which it is to be performed, would be encoded in the input which could be described
as a string of binary characters.

This discussion suggests that we should systematically consider the properties/
qualities of machines able to perform computations. The theory of computation is a
self-consistent discussion of abstract machines that perform a sequence of prespeci-
fied well-defined operations. It extends the concept of universality that was discussed
for logical operations. While the theory of logic determined that all Boolean functions
could be represented using elementary logic operations, the theory of computation
endeavors to establish what is possible to compute using a sequence of more general
elementary operations. For this discussion many of the practical matters of computer
design are not essential. The key question is to establish a relationship between ma-
chines that might be constructed and mathematical functions that may be computed.
Part of the problem is to define what a computation is.

There are several alternative models of computation that have been shown to be
equivalent in a formal sense since each one of them can simulate any other. Turing in-
troduced a class of machines that represent a particular model of computation.
Rather than maintaining information in wires, Turing machines (Fig. 1.9.2) use a
storage device that can be read and written to. The storage is represented as an infi-
nite one-dimensional tape marked into squares. On the tape can be written charac-
ters, one to a square. The total number of possible characters, the alphabet, is finite.
These characters are often taken to be digits plus a set of markers (delimiters). In ad-
dition to the characters,the tape squares can also be blank. All of the tape is blank ex-
cept for a finite number of nonblank places. Operations on the tape are performed by
aroving read-write head that has a sp ecified (finite) number of internal storage ele-
ments and a simple kind of program encoded in it.We can treat the program as a table
similar to the tables discussed in the context of logic. The table operation acts upon
the value of the tape at the current location of the head,and the value of storage ele-
ments within the read head. The result of an operation is not just a single binary value.
Instead it corresponds to a change in the state of the tape at the current location
(write),a change in the internal memory of the head,and a shift of the location of the
head by one square either to the left or to the right.

We can also think about a Turing machine (TM) as a dynamic system. The inter-
nal table does not change in time. The internal state s(t),the current location I(t),the
current character a(t) and the tape c(t) are all functions of time. The table consists of
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R sp1,511
L 511,50
R 51,0
H 1,51

Figure 1.9.2 Turing’s model of computation — the Turing machine (TM) — consists of a tape
divided into squares with characters of a finite alphabet written on it. A roving “head” indi-
cated by the triangle has a finite number of internal states and acts by reading and writing
the tape according to a prespecified table of rules. Each rule consists of a command to read
the tape, write the tape, change the internal state of the TM head and move either to the left
or right. A simplified table is shown consisting of several rules of the form {u, s¢ a¢ s, a}
where a and a¢are possible tape characters, s and s¢are possible states of the head and u is
a movement of the head right (R), left (L) or halt (H). Each update the TM starts by finding
the rule {u, s¢ a¢s, a} in the table such that a is the character on the tape at the current lo-
cation of the head, and s is its current state. The tape is written with the corresponding a¢
and the state of the TM head is changed to s¢ Then the TM head moves according to the cor-
responding u right or left. The illustration simplifies the characters to binary digits 0 and 1
and the states of the TM head to s, and s,. O

a set of instructions or rules of the form {u,sfa,a} corresponding to a deterministic
transition matrix. s and a are the current internal state and current tape character re-
spectively. s¢and adare the new internal state and character. u is the move to be made,
either right or left (R or L).

Using either conceptual model, the TM starts from an initial state and location
and a specified tape. In each time interval the TM head performs the following oper-
ations:

1. Read the current tape character

2. Find the instruction that corresponds to the existing combination of (5,a)

3. Change the internal memory to the corresponding s¢

4. Write the tape with the corresponding character a¢

5. Move the head to the left or right as specified by u

When the TM head reaches a special internal state known as the halt state, then the
outcome of the computation may be read from the tape. For simplicity, in what fol -
lows we will indicate entering the halt state by a move u = H which is to halt.

The best way to understand the operation of a TM is to construct particular
tables that perform particular actions (Question 1.9.6). In addition to logical
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operations, the possible actions include moving and copying characters.
Constructing particular actions using a TM is tedious, in large part because the
movements of the head are limited to a single displacement right or left. Actual
computers use direct addressing that enables access to a particular storage location
in its memory using a number (address) specifying its location. TMs do not gener-
ally use this because the tape is arbitrarily long, so that an address is an arbitrarily
large number, requiring an arbitrarily large storage in the internal state of the head.
Infinite storage in the head is not part of the computational model.

uestion 1.9.6 The following TM table is designed to move a string of

binary characters (0 and 1) that are located to the left of a special marker
M to blank squares on the tape to the right of the M and then to stop on the
M. Blank squares are indicated by B. The internal states of the head are indi-
cated by s, S, .. . These are not italicized, since they are values rather than
variables. The movements of the head right and left are indicated by R and
L. As mentioned above, we indicate entering the halt state by amovement H.
Each line has the form {u, s¢ a¢s, a}.

Read over the program and convince yourself that it does what it is sup-
posed to. Describe how it works. The TM must start from state s, and must
be located at the leftmost nonblank character. The line numbering is only for
convenience in describing the TM, and has no role in its operation.

1. R Sy B Sy 0
2. R S3 B S 1
3. R Sy 0 Sy 0
4. R Sy 1 Sy 1
5. R S, M S, M
6. R Sq 0 S 0
7. R S3 1 S3 1
8. R Sq M Sq M (1.9.19)
9. L Sy 0 Sy B
10. L Sa 1 S3 B
11. L Sy 0 Sy 0
12. L Sy 1 Sy 1
13. L Sy M Sy M
14. R Sq B Sy B
15. H Sy M Sy M

Solution 1.9.6 This TM works by (lines 1 or 2) reading a nonblank char-
acter (0 or 1) into the internal state of the head; 0 is represented by s, and 1
is represented by s;. The character that is read is set to a blank B. Then the
TM moves to the right, ignoring all of the tape characters 0, 1 or M (lines 3
through 8) until it reaches a blank B. It writes the stored character (lines 9 or
10), changing its state to s,. This state specifies moving to the left,ignoring
all characters 0,1 or M (lines 11 through 13) until it reaches a blank B. Then
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(line 14) it moves one step right and resets its state to s;. This starts the pro-
cedure from the beginning. If it encounters the marker M in the state s, in-
stead of a character to be copied, then it halts (line 15). O

Since each character can also be represented by a set of other characters (i.e.,2 in
binary is 10), we can allow the TM head to read and write not one but a finite pre-
specified number of characters without making a fundamental change. The following
TM, which acts upon pairs of characters and moves on the tape by two characters at
a time, is the same as the one given in Question 1.9.6.

1. 01 01 00 00 01
2. 01 11 00 00 11
3. 01 01 01 01 01
4, 01 01 11 01 11
5. 01 01 10 01 10
6. 01 11 01 11 01
7. 01 11 11 11 11
8. 01 11 10 11 10 (1.9.20)
9. 10 10 01 01 00

10. 10 10 11 11 00

11. 10 10 01 10 01

12. 10 10 11 10 11

13. 10 10 10 10 10

14, 01 00 00 10 00

15. 00 00 10 00 10

The particular choice of the mapping from characters and internal states onto the
binary representation is not unique. This choice is characterized by using the left and
right bits to represent different aspects. In columns 3 or 5, which represent the tape
characters, the right bit represents the type of element (marker or digit), and the left
represents which element or marker it is: 00 represents the blank B, 10 represents M,
01 represents the digit 0,and 11 represents the digit 1. In columns 2 or 4, which rep-
resent the state of the head,the states s, and s, are represented by 00 and 10, s, and s
are represented by 01 and 11 respectively. In column 1, moving right is 01, left is 10,
and halt is 00.

The architecture of a TM is very general and allows for a large variety of actions
using complex tables. However, all TMs can be simulated by transferring all of the re-
sponsibility for the table and data to the tape.A TM that can simulate all TMs is called
a universal Turing machine (UTM). As with other TMs,the responsibility of arrang-
ing the information lies with the “programmer.” The UTM works by representing the
table,current state,and current letter on the UTM tape. We will describe the essential
concepts in building a UTM but will not explicitly build one.

The UTM acts on its own set of characters with its own set of internal states. In
order to use it to simulate an arbitrary TM, we have to represent the TM on the tape
of the UTM in the characters that the UTM can operate on. On the UTM tape, we
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Figure 1.9.3 The universal Turing machine (UTM) is a special TM that can simulate the com-
putation performed by any other TM. The UTM does this by executing the rules of the TM that
are encoded on the tape of the UTM. There are three parts to the UTM tape, the part where
the TM table is encoded (on the left), the part where the tape of the TM is encoded (on the
right) and a workspace (in the middle) where information representing the current state of
the TM head, the current character of the TM tape, and the movement command, are encoded.
See the text for a description of the operation of the UTM based on its own rule table. O

must be able to represent four types of entities: a TM character, the state of the TM
head, the movement to be taken by the TM head, and markers that indicate to the
UTM what is where on the tape. The markers are special to the UTM and must be
carefully distinguished from the other three. For later reference, we will build a par-
ticular type of UTM where the tape can be completely represented in binary.

The UTM tape has three parts,the part that represents the table of the TM,a work
area,and the part that represents the tape of the TM (Fig. 1.9.3). To represent the tape
and table of a particular but arbitrary TM, we start with a binary representation of its
alphabet and of its internal states

a, ® 00000, a, ® 00001, a;® 00010, ...
s, ® 000,s,® 001, ...

where we keep the left zeros, as needed for the number of bits in the longest binary
number. We then make a doubled binary representation like that used in the previous
example, where each bit becomes two bits with the low order bit a 1. The doubled bi-
nary notation will enable us to distinguish between UTM markers and all other enti-
ties on the tape. Thus we have:

a, ® 0101010101,a,® 01010101 11,a,® 0101011101, ...
(1.9.22)
5,® 010101,5,® 010111, ...

These labels of characters and states are in a sense arbitrary, since the transition table
is what gives them meaning.

We also encode the movement commands. The movement commands are not ar-
bitrary, since the UTM must know how to interpret them. We have allowed the TM to
displace more than one character, so we must encode a set of movements such as R,
L, Ry, Ly, and H. These correspond respectively to moving one character right, one
character left, two characters right, two characters left, and entering the halt state.
Because the UTM must understand the move that is to be made, we must agree once

(1.9.21)
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and for all on a coding of these movements. We use the lowest order bit as a direction
bit (1 Right, 0 Left) and the rest of the bits as the number of displacements in binary
R, ® 011,R, ® 101, ...,
L, ® 010,L,® 100, ..., (1.9.23)
H ® 000 or 001

The doubled binary representation is as before:each bit becomes two bits with the low
order bita 1,

R,® 011111 ,R,® 110111, ...,
L,®011101,L,® 110101,..., (1.9.24)
H® 0101010r010111

Care is necessary in the UTM design because we do not know in advance how many
types of TM moves are possible.We also don’t know how many characters or internal
states the TM has. This means that we don’t know the length of their binary repre-
sentations.

We need a number of markers that indicate to the UTM the beginning and end
of encoded characters, states and movements described above. We also need markers
to distinguish different regions of the tape. A sufficient set of markers are:

M, —the beginning of a TM character,

M,—the beginning of a TM internal state,

M;—the beginning of a TM table entry, which is also the beginning of a move-
ment command,

M,—a separator between the TM table and the workspace,

M;—a separator between the workspace and the TM tape,

Mg—the beginning of the current TM character (the location of the TM head),
M,—the identified TM table entry to be used in the current step, and

B—the blank, which we include among the markers.

Depending on the design of the UTM, these markers need not all be distinct. In any
case, we encode them also in binary

B® 000,M,;® 001, M, ® 010, ... (1.9.25)
and then doubled binary form where the second character is now zero:
B ® 000000, M, ® 0000 10,M,® 001000, ... (1.9.26)

We are now in a position to encode both the tape and table of the TM on the tape
of the UTM. The representation of the table consists of a sequence of representations
of the lines of the table, L,L,..., where each line is represented by the doubled binary
representation of

M;u M, s¢M; a¢tM,s M;a (1.9.27)
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The markers are definite but the characters and states and movements correspond to
those in a particular line in the table. The UTM representation of the tape of the TM,
a8, . . ., is a doubled binary representation of

M, a; M;a, M, a;... (1.9.28)

The workspace starts with the character M, and ends with the character Ms. There is
room enough for the representation of the current TM machine state,the current tape
character and the movement command to be executed. At a particular time in execu-
tion it appears as:

M,u M, s M; a Mg (1.9.29)

We describe in general terms the operation of the UTM using this representation
of a TM. Before execution we must indicate the starting location of the TM head and
its initial state. This is done by changing the corresponding marker M, to Mg (at the
UTM tape location to the left of the character corresponding to the initial location of
the TM), and the initial state of the TM is encoded in the workspace after M.

The UTM starts from the leftmost nonblank character of its tape. It moves to the
right until it encounters Mg. It then copies the character after Mg into the work area
after M. It compares the values of (s,a) in the work area with all of the possible (s,a)
pairs in the transition table pairs until it finds the same pair. It marks this table entry
with M;. The corresponding s¢from the table is copied into the work area after M.,
The corresponding a¢ is copied to the tape after Mg. The corresponding movement
command w is copied to the work area after M,. If the movement command is H the
TM halts. Otherwise, the marker Mg is moved according to the value of . It is moved
one step at a time (i.e.,the marker My is switched with the adjacent M;) while decre-
menting the value of the digits of u (except the rightmost bit) and in the direction
specified by the rightmost bit. When the movement command is decremented to zero,
the TM begins the cycle again by copying the character after M into the work area.

There is one detail we have overlooked: the TM can write to the left of its non-
blank characters. This would cause problems for the UTM we have designed,since to
the left of the TM tape representation is the workspace and TM table. There are vari-
ous ways to overcome this difficulty. One is to represent the TM tape by folding it
upon itself and interleaving the characters.Starting from an arbitrary location on the
TM tape we write all characters on the UTM tape to the right of M, so that odd char-
acters are the TM tape to the right, and even ones are the TM tape to the left.
Movements of the Mg marker are doubled, and it is reflected (bounces) when it en-
counters M.

A TM is a dynamic system. We can reformulate Turing’s model of computation
in the form of a cellular automaton (Section 1.5) in a way that will shed some light on
the dynamics that are being discussed. The most direct way to do this is to make an
automaton with two adjacent tapes. The only information in the second strip is a sin-
gle nonblank character at the location of the head that represents its internal state.
The TM update is entirely contained within the update rule of the automaton. This
update rule may be constructed so that it acts at every point in the space, but is en-
abled by the nonblank character in the adjacent square on the second tape. When the
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dynamics reaches a steady state (it is enough that two successive states of the au-
tomaton are the same),the computation is completed. If desired we could reduce this
CA to one tape by placing each pair of squares in the two tapes adjacent to each other,
interleaving the two tapes. While a TM can be represented as a CA,any CA with only
afinite number of active cells can be updated by a Turing machine program (it is com-
putable). There are many other CA that can be programmed by their initial state to
perform computations. These can be much simpler than using the TM model as a
starting point. One example is Conway’s Game of Life, discussed in Section 1.5.Like
a UTM, this CA is a universal computer—any computation can be performed by
starting from some initial state and looking at the final steady state for the result.

When we consider the relationship of computation theory to dynamic systems,
there are some intentional restrictions in the theory that should be recognized. The
conventional theory of computation describes a single computational unit operating
on a character string formed from a finite alphabet of characters. Thus, computation
theory does not describe a continuum in space,an infinite array of processors, or real
numbers. Computer operations only mimic approximately the formal definition of
real numbers. Since an arbitrary real number requires infinitely many digits to spec-
ify, computations upon them in finite time are impossible. The rejection by compu-
tation theory of operations upon real numbers is not a trivial one. It is rooted in fun-
damental results of computation theory regarding limits to what is inherently
possible in any computation.

This model of computation as dynamics can be summarized by saying that a
computation is the steady-state result of a deterministic CA with a finite alphabet (fi-
nite number of characters at each site) and finite domain update rule.One of the char-
acters (the blank or vacuum) must be such that it is unchanged when the system is
filled with these characters. The space is infinite but the conditions are such that all
space except for a finite region must be filled with the blank character.

1.9.5 Computability and the halting problem

The construction of a UTM guarantees that if we know how to perform a particular
operation on numbers, we can program a UTM to perform this computation.
However, if someone gives you such a program—can you determine what it will com-
pute? This seemingly simple question turns out to be at the core of a central problem
of logic theory. It turns out that it is not only difficult to determine what it will com-
pute,it is,in a formal sense that will be described below, impossible to figure out if it
will compute anything at all. The requirement that it will compute something is that
eventually it will halt. By halting, it declares its computation completed and the an-
swer given. Instead of halting, it might loop forever or it might continue to write on
ever larger regions of tape. To say that we can determine whether it will compute
something is equivalent to saying that it will eventually halt. This is called the halting
problem. How could we determine if it would halt? We have seen above how to rep-
resent an arbitrary TM on the tape of a particular TM. Consistent with computation
theory, the halting problem is to construct a special TM, T, whose input is a de-
scription of a TM and whose output is a single bit that specifies whether or not the
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TM will halt. In order for this to make sense,the program T, must itself halt. We can
prove by contradiction that this is not possible in general, and therefore we say that
the halting problem is not computable. The proof is based on constructing a para-
doxical logical statement of the form “This statement is false.”

A proof starts by assuming we have a TM called T, that accepts as input a tape
representing a TM Y and its tape y. The output, which can be represented in func-
tional form as Ty (Y, Y), is always well-defined and is either 1 or 0 representing the
statement that the TM Y halts ony or doesn’t halt on y respectively. We now construct
a logical contradiction by constructing an additional TM based on T,. First we con-
sider Ty (Y,Y), which asks whether Y halts when acting on a tape representing itself.
We design a new TM T, that takes only Y as input, copies it and then acts in the same
way as T,,. So we have

T () =T v,Y) (1.9.30)

We now define a TM Ty, that is based on T,; but whenever T, gives the answer
0 it gives the answer 1,and whenever T, gives the answer 1 it enters a loop and com-
putes forever. A moment’s meditation shows that this is possible if we have T,;.
Applying T,,, to itself then gives us the contradiction, since T,(Ty,) gives 1 if

Th1(Th2) = Th(Th2 Thz) =0 (1.9.31)

By definition of T, this means that T, ,(Ty,) does not halt, which is a contradiction.
Alternatively, T,;,(Ty,) computes forever if

Tha(Th2) = Th(Thz T) =1
by definition of T, this means that T,,,(Ty,) halts, which is a contradiction.

The noncomputability of the halting problem is similar to Gddel’s theorem and
other results denying the completeness of logic, in the sense that we can ask a ques-
tion about a logical construction that cannot be answered by it.Godel’s theorem may
be paraphrased as: In any axiomatic formulation of number theory (i.e.,integers),it
is possible to write a statement that cannot be proven T or F. There has been a lot of
discussion about the philosophical significance of these theorems.A basic conclusion
that may be reached is that they describe something about the relationship of the fi-
nite and infinite. Turing machines can be represented,as we have seen, by a finite set
of characters. This means that we can enumerate them, and they correspond one-to-
one to the integers. Like the integers, there are (countably) infinitely many of them.
Godel’s theorem is part of our understanding of how an infinite set of numbers must
be described. It tells us that we cannot describe their properties using a finite set of
statements. This is appealing from the point of view of information theory since an
arbitrary integer contains an arbitrarily large amount of information. The noncom-
putability of the halting problem tells us more specifically that we can ask a question
about a system that is described by a finite amount of information whose answer (in
the sense of computation) is not contained within it. We have thus made a vague con-
nection between computation and information theory. We take this connection one
step further in the following section.
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1.9.6 Computation and information in brief

One of our objectives will be to relate computation and information. We therefore
ask, Can a calculation produce information? Let us think about the results of a TM
calculation which is a string of characters—the nonblank characters on the output
tape. How much information is necessary to describe it? We could describe it directly,
or use a Markov model as in Section 1.8. However, we could also give the input of the
TM and the TM description, and this would be enough information to enable us to
obtain the output by computation. This description might contain more or fewer
characters than the direct description of the output. We now return to the problem of
defining the information content of a string of characters. Utilizing the full power of
computation, we can define this as the length of the shortest possible input tape for a
UTM that gives the desired character string as its output. This is called the algorith-
mic (or Kolmogorov) complexity of a character string. We have to be careful with the
definition, since there are many different possible UTM. We will discuss this in
greater detail in Chapter 8. However, this discussion does imply that a calculation
cannot produce information. The information present at the beginning is sufficient
to obtain the result of the computation. It should be understood, however, that the
information that seems to us to be present in a result may be larger than the original
information unless we are able to reconstruct the starting point and the TM used for
the computation.

1.9.7 Logic, computation and human thought

Both logic and computation theory are designed to capture aspects of human
thought. A fundamental question is whether they capture enough of this process—
are human beings equivalent to glorified Turing machines? We will ask this question
in several ways throughout the text and arrive at various conclusions,some of which
support this identification and some that oppose it.One way to understand the ques-
tion is as one of progressive approximation. Logic was originally designed to model
human thought. Computation theory, which generalizes logic, includes additional
features not represented in logic. Computers as we have defined them are instruments
of computation. They are given input (information) specifying both program and
data and provide well-defined output an indefinite time later. One of the features that
is missing from this kind of machine is the continuous input-output interaction with
the world characteristic of a sensory-motor system. An appropriate generalization of
the Turing machine would be a robot. As it is conceived and sometimes realized,a ro-
bot has both sensory and motor capabilities and an embedded computer. Thus it has
more of the features characteristic of a human being. Is this sufficient, or have we
missed additional features?

Logic and computation are often contrasted with the concept of creativity. One
of the central questions about computers is whether they are able to simulate creativ-
ity. In Chapter 3 we will produce a model of creativity that appears to be possible to
simulate on a computer. Hidden in this model, however, is a need to use random
numbers. This might seem to be a minor problem, since we often use computers to
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generate random numbers. However, computers do not actually generate random-
ness,they generate pseudo-random numbers. If we recall that randomness is the same
as information, by the discussion in the previous section,a computer cannot gener-
ate true randomness.A Turing machine cannot generate a result that has more infor-
mation than it is given in its initial data. Thus creativity appears to be tied at least in
part to randomness, which has often been suggested, and this may be a problem for
conventional computers. Conceptually, this problem can be readily resolved by
adding to the description of the Turing machine an infinite random tape in addition
to the infinite blank tape. This new system appears quite similar to the original TM
specification.A reasonable question would ask whether it is really inherently differ-
ent. The main difference that we can ascertain at this time is that the new system
would be capable of generating results with arbitrarily large information content,
while the original TM could not. This is not an unreasonable distinction to make be-
tween a creative and a logical system. There are still key problems with understanding
the practical implications of this distinction.

The subtlety of this discussion increases when we consider that one branch of
theoretical computer science is based on the commonly believed assumption that
there exist functions that are inherently difficult to invert—they can only be inverted
in a time that grows exponentially with the length of the nonblank part of the tape.
For all practical purposes, they cannot be inverted, because the estimated lifetime of
the universe is insufficient to invert such functions. While their existence is not
proven, it has been proven that if they do exist, then such a function can be used to
generate a string of characters that, while not random, cannot be distinguished from
arandom string in less than exponential time. This would suggest that there can be
no practical difference between a TM with a random tape,and one without. Thus,the
possibility of the existence of noninvertible functions is intimately tied to questions
about the relationship between TM, randomness and human thought.

1.9.8 Using computation and information to describe the
real world

In this section we review the fundamental relevance of the theories of computation
and information in the real world. This relevance ultimately arises from the proper-
ties of observations and measurements.

In our observations of the world, we find that quantities we measure vary. Indeed,
without variation there would be no such thing as an observation. There are variations
over time as well as over space. Our intellectual effort is dedicated to classifying or un-
derstanding this variation. To concretize the discussion, we consider observations of a
variable s which could be as a function of time s(t) or of space s(x). Even though x or
t may appear continuous, our observations may often be described as a finite discrete
set{s;}. One of the central (meta)observations about the variation in value of {s;} is that
sometimes the value of the variable s; can be inferred from, is correlated with, or is not
independent from its value or values at some other time or position ;.

These concepts have to do with the relatedness of s; to s;. Why is this important?
The reason is that we would like to know the value of s; without having to observe it.
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We can understand this as a problem in prediction—to anticipate events that will oc-
cur. We would also like to know what is located at unobserved positions in space;e.g.,
around the corner. And even if we have observed something, we do not want to have
to remember all observations we make. We could argue more fundamentally that
knowledge/information is important only ifprediction is possible. There would be no
reason to remember past observations if they were uncorrelated with anything in the
future. If correlations enable prediction,then it is helpful to store information about
the past. We want to store as little as possible in order to make the prediction. Why?
Because storage is limited, or because accessing the right information requires a
search that takes time. If a search takes more time than we have till the event we want
to predict, then the information is not useful. As a corollary (from a simplified utili-
tarian point of view), we would like to retain only information that gives us the best,
most rapid prediction, under the most circumstances, for the least storage.

Inference is the process of logic or computation. To be able to infer the state of a
variable s; means that we have a definite formula f(s;) that will give us the value of s,
with complete certainty from a knowledge of s;. The theory of computation describes
what functions f are possible. If the index i corresponds to a later time than j we say
that we can predict its value. In addition to the value of s; we need to know the func-
tion f in order to predict the value of s;. This relationship need not be from a single
value s;to a single value s;. \WWe might need to know a collection of values {s; } in order
to obtain the value of s; from f({5; }).

As part of our experience of the world, we have learned that observations at a par-
ticular time are more closely related to observations at a previous time than observa-
tions at different nearby locations. This has been summarized by the principle of
causality. Causality is the ability to determine what happens at one time from what
happened at a previous time. This is more explicitly stated as microcausality—what
happens at a particular time and place is related to what happened at a previous time
in its immediate vicinity. Causality is the principle behind the notion of determinism,
which suggests that what occurs is determined by prior conditions. One of the ways
that we express the relationship between system observations over time is by conser-
vation laws. Conservation laws are the simplest form of a causal relationship.

Correlation is a looser relationship than inference. The statement that values s;
and s;are correlated implies that even if we cannot tell exactly what the value s; is from
a knowledge of s;, we can describe it at least partially. This partial knowledge may also
be inherently statistical in the context of an ensemble of values as discussed below.
Correlation often describes a condition where the values s; and s; are similar. If they
are opposite, we might say they are anticorrelated. However, we sometimes use the
term “correlated”more generally. In this case, to say thats; and s; are correlated would
mean that we can construct a function f(s;) which is close to the value of s; but not ex-
actly the same. The degree of correlation would tell us how close we expect them to
be. While correlations in time appear to be more central than correlations in space,
systems with interactions have correlations in both space and time.

Concepts of relatedness are inherently of an ensemble nature. This means that

they do not refer to a particular value s; or a pair of values (s;, s;) but rather to a
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collection of such values or pairs. The ensemble nature of relationships is often more
explicit for correlations, but it also applies to inference. This ensemble nature is hid-
den by functional terminology that describes a relationship between particular val-
ues. For example, when we say that the temperature at 1:00 p.m. is correlated with the
temperature at 12:00 r.m., we are describing a relationship between two temperature
values. Implicitly, we are describing the collection of all pairs of temperatures on dif-
ferent days or at different locations. The set of such pairs are analogs. The concept of
inference also generally makes sense only in reference to an ensemble. Let us assume
for the moment that we are discussing only a single value s;. The statement of infer-
ence would imply that we can obtain s; as the value f(s;). For a single value,the easiest
way (requiring the smallest amount of information) to specify f(s;) would be to spec-
ify s;. We do not gain by using inference for this single case. However, we can gain if
we know that, for example,the velocity of an object will remain the same if there are
no forces upon it. This describes the velocity v(t) in terms of v(t® of any one object
out of an ensemble of objects. We can also gain from inference if the function f(s;)
gives a string of more than ones;.

The notion of independence is the opposite of inference or correlation. Two val-
ues s; and s; are independent if there is no way that we can infer the value of one from
the other, and if they are not correlated. Randomness is similar to independence. The
word “independent” is used when there is no correlation between two observations.
The word “random” is stronger, since it means that there is no correlation between an
observed value and anything else. A random process,like a sequence of coin tosses,is
a sequence where each value is independent of the others. We have seen in Section 1.8
that randomness is intimately related with information. Random processes are un-
predictable,therefore it makes no sense for us to try to accumulate information that
will help predict it. In this sense, a random process is simple to describe. However,
once a random process has occurred,other events may depend upon it. For example,
someone who wins a lottery will be significantly affected by an event presumed to be
random. Thus we may want to remember the results of the random process after it
occurs. In this case we must remember each value. We might ask, Once the random
process has occurred, can we summarize it in some way? The answer is that we can-
not. Indeed, this property has been used to define randomness.

We can abstract the problem of prediction and description of observations to the
problem of data compression. Assume there are a set of observations {s;} for which we
would like to obtain the shortest possible description from which we can reconstruct
the complete set of observations. If we can infer one value from another, then the set
might be compressed by eliminating the inferable values. However, we must make
sure that the added information necessary to describe how the inference is to be done
is less than the information in the eliminated values. Correlations also enable com-
pression. For example,let us assume that the values are biased oN with a probability
P(1) =.999 and orFF with a probability P (- 1) =0.001. This means that one in a thou-
sand values is oFr and the others are oN. In this case we can remember which ones
are ofF rather than keeping a list of all of the values. We would say they are oN except
for numbers 3, 2000,2403,5428, etc. This is one way of coding the information. This
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method of encoding has a problem in that the numbers representing the locations of
the orF values may become large. They will be correlated because the first few digits
of successive locations will be the same (...,431236,432112,434329,...). We can fur-
ther reduce the list if we are willing to do some more processing, by giving the inter-
vals between successive orF values rather than the absolute numbers of their location.

Ultimately, when we have reached the limits of our ability to infer one observa-
tion from another, the rest is information that we need. For example, differential
equations are based on the presumption that boundary conditions (initial conditions
in time,and boundary conditions in space) are sufficient to predict the behavior of a
system. The values of the initial conditions and the boundary conditions are the in-
formation we need. This simple model of a system, where information is clearly and
simply separated from the problem of computation, is not always applicable.

Let us assume that we have made extensive observations and have separated from
these observations a minimal set that then can be used to infer all the rest.A minimal
set of information would have the property that no one piece of information in it
could be obtained from other pieces of information. Thus,as far as the set itself is con-
cerned, the information appears to be random. Of course we would not be satisfied
with any random set; it would have to be this one in particular, because we want to
use this information to tell us about all of the actual observations.

One of the difficulties with random numbers is that it is inherently difficult to
prove that numbers are random. We may simply not have thought of the right func-
tion f that can predict the value of the next number in a sequence from the previous
numbers. We could argue that this is one of the reasons that gambling is so attractive
to people because of the use of “lucky numbers” that are expected by the individual
to have a better-than-random chance of success. Indeed,it is the success of science to
have shown that apparently uncorrelated events may be related. For example, the
falling of a ball and the motion of the planets. At the same time, science provides a
framework in which noncausal correlations, otherwise called superstitions, are
rejected.

We have argued that the purpose of knowledge is to succinctly summarize infor-
mation that can be used for prediction. Thus,in its most abstract form, the problem
of deduction or prediction is a problem in data compression. It can thus be argued
that science is an exercise in data compression. This is the essence of the principle of
Occam’s razor and the importance of simplicity and universality in science. The more
universal and the more general a law is,and the simpler it is,then the more data com-
pression has been achieved. Often this is considered to relate to how valuable is the
contribution of the law to science. Of course, even if the equations are general and
simple,if we cannot solve them then they are not particularly useful from a practical
point of view. The concept of simplicity has always been poorly defined. While science
seeks to discover correlations and simplifications in observations of the universe
around us,ultimately the minimum description of a system (i.e.,the universe) is given
by the number of independent pieces of information required to describe it.

Our understanding of information and computation enters also into a discussion
of our models of systems discussed in previous sections. In many of these models, we
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assumed the existence of random variables, or random processes. This randomness
represents either unknown or complex phenomena. It is important to recognize that
this represents an assumption about the nature of correlations between different as-
pects of the problem that we are modeling. It assumes that the random process is in-
dependent of (uncorrelated with) the aspects of the system we are explicitly studying.
When we model the random process on a computer by a pseudo-random number
generator, we are assuming that the computations in the pseudo-random number
generator are also uncorrelated with the system we are studying. These assumptions
may or may not be valid, and tests of them are not generally easy to perform.

Fractals, Scaling and Renormalization

The physics of Newton and the related concepts of calculus, which have dominated
scientific thinking for three hundred years,are based upon the understanding that at
smaller and smaller scales—both in space and in time—physical systems become sim-
ple,smooth and without detail. A more careful articulation of these ideas would note
that the fine scale structure of planets, materials and atoms is not without detail.
However, for many problems, such detail becomes irrelevant at the larger scale. Since
the details are irrelevant, formulating theories in a way that assumes that the detail
does not exist yields the same results as a more exact description.

In the treatment of complex systems, including various physical and biological
systems,there has been a recognition that the concept of progressive smoothness on
finer scales is not always a useful mathematical starting point. This recognition is an
important fundamental change in perspective whose consequences are still being
explored.

We have already discussed in Section 1.1 the subject of chaos in iterative maps. In
chaotic maps, the smoothness of dynamic behavior is violated. It is violated because
fine scale details matter. In this section we describe fractals,mathematical models of
the spatial structure of systems that have increasing detail on finer scales.Geometric
fractals have a self-similar structure, so that the structure on the coarsest scale is re-
peated on finer length scales. A more general framework in which we can articulate
questions about systems with behavior on all scales is that of scaling theory intro-
duced in Section 1.10.3.0ne of the most powerful analytic tools for studying systems
that have scaling properties is the renormalization group. We apply it to the Ising
model in Section 1.10.4, and then return full cycle by applying the renormalization
group to chaos in Section 1.10.5.A computational technique,the multigrid method,
that enables the description of problems on multiple scales is discussed in Section
1.10.6. Finally, we discuss briefly the relevance of these concepts to the study of com-
plex systems in Section 1.10.7.

1.10.1 Fractals
Traditional geometry is the study of the properties of spaces or objects that have in-
tegral dimensions. This can be generalized to allow effective fractional dimensions of
objects, called fractals, that are embedded in an integral dimension space. In recent
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years the recognition that fractals can play an important role in modeling natural phe-
nomena has fueled a whole area of research investigating the occurrence and proper-
ties of fractal objects in physical and biological systems.

Fractals are often defined as geometric objects whose spatial structure is self-
similar. This means that by magnifying one part of the object, we find the same struc-
ture as of the original object. The object is characteristically formed out of a collec-
tion of elements: points, line segments, planar sections or volume elements. These
elements exist in a space of the same or higher dimension to the elements themselves.
For example, line segments are one-dimensional objects that can be found on a line,
plane, volume or higher dimensional space. We might begin to describe a fractal by
the objects of which it is formed. However, geometric fractals are often described by
a procedure (algorithm) that creates them in an explicitly self-similar manner.

One of the simplest examples of a fractal object is the Cantor set (Fig. 1.10.1).
This set is formed by a procedure that starts from a single line segment. \We remove
the middle third from the segment. There are then two line segments left. We then re-
move the middle third from both of these segments, leaving four line segments.
Continuing iteratively, at the kth iteration there are 2 segments. The Cantor set,
which is the limiting set of points obtained from this process,has no line segments in
it. It is self-similar by direct construction,since the left and right third of the original
line segment can be expanded by a factor of three to appear as the original set.

An analog of the Cantor set in two dimensions is the Sierpinski gasket
(Fig.1.10.2). Itis constructed from an equilateral triangle by removing an internal tri-
angle which is half of the size of the original triangle. This procedure is then iterated
for all of the smaller triangles that result. We can see that there are no areas that are
left in this shape. It is self-similar, since each of the three corner triangles can be ex-
panded by a factor of two to appear as the original set.

For self-similar objects, we can obtain the effective fractal dimension directly by
considering their composition from parts. We do this by analogy with conventional

©)

®
® — @ — —
® — = == - - ==

@ -- -- - .- - - - .-

Figure 1.10.1 Illustration of the construction of the Cantor set, one of the best-known frac-
tals. The Cantor set is formed by iteratively removing the middle third from a line segment,
then the middle third from the two remaining line segments, and so on. Four iterations of the
procedure are shown starting from the complete line segment at the top. O
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Figure 1.10.2 The Sierpinski gasket is formed in a similar manner to the Cantor set. Starting
from an equilateral triangle, a similar triangle one half the size is removed from the middle leav-
ing three triangles at the corners. The procedure is then iteratively applied to the remaining tri-
angles. The figure shows the set that results after four iterations of the procedure. O

geometric objects which are also self-similar. For example,a line segment,a square, or
a cube can be formed from smaller objects of the same type. In general, for a d-di-
mensional cube, we can form the cube out of smaller cubes. If the size of the smaller
cubes is reduced from that of the large cube by a factor of v, where v is inversely pro-
portional to their diameter, n p 1/R, then the number of smaller cubes necessary to
form the original is N = . Thus we could obtain the dimension as:

d=In(N) / In(n) (1.10.1)

For self-similar fractals we can do the same, where N is the number of parts that make
up the whole.Each of the parts is assumed to have the same shape, but reduced in size
by a factor of n) from the original object.

We can generalize the definition of fractal dimension so that we can use it to
characterize geometric objects that are not strictly self-similar. There is more than
one way to generalize the definition. We will adopt an intuitive definition of fractal
dimension which is closely related to Eq. (1.10.1). If the object is embedded in d-di-
mensions, we cover the object with d-dimensional disks. This is illustrated in Fig.
1.10.3 for a line segment and a rectangle in a two-dimensional space. If we cover the
object with two-dimensional disks of a fixed radius, R, using the minimal number of
disks possible, the number of these disks changes with the radius of the disks ac-
cording to the power law:

N(R) p R ¢ (1.10.2)

where d is defined as the fractal dimension. We note that the use of disks is only illus-
trative. We could use squares and the result can be proven to be equivalent.



Fractals, scaling and renormalization 261

)
(/
KRR EHS

O\
SRR
N7\
5K

NN
R IRIRRRRIRR

R

Figure 1.10.3 In order to define the dimension of a fractal object, we consider the problem of
covering a set with a minimal number of disks of radius R. (a) shows a line segment with three
different coverings superimposed. (b) and (c) show a rectangle with two different coverings re-
spectively. As the size of the disks decreases the number of disks necessary to cover the shape
grows as R This behavior becomes exact only in the limit R ® 0. The fractal dimension de-
fined in this way is sometimes called the box-counting dimension, because d-dimensional boxes
are often used rather than disks. O

We can use either Eq. (1.10.1) or Eq. (1.10.2) to calculate the dimension of the
Cantor set and the Sierpinski gasket. We illustrate the use of Eq. (1.10.2). For the
Cantor set, by construction, 2 disks (or line segments) of radius 1/3* will cover the
set. Thus we can write:

N(R/3") =2*N(R) (1.10.3)
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Using Eg. (1.10.2) this is:

(R/3%9=2Rd (1.10.4)
or.
3¢=2 (1.10.5)
which is:
d=In(2) / In(3) @.631 (1.10.6)

We would arrive at the same result more directly from Eq. (1.10.1).

For the Sierpinski gasket, we similarly recognize that the set can be covered by
three disks of radius 1/2, nine disks of radius 1/4,and more generally 3% disks of ra-
dius 1/2. This gives a dimension of;

d=In(3)/In(2) @585 (1.10.7)

For these fractals there is a deterministic algorithm that is used to generate them.
We can also consider a kind of stochastic fractal generated in a similar way, however,
at each level the algorithm involves choices made from a probability distribution. The
simplest modification of the sets is to assume that at each level a choice is made with
equal probability from several possibilities. For example,in the Cantor set, rather than
removing the middle third from each of the line segments, we could choose at ran-
dom which of the three thirds to remove. Similarly for the Sierpinski gasket, we could
choose which of the four triangles to remove at each stage. These would be stochastic
fractals,since they are not described by a deterministic self-similarity but by a statis-
tical self-similarity. Nevertheless, they would have the same fractal dimension as the
deterministic fractals.

uestion 1.10.1 How does the dimension of a fractal,as defined by Eq.
(1.10.2), depend on the dimension of the space in which it is embedded?

Solution 1.10.1 The dimension of a fractal is independent of the di-
mension of the space in which it is embedded. For example, we might
start with a d-dimensional space and increase the dimension of the space
to d + 1 dimensions. To show that Eq. (1.10.2) is not changed, we form a
covering of the fractal by d + 1 dimensional spheres whose intersection
with the d-dimensional space is the same as the covering we used for the
analysis in d dimensions. [

uestion 1.10.2 Prove that the fractal dimension does not change if we
use squares or circles for covering an object.

Solution 1.10.2 Assume that we have minimal coverings of a shape using
N;(R) = clR'dl squares, and minimal coverings by N,(R) = cZR'0|2 circles,
with d; * d,. The squares are characterized using R as the length of their side,
while the circles are characterized using R as their radius. If d, is less than d,,
then for smaller and smaller R the number of disks becomes arbitrarily
smaller than the number of squares. However, we can cover the same shape
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using squares that circumscribe the disks. The number of these squares is
N{R) =c,(R/2) 9 This is impossible, because for small enough R, N&R)
will be smaller than N, (R), which violates the assumption that the latter is a
minimal covering. Similarly, if d is greater than d ¢ we use disks circum-
scribed around the squares to arrive at a contradiction. [

uestion 1.10.3 Calculate the fractal dimension of the Koch curve given
in Fig. 1.10.4.

Solution 1.10.3 The Koch curve is composed out of four Koch curves re-
duced in size from the original by a factor of 3. Thus, the fractal dimension
isd=1In(4)/In(3) » 1.2619. O

Question 1.10.4 Show that the length of the Koch curve is infinite.

Solution 1.10.4 The Koch curve can be constructed by taking out the mid-
dle third of a line segment and inserting two segments equivalent to the one
that was removed. They are inserted so as to make an equilateral triangle with
the removed segment. Thus, at every iteration of the construction procedure,
the length of the perimeter is multiplied by 4/3, which means that it diverges
to infinity. It can be proven more generally that any fractal of dimension 2 >
d > 1 must have an infinite length and zero area,since these measures of size
are for one-dimensional and two-dimensional objects respectively. O

Eq. (1.10.2) neglects the jumps in N(R) that arise as we vary the radius R. Since
N(R) can only have integral values,as we lower R and add additional disks there are
discrete jumps in its value. It is conventional to define the fractal dimension by taking
the limitof Eq.(1.10.2) as R® 0, where this problem disappears. This approach,how-
ever, is linked philosophically to the assumption that systems simplify in the limit of
small length scales. The assumption here is not that the system becomes smooth and
featureless, but rather that the fractal properties will continue to all finer scales and
remain ideal. In a physical system,the fractal dimension cannot be taken in this limit.
Thus, we should allow the definition to be applied over a limited domain of length
scales as is appropriate for the problem. As long as the domain of length scales is large,
we can use this definition. We then solve the problem of discrete jumps by treating the
leading behavior of the function N(R) over this domain.

The problem of treating distinct dimensions at different length scales is only one
of the difficulties that we face in discussing fractal systems. Another problem is inho-
mogeneity. In the following section we discuss objects that are inherently inhomoge-
neous but for which an alternate natural definition of dimension can be devised to
describe their structure on all scales.

1.10.2 Trees

Iterative procedures like those used to make fractals can also be used to make geo-
metric objects called trees. An example of a geometric tree, which bears vague
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Figure 1.10.4 lllustration of the starting line segment and four successive stages in the for-
mation of the Koch curve. For further discussion see Questions 1.10.3 and 1.10.4. O

resemblance to physical trees, is shown in Fig. 1.10.5. The tree is formed by starting
with a single object (a line segment), scaling it by a factor of 1/2, duplicating it two
times and attaching the parts to the original object at its boundary. This process is
then iterated for each of the resulting parts. The iterations create structure on finer
and finer scales.
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)_Y )'_( L( Figure 1.10.5 A geometric tree

formed by an iterative algorithm
similar to those used in forming
fractals. This tree can be formed
starting from a single line seg-
ment. Two copies of it are then re-
duced by a factor of 2, rotated by
45° left and right and attached at
one end. The procedure is repeated
for each of the resulting line seg-
ments. Unlike a fractal, a tree is
not solely composed out of parts
that are self-similar. It is formed
out of self-similar parts, along
with the original shape — its
trunk. O

-

We can generalize the definition of a tree to be a set formed by iteratively adding
to an object copies of itself. At iteration t, the added objects are reduced in size by a
factor n' and duplicated N' times, the duplicated versions being rotated and then
shifted by vectors whose lengths converge to zero as a function of t. A tree is different
from a fractal because the smaller versions of the original object, are not contained
within the original object.

The fractal dimension of trees is not as straightforward as it is for self-similar
fractals. The effective fractal dimension can be calculated; however, it gives results
that are not intuitively related to the tree structure. We can see why this is a problem
inFig. 1.10.6. The dimension of the region of the tree which is above the size R is that
of the embedded entity (line segments), while the fractal dimension of the region
which is less than the size R is determined by the spatial structure of the tree. Because
of the changing value of R in the scaling relation, an intermediate value for the frac-
tal dimension would typically be found by a direct calculation (Question 1.10.5).

It is reasonable to avoid this problem by classifying trees in a different category
than fractals. We can define the tree dimension by considering the self-similarity of
the tree structure using the same formula as Eq. (1.10.1), but now applying the defi-
nition to the number N and scaling ) of the displaced parts of the generating struc-
ture, rather than the embedded parts as in the fractal. In Section 1.10.7 we will en-
counter a treelike structure; however, it will be more useful to describe it rather than
to give a dimension that might characterize it.

uestion 1.10.5 A simple version of a tree can be constructed as a set of
points {1/k } where k takes all positive integer values. The tree dimension
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Figure 1.10.6 lllustration
of the covering of a geomet-
ric tree by disks. The cover-
ing shows that the larger-
scale structures of the tree
(the trunk and first branches
in this case) have an effec-
tive dimension given by the
dimension of their com-
ponents. The smaller scale
structures have a dimen-
sion that is determined by
the algorithm used to make
the tree. This inhomogene-
ity implies that the fractal
dimension is not always the
natural way to describe the
tree. O

of this set is zero because it can be formed from a point which is duplicated
and then displaced by progressively smaller vectors. Calculate the fractal di-
mension of this set.

Solution 1.10.5 We construct a covering of scale R from line segments of
this length. The covering that we construct will be formed out of two parts.
One part is constructed from segments placed side by side. This part starts
from zero and covers infinitely many points of the set. The other part is con-
structed from segments that are placed on individual points. The crossing
point between the two sets can be calculated as the value of k where the dif-
ference between successive points is R. For k below this value,it is not possi-
ble to include more than one point in one line segment. For k above this
value, there are two or more points per line segment. The critical value of k
is found by setting:

1 1 1 1
_ = — =— =R
ke kel Kok +D)  kZ

(1.10.8)

or k. = R"Y2 This means that the number of segments needed to cover indi-
vidual points is given by this value. Also, the number of segments that are
placed side by side must be enough to go up to this point, which has the value
1/k.. This number of segments is given by

% =R 5k (1.10.9)
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Thus we must cover the line segment up to the point R¥Z with R~/ line seg-
ments, and use an additional R™*? line segments to cover the rest of the
points. This gives a total number of line segments in a covering of 2R" Y2 The
fractal dimension is thus d = 1/2.

We could have used fewer line segments in the covering by covering
pairs of points and triples of points rather than covering the whole line seg-
ment below 1/k,. However, each partial covering of the set that is concerned
with pairs, triples and so on consists of a number of segments that grows as
R™Y2.Thus our conclusion remains unchanged by this correction. O

Trees illustrate only one example of how system properties may exist on many
scales, but are not readily described as fractals in the conventional sense. In order to
generalize our concepts to enable the discussion of such properties, we will introduce
the concept of scaling.

1.10.3 Scaling

Geometric fractals suggest that systtms may have a self-similar structure on all length
scales. This is in contrast with the more typical approach of science, where there is a
specific scale at which a phenomenon appears. We can think about the problem of de-
scribing the behavior of a system on multiple length scales in an abstract manner. A
phenomenon (e.g., a measurable quantity) may be described by some function of
scale, f(x). Here x represents the characteristic scale rather than the position. When
there is a well-defined length scale at which a particular effect occurs, for longer length
scales the function would typically decay exponentially:

f(x) ~ e/ (1.10.10)

This functional dependence implies that the characteristic scale at which this prop-
erty disappears is given by A.

In order for a system property to be relevant over a large range of length scales, it
must vary more gradually than exponentially. In such cases, typically, the leading be-
havior is a power law:

f(x) ~x* (1.10.11)

A function that follows such power-law behavior can also be characterized by the scal-
ing rule:

f(ax) = a® f(x) (1.10.12)

This means that if we characterize the system on one scale, then on a scale that is larger
by the factor a it has a similar appearance, but scaled by the factor a*. o is called the scal-
ing exponent. In contrast to the behavior of an exponential, for a power law there is no
particular length at which the property disappears. Thus, it may extend over a wide
range of length scales. When the scaling exponent is not an integer, the function f (x) is
nonanalytic. Non-analyticity is often indicative of a property that cannot be treated by
assuming that it becomes smooth on small or large scales. However, fractional scaling
exponents are not necessary in order for power-law scaling to be applicable.
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Even when a system property follows power-law scaling, the same behavior can-
not continue over arbitrarily many length scales. The disappearance of a certain
power law may occur because of the appearance of a new behavior on a longer scale.
This change is characterized by a crossover in the scaling properties of f(x). An ex-
ample of crossover occurs when we have a quantity whose scaling behavior is

f(X)~ AxX* + Ax*? (1.10.13)

If A; > A, and o, < a, then the first term will dominate at smaller length scales, and
the second at larger length scales. Alternatively, the power-law behavior may eventu-
ally succumb to exponential decay at some length scale.

There are three related approaches to applying the concept of scaling in model or
physical systems. The first approach is to consider the scale x to be the physical size of
the system, or the amount of matter it contains. The quantity f (x) is then a property
of the system measured as the size of the system changes. The second approach is to
keep the system the same, but vary the scale of our observation. We assume that our
ability to observe the system has a limited degree of discernment of fine details—a
finest scale of observation. Finer details are to be averaged over or disregarded. By
moving toward or away from the system, we change the physical scale at which our
observation can no longer discern details. x then represents the smallest scale at which
we can observe variation in the system structure. Finally, in the third approach we
consider the relationship between a property measured at one location in the system
and the same property measured at another location separated by the distance x. The
function f(x) is a correlation of the system measurements as a function of the distance
between regions that are being considered.

Examples of quantities that follow scaling relations as a function of system size
are the extensive properties of thermodynamic systems (Section 1.3) such as the en-
ergy, entropy, free energy, volume, number of particles and magnetization:

U (ax) =a%U(x) (1.10.14)

These properties measure quantities of the whole system as a function of system size.
All have the same scaling exponent—the dimension of space. Intrinsic thermody-
namic quantities are independent of system size and therefore also follow a scaling be-
havior where the scaling exponent is zero.

Another example of scaling can be found in the random walk (Section 1.2). We
can generalize the discussion in Section 1.2 to allow a walk in d dimensions by choos-
ing steps which are +1 in each dimension independently. A random walk of N steps in
three dimensions can be thought of as a simple model of a molecule formed as a chain
of molecular units—a polymer. If we measure the average distance between the ends
of the chain as a function of the number of steps R(N), we have the scaling relation:

R(aN) =a?R(N) (1.10.15)

This scaling of distance traveled in a random walk with the number of steps taken is
independent of dimension. We will consider random walks and other models of poly-
mers in Chapter 5.
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Often our interest is in knowing how different parts of the system affect each
other. Direct interactions do not always reflect the degree of influence. In complex sys-
tems, in which many elements are interacting with each other, there are indirect
means of interacting that transfer influence between one part of a system and another.
The simplest example is the Ising model, where even short-range interactions can lead
to longer-range correlations in the magnetization. The correlation function intro-
duced in Section 1.6.5 measures the correlations between different locations. These
correlations show the degree to which the interactions couple the behavior of differ-
ent parts of the system. Correlations of behavior occur in both space and time. As we
mentioned in Section 1.3.4, near a second-order phase transition, there are correla-
tions between different places and times on every length and time scale, because they
follow a power-law behavior. This example will be discussed in greater detail in the
following section.

Our discussion of scaling also finds application in the theory of computation
(Section 1.9) and the practical aspects of simulation (Section 1.7). In addition to the
question of computability discussed in Section 1.9, we can also ask how hard it is to
compute something. Such questions are generally formulated by describing a class of
problems that can be ordered by a parameter N that describes the size of the problem.
The objective of the theory of computational complexity is to determine how the
number of operations necessary to solve a problem grows with N. A scaling analysis
can also be used to compare different algorithms that may solve the same problem.
We are often primarily concerned with the scaling behavior (exponential, power law
and the value of the scaling exponent) rather than the coefficients of the scaling be-
havior, because in the comparison of the difficulty of solving different problems or
different methodologies this is often, though not always, the most important issue.

1.10.4 Renormalization group

General method The renormalization group is a formalism for studying the scal-
ing properties of a system. It starts by assuming a set of equations that describe the
behavior of a system. We then change the length scale at which we are describing the
system. In effect, we assume that we have a finite ability to see details. By moving
away from a system, we lose some of the detail. At the new scale we assume that the
same set of equations can be applied, but possibly with different coefficients. The
objective is to relate the set of equations at one scale to the set of equations at the
other scale. Once this is achieved, the scale-dependent properties of the system can
be inferred.

Applications of the renormalization group method have been largely to the study
of equilibrium systems,particularly near second-order phase transitions where mean
field approaches break down (Section 1.6). The premise of the renormalization group
is that exactly at a second-order phase transition,the equations describing the systtm
are independent of scale. In recent years, dynamic renormalization theory has been
developed to describe systems that evolve in time. In this section we will describe the
more conventional renormalization group for thermodynamic systems.
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We illustrate the concepts of renormalization using the Ising model. The Ising
model,discussed in Section 1.6, describes the interactions of spins on a lattice. It is a
first model of any system that exhibits simple cooperative behavior, such as a magnet.

In order to appreciate the concept of renormalization, it is useful to recognize that
the Ising model is not a true microscopic theory of the behavior of a magnet. It might
seem that there is a well-defined way to identify an individual spin with a single electron
atthe atomic level. However, this is far from apparent when equations that describe quan-
tum mechanics at the atomic level are considered. Since the relationship between the mi-
croscopic system and the spin model is not manifest, it is clear that our description of the
magnet using the Ising model relies upon the macroscopic properties of the model rather
than its microscopic nature. Statistical mechanics does not generally attempt to derive
macroscopic properties directly from microscopic reality. Instead, it attempts to describe
the macroscopic phenomena from simple models. We might not give up hope of identi-
fying a specific microscopic relationship between a particular material and the Ising
model,however, the use of the model does not rely upon this identification.

Essential to this approach is that many of the details of the atomic regime are
somehow irrelevant at longer length scales. We will return later to discuss the rele-
vance or irrelevance of microscopic details. However, our first question is: What is a
single spin variable? A spin variable represents the effective magnetic behavior of a re-
gion of the material. There is no particular reason that we should imagine an indi-
vidual spin variable as representing a small or a large region of the material.
Sometimes it might be possible to consider the whole magnet as a single spin in an
external field. Identifying the spin with a region of the material of a particular size is
an assignment of the length scale at which the model is being applied.

What is the difference between an Ising model describing the system at one
length scale and the Ising model describing it on another? The essential point is that
the interactions between spins will be different depending on the length scale at which
we choose to model the system. The renormalization group takes this discussion one
step further by explicitly relating the models at different scales.

In Fig. 1.10.7 we illustrate an Ising model in two dimensions. There is a second
Ising model that is used to describe this same system but on a length scale that is twice
as big. The first Ising model is described by the energy function (Hamiltonian):

o] [o] (o]
E[fi}l=-ca 1-ha si-Ja sis; (1.10.16)
i i <ij>
For convenience, in what follows we have included a constant energy term - cN =- ¢ S1.
This term does not affect the behavior of the system,however, its variation from scale
to scale should be included. The second Ising model is described by the Hamiltonian
EG64]=-c@Q 1-h @ st- 1@ s (1.10.17)
i i <ij>
where both the variables and the coefficients have primes. While the first model has
N spins, the second model has N ¢spins. Our objective is to relate these two models.
The general process is called renormalization. When we go from the fine scale to the
coarse scale by eliminating spins, the process is called decimation.
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Figure 1.10.7 Schematic illustration of two Ising models in two dimensions. The spins are
indicated by arrows that can be up or bown. These Ising models illustrate the modeling of a
system with different levels of detail. In the upper model there are one-fourth as many spins
as in the lower model. In a renormalization group treatment the parameters of the lower
model are related to the parameters of the upper model so that the same system can be de-
scribed by both. Each of the spins in the upper model, in effect, represents four spins in the
lower model. The interactions between adjacent spins in the upper model represent the net
effect of the interactions between groups of four spins in the lower model. O
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There are a variety of methods used for relating models at different scales. Each
of them provides a distinct conceptual and practical approach. While in principle they
should provide the same answer, they are typically approximated at some stage of the
calculation and therefore the answers need not be the same. All the approaches we de-
scribe rely upon the partition function to enable direct connection from the micro-
scopic statistical treatment to the macroscopic thermodynamic quantities. For a par-
ticular system, the partition function can be written so that it has the same value,
independent of which representation is used:

7=§ e PEll = § o-PECSH]
Bit {s%
It is conventional and convenient when performing renormalization transforma-
tions to set f = 1/kT = 1. Since p multiplies each of the parameters of the energy
function, it is a redundant parameter. It can be reinserted at the end of the calcu-
lations.

The different approaches to renormalization are useful for various models that
can be studied. We will describe three of them in the following paragraphs because of
the importance of the different conceptual treatments. The three approaches are (1)
summing over values of a subset of the spins, (2) averaging over a local combination
of the spins, and (3) summing over the short wavelength degrees of freedom in a
Fourier space representation.

(1.10.18)

1. Summing over values of a subset of the spins. In the first approach we consider
the spins on the larger scale to be a subset of the spins on the finer scale. To find
the energy of interaction between the spins on the larger scale we need to elimi-
nate (decimate) some of the spins and replace them by new interactions between
the spins that are left. Specifically, we identify the larger scale spins as corre-
sponding to a subset {s;}, of the smaller scale spins. The rest of the spins {s;}g
must be eliminated from the fine scale model to obtain the coarse scale model.
We can implement this directly by using the partition function:

-E ! -E[s@afsite] = & -Elsi
e EECI = J o EHsOalsde] = § o-Ells }]Q Sugs, (1.10.19)
{sik &i} irA
In this equation we have identified the spins on the larger scale as a subset of the
finer scale spins and have summed over the finer scale spins to obtain the effec-
tive energy for the larger scale spins.

2. Averaging over a local combination of the spins. We need not identify a particu-
lar spin of the finer scale with a particular spin of the coarser scale.We can choose
to identify some function of the finer scale spins with the coarse scale spin. For
example, we can identify the majority rule of a certain number of fine scale spins
with the coarse scale spins:

-E[68] _ & A~ s o-EMsi]
e =2 0O dugigniasie (1.10.20)
GitiltA
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This is easier to think about when an odd number of spins are being renormalized
to become a single spin. Note that this is quite similar to the concept of defining a
collective coordinate that we used in Section 1.4 in discussing the two-state system.
The difference here is that we are defining a collective coordinate out of only a few
original coordinates, so that the reduction in the number of degrees of freedom is
comparatively small. Note also that by convention we continue to use the term
“energy,” rather than “free energy,” for the collective coordinates.

3. Summing over the short wavelength degrees of freedom in a Fourier space rep-
resentation. Rather than performing the elimination of spins directly, we may
recognize that our procedure is having the effect of removing the fine scale vari-
ation in the problem. It is natural then to consider a Fourier space representation
where we can remove the rapid changes in the spin values by eliminating the
higher Fourier components. To do this we need to represent the energy function
in terms of the Fourier transform of the spin variables:

2 ik
% = ?e S (1.10.21)

Writing the Hamiltonian in terms of the Fourier transformed variables, we then

sum over the values of the high frequency terms:;

e El6l = 8 o-Ells]
Bk Je<io
The remaining coordinates s, have k >k,

(1.10.22)

All of the approaches described above typically require some ap proximation in
order to perform the analysis. In general there is a conservation of effort in that the
same difficulties tend to arise in each approach, but with different manifestation. Part
of the reason for the difficulties is that the Hamiltonian we use for the Ising model is
not really complete. This means that there can be other parameters that should be in-
cluded to describe the behavior of the system. We will see this by direct application in
the following examples.

Ising model in one dimension We illustrate the basic concepts by applying the
renormalization group to a one-dimensional Ising model where the procedure can
be done exactly. It is convenient to use the first approach (number 1 above) of
identifying a subset of the fine scale spins with the larger scale model. We start with
the case where there is an interaction between neighboring spins, but no magnetic
field:

o o
ElfiYl=-ca 1- Jasisj (1.10.23)
i <ij>
We sum the partition function over the odd spins to obtain

° ° Célﬂé SiSi+1 ° ~ 2
z=a ae' ' =a O 2cosh(Gi+si2e (1.10.24)

BiJeven {5 Joad {5i Jeven i €veEN
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We equate this to the energy for the even spins by themselves, but with primed
quantities:

A ctHIC sisie

z=8 e =8 O 2c0sh((s +si.2))e®  (110.25)
BiJeven {si}eveni€ven
This gives:
e %2 = 2e0sh(I(s; +5i42) (1.10.26)
or
cC+I6;s; 5 = In(2cosh(I(s; + Si+5))) +2¢ (1.10.27)

Inserting the two distinct combinations of values of s; and s;,, (5; = Sjs,and §; = - Si1),
we have:

c¢+J¢=In(2cosh(2])) + 2c

(1.10.28)
c¢- J¢=In(2cosh(0)) +2c=1In(2) + 2¢

Solving these equations gives the primed quantities for the larger scale model as:
J¢=(1/2)In(cosh(2,J))

(1.10.29)
¢¢=2c + (1/2)In(4cosh(2)))

This is the renormalization group relationship that we have been looking for. It relates
the values of the parameters in the two different energy functions at the different
scales.

While it may not be obvious by inspection, this iterative map always causes J to
decrease. We can see this more easily if we transform the relationship of J to J ¢to the
equivalent form:

tanh(J9 = tanh(J)? (1.10.30)

This means that on longer and longer scales the effective interaction between neigh-
boring spins becomes smaller and smaller. Eventually the system on long scales be-
haves as a string of decoupled spins.
The analysis of the one-dimensional Ising model can be extended to include a
magnetic field. The decimation step becomes:
° o cA1hA s+ sisia o =
z=a ace' ' ' =a O 2osh(h+G +s.))e” (1.1031)
Bitoven {Si}oda {5i Jeven 0d

We equate this to the coarse scale partition function:

o celhu‘-é s[t+Jté Si¢fh1 o =~ 2
z=a e " ' =a O 2coshh+IG +s:2)e (1.10.32)
BiJodd {si}ogai0dd

which requires that:
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c¢+he+Je=h+ In(2cosh(h + 2])) + 2¢
¢¢- J¢=In(2cosh(h)) +2¢ (1.10.33)
c¢- h¢+J¢=-h +In(2cosh(h- 2J)) +2c
We solve these equations to obtain:
c¢=2c + (1/4)In(16cosh(h + 2J)cosh(h - 2J)cosh(h)2)
J¢= (1/4)In(cosh(h + 2J)cosh(h - 2J)/cosh(h)2) (1.10.34)
h¢=h + (1/2)In(cosh(h + 2J)/cosh(h - 2]))

which is the desired renormalization group transformation. The renormalization
transformation is an iterative map in the parameter space (c, h, J).

We can show what happens in this iterative map using a plot of changes in the
values of J and h at a particular value of these parameters. Such a diagram of flows in
the parameter space is illustrated in Fig. 1.10.8. We can see from the figure or from Eq.
(1.10.34) that there is a line of fixed points of the iterative map at J = 0 with arbitrary

Figure 1.10.8 The renormalization transformation for the one-dimensional Ising model is il-
lustrated as an iterative flow diagram in the two-dimensional (h,J) parameter space. Each of
the arrows represents the effect of decimating half of the spins. We see that after a few iter-
ations the value of J becomes very small. This indicates that the spins become decoupled from
each other on a larger scale. The absence of any interaction on this scale means that there is
no phase transition in the one-dimensional Ising model. O
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value of h. This simply means that the spins are decoupled. For J =0 on any scale,the
behavior of the spins is determined by the value of the external field.

The line of fixed points at J = 0 is a stable (attracting) set of fixed points. The
flow lines of the iterative map take us to these fixed points on the attractor line. In
addition, there is an unstable fixed point at J = ¥. This would correspond to a
strongly coupled line of spins, but since this fixed point is unstable it does not de-
scribe the large scale behavior of the model. For any finite value of J, changing the
scale rapidly causes the value of J to become small. This means that the large scale
behavior is always that of a system with J =0.

Ising model in two dimensions In the one-dimensional case treated in the pre-
vious section, the renormalization group works perfectly and is also, from the point
of view of studying phase transitions,uninteresting. We will now look at two dimen-
sions, where the renormalization group must be approximated and where there is also
a phase transition.

We can simplify our task in two dimensions by eliminating half of the spins (Fig.
1.10.9) instead of three out of four spins as illustrated previously in Fig. 1.10.7.
Eliminating half of the spins causes the square cell to be rotated by 45°,but this should
not cause any problems. Labeling the spins as in Fig. 1.10.9 we write the decimation
step for a Hamiltonian with h =0:

CALHIE s (q+s,+55+s,)
e i i
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2cosh(I(s; +5, +53 +54))° (1.10.35)

@

e COH(JU2) (5,5, +5,55+555,5,5;)

O

@

In the last expression we take into consideration that each bond of the form s;s, ap-
pears in two squares and each spin appears in four squares.

In order to solve Eq. (1.10.35) for the values of c @nd J ¢we must insert all pos-
sible values of the spins (s;,5,,53,5,). However, this leads to a serious problem.
There are four distinct equations that arise from the different values of the spins.
This is reduced from 2* = 8 because, by symmetry, inverting all of the spins gives
the same answer. The problem is that while there are four equations, there are
only two unknowns to solve for, ¢ ¢and J¢ The problem can be illustrated by rec-
ognizing that there are two distinct ways to have two spins up and two spins
DOWN. One way is to have the spins that are the same be adjacent to each other,
and the other way is to have them be opposite each other across a diagonal. The
two ways give the same result for the value of (s, +s, + 55 +5,) but different results
for (515, + 5553 + 5354 + 5451)-
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In order to solve this problem, we must introduce additional parameters which
correspond to other interactions in the Hamiltonian. To be explicit, we would make a
table of symmetry-related combinations of the four spins as follows:

(51,50,53:54) 1111 (111-1) (11-1,-1) (1,-11,-1)
1 1 1 1 1
(sp+s,+55+5,) 4 2 0 0
(5485 5,53 + 5354 +5457) 4 0 0 -4 (1.10.36)
(5153 *5554) 2 0 -2 2
85,8354 1 -1 1 1

In order to make use of these to resolve the problems with Eq.(1.10.35), we must in-
troduce new interactions in the Hamiltonian and new parameters that multiply them.
This leads to second-neighbor interactions (across a cell diagonal),and four spin in-
teractions around a square:

E[&i}]= -cﬂé 1-) Gé sisj - K¢ é Sisj- L ¢é $iS S (1.10.37)

i <ij> <djj>> <ijkl>

where the notation <<ij >> indicates second-neighbor spins across a square diagonal,
and < ijkl > indicates spins around a square. This might seem to solve our problem.
However, we started out from a Hamiltonian with only two parameters,and now we
are switching to a Hamiltonian with four parameters. To be self-consistent, we should
start from the same set of parameters we end up with. When we start with the addi-
tional parameters K and L this will,however, lead to still further terms that should be
included.
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Relevant and irrelevant parameters In general,as we eliminate spins by renormal-
ization, we introduce interactions between spins that might not have been included
in the original model. We will have interactions between second or third neighbors or
between more than two spins at a time. In principle, by using a complete set of para-
meters that describe the system we can perform the renormalization transformation
and obtain the flows in the parameter space. These flows tell us about the scale-de-
pendent properties of the system.

We can characterize the flows by focusing on the fixed points of the iterative map.
These fixed points may be stable or unstable. When a fixed point is unstable, renor-
malization takes us away from the fixed point so that on a larger scale the properties
of the system are found to be different from the values at the unstable fixed point.
Significantly, it is the unstable fixed points that represent the second-order phase
transitions. This is because deviating from the fixed point in one direction causes the
parameters to flow in one direction, while deviating from the fixed point in another
direction causes the parameters to flow in a different direction. Thus,the macroscopic
properties of the system depend on the direction microscopic parameters deviate
from the fixed point—a succinct characterization of the nature of a phase transition.

Using this characterization of fixed points, we can now distinguish between dif-
ferent types of parameters in the model. This includes all of the additional parame-
ters that might be introduced in order to achieve a self-consistent renormalization
transformation. There are two major categories of parameters: relevant or irrelevant.
Starting near a particular fixed point, changes in a relevant parameter grow under
renormalization. Changes in an irrelevant parameter shrink. Because renormalization
indicates the values of system parameters on a larger scale,this tells us which micro-
scopic parameters are important to the macroscopic scale. When observed on the
macroscopic scale, relevant parameters change at the phase transition, while irrele-
vant parameters do not.A relevant parameter should be included in the Hamiltonian
because its value affects the macroscopic behavior. An irrelevant parameter may often
be included in the model in a more approximate way. Marginal parameters are the
borderline cases that neither grow nor shrink at the fixed point.

Even when we are not solely interested in the behavior of a system at a phase tran-
sition, but rather are concerned with its macroscopic properties in general,the defin-
ition of “relevant” and “irrelevant” continues to make sense. If we start from a partic-
ular microscopic description of the system, we can ask which parameters are relevant
for the macroscopic behavior. The relevant parameters are the ones that can affect the
macroscopic behavior of the system. Thus, a change in a relevant microscopic para-
meter changes the macroscopic behavior. In terms of renormalization, changes in rel-
evant parameters do not disappear as a result of renormalization.

We see that the use of any model, such as the Ising model, to model a physical sys-
tem assumes that all of the parameters that are essential in describing the system have
been included. When this is true, the results are universal in the sense that all micro-
scopic Hamiltonians will give rise to the same behavior. Additional terms in the
Hamiltonian cannot affect the macroscopic behavior. We know that the microscopic
behavior of the physical system is not really described by the Ising model or any other
simple model. Thus, in creating models we always rely upon the concept, if not the
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process, of renormalization to make many of the microscopic details disappear, en-
abling our simple models to describe the macroscopic behavior of the physical system.

In the Ising model, in addition to longer range and multiple spin interactions,
there is another set of parameters that may be relevant. These parameters are related
to the use of binary variables to describe the magnetization of a region of the mater-
ial. It makes sense that the process of renormalization should cause the model to have
additional spin values that are intermediate between fully magnetized up and fully
magnetized bowN. In order to accommodate this, we might introduce a continuum
of possible magnetizations.Once we do this,the amplitude of the magnetization has
a probability distribution that will be controlled by additional parameters in the
Hamiltonian. These parameters may also be relevant or irrelevant. When they are ir-
relevant,the Ising model can be used without them. However, when they are relevant,
a more complete model should be used.

The parameters that are relevant generally depend on the dimensionality of
space. From our analysis of the behavior of the one-dimensional Ising model,the pa-
rameter J is irrelevant. It is clearly irrelevant because not only variations in J but J it-
self disappears as the scale increases. However, in two dimensions this is not true.

For our purposes we will be satisfied by simplifying the renormalization treat-
ment of the two-dimensional Ising model so that no additional parameters are intro-
duced. This can be done by a fourth renormalization group technique which has some
conceptual as well as practical advantages over the others. However, it does hide the
importance of determining the relevant parameters.

Bond shifting We simplify our analysis of the two-dimensional Ising model by mak-
ing use of the Migdal-Kadanoff transformation. This renormalization group tech-
nique is based on the recognition that the correlation between adjacent spins can en-
able us to, in effect, substitute the role of one spin for another. As far as the coarser
scale model is concerned, the function of the finer scale spins is to mediate the inter-
action between the coarser scale spins. Because one spin is correlated to the behavior
of its neighbor, we can shift the responsibility for this interaction to a neighbor, and
use this shift to simplify elimination of the spins.

To apply these ideas to the two-dimensional Ising model, we move some of the
interactions (bonds) between spins, as shown in Fig. 1.10.10. We note that the dis-
tance over which the bonds act is preserved. The net result of the bond shifting is that
we form short linear chains that can be renormalized just like a one-dimensional
chain. The renormalization group transformation is thus done in two steps.First we
shift the bonds, then we decimate. Once the bonds are moved, we write the renor-
malization of the partition function as:

CAL21 so(1+s,)

-5 & &

=80 200sn(20(s1 +5))e” (1.10.38)
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Figure 1.10.10 Illus-
tration of the Migdal-
Kadanoff renormaliza-
tion transformation that
enables us to bypass
the formation of addi-
tional interactions. In
this approach some of
the interactions be-
tween spins are moved
to other spins. If all the
spins are aligned (at low
temperature or high J),
then shifting bonds
doesn't affect the spin
alignment. At high tem-
perature, when the spins
are uncorrelated, thein-
teractions are not im-
portant anyway. Near
the phase transition,
when the spins are
highly correlated, shift-
ing bonds still makes
sense. A pattern of bond
movement is illustrated
in (a) that gives rise to
the pattern of doubled
bonds in (b). Note that
we are illustrating only
partofaperiodic lattice,
so that bonds are moved
into and out of the re-
gion illustrated. Using
the exact renormaliza-
tion of one-dimensional
chains, the gray spins
and the black spins can
be decimated to leave
only the white spins. O

The spin labels s, s;, s, are assigned along each doubled bond, as indicated in
Fig. 1.10.10. The three types of spin A, B and C correspond to the white, black and
gray dots in the figure. The resulting equation is the same as the one we found when
performing the one-dimensional renormalization group transformation with the ex-

ception of factors of two. It gives the result:
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Figure 1.10.11 The two-dimensional Ising model renormalization group transformation ob-
tained from the Migdal-Kadanoff transformation is illustrated as a flow diagram in the one-
dimensional parameter space (J). The arrows showghe effect of successive iterations start-
ing from the black dots. The white dot indicates the position of the unstable fixed point, J.,
which is the phase transition in this model. Starting from values of J slightly below J, iter-
ation results in the model on a large scale becoming decoupled with no interactions between
spins (J ® 0). This is the high-temperature phase of the material. However, starting from
values of J slightly above J. iteration results in the model on the large scale becoming
strongly coupled (J ® ¥) and spins are aligned. (a) shows only the range of values from 0
to 1, though the value of J can be arbitrarily large. (b) shows an enlargement of the region
around the fixed point. O

J¢=(1/2)In(cosh(4J))
c¢=4c + (1/2)In(4cosh(4)))

The renormalization of J in the two-dimensional Ising model turns out to behave
qualitatively different from the one-dimensional case. Its behavior is plotted in
Fig. 1.10.11 using a flow diagram. There is an unstable fixed point of the iterative
map at J » .305. This nonzero and noninfinite fixed point indicates that we have a
phase transition. Reinserting the temperature, we see that the phase transition occurs
at pJ =.305 which is significantly larger than the mean field result z) =1 or pJ = .25
found in Section 1.6. The exact value for the phase transition for this lattice, §J » .441,
which can be obtained analytically by other techniques, is even larger.

It turns out that there is a trick that can give us the exact transition point using a
similar renormalization transformation. This trick begins by recognizing that we
could have moved bonds in a larger square. For a square with b cells on a side, we
would end up with each bond on the perimeter being replaced by a bond of strength
b. Using Eq.(1.10.30) we can infer that a chain of b bonds of strength bJ gives rise to
an effective interaction whose strength is

14b) = tanh™ }(tanh(bJ )®) (1.10.40)

(1.10.39)
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The trick is to take the limit b ® 1, because in this limit we are left with the original
Ising model. Extending b to nonintegral values by analytic continuation may seem a
little strange, but it does make a kind of sense. We want to look at the incremental
change in J as a result of renormalization, with b incrementally different from 1. This
can be most easily found by taking the hyperbolic tangent of both sides of Eq.
(1.10.40), and then taking the derivative with respect to b. The result is:

L)

5 l =J +sinh(J)cosh@)In(tanh()) (1.10.41)
=1

Setting this equal to zero to find the fixed point of the transformation actually gives
the exact result for the phase transition.

The renormalization group gives us more information than just the location of
the phase transition. Fig. 1.10.11 shows changes that occur in the parameters as the
length scale is varied. We can use this picture to understand the behavior of the Ising
model in some detail. It shows what happens on longer length scales by the direction
of the arrows. If the flow goes toward a particular point,then we can tell that on the
longest (thermodynamic) length scale the behavior will be characterized by the be-
havior of the model at that point. By knowing how close we are to the original phase
transition, we can also learn from the renormalization group what is the length scale
at which the behavior characteristic of the phase transition will disappear. This is the
length scale at which the iterative map leaves the region of the repelling fixed point
and moves to the attracting one.

We can also characterize the relationship between systems at different values
of the parameters: temperatures or magnetic fields. Renormalization takes us
from a system at one value of pJ to another. Thus, we can relate the behavior of a
system at one temperature to another by performing the renormalization for both
systems and stopping both at a particular value of 3J. At this point we can directly
relate properties of the two systems, such as their free energies. Different numbers
of renormalization steps in the two cases mean that we are relating the two sys-
tems at different scales. Such descriptions of relationships of the properties of one
system at one scale with another system at a different scale are known as scaling
functions because they describe how the properties of the system change with
scale.

The renormalization group was developed as an analytic tool for studying the
scaling properties of systems with spatially arrayed interacting parts. We will study an-
other use of renormalization in Section 1.10.5. Then in Section 1.10.6 we will intro-
duce a computational approach—the multigrid method.

cally as flow diagrams, because in renormalization group transforma-
tions we are often interested in maps that involve more than one variable.
Make a diagram like Fig. 1.1.1 for the single variable J showing the iterative
renormalization group transformation for the two-dimensional Ising model
as given in Eq. (1.10.39).

Question 1.10.6 In this section we displayed our iterative maps graphi-
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Figure 1.10.12 The iterative map shown as a flow diagram in Fig. 1.10.11 is shown here in
the same manner as the iterative maps in Section 1.1. On the left are shown the successive
values of J as iteration proceeds. Each iteration should be understood as a loss of detail in
the model and hence an observation of the system on a larger scale. Since in general our ob-
servations of the system are macroscopic, we typically observe the limiting behavior as the
iterations go to ¥. This is similar to considering the limiting behavior of a standard iterative
map. On the right is the graphical method of determining the iterations as discussed in
Section 1.1. The fixed points are visible as intersections of the iterating function with the di-
agonal line. O

Solution 1.10.6 See Fig.1.10.12. The fixed point and the iterative behavior
are readily apparent. O

1.10.5 Renormalization and chaos

Our final example of renormalization brings us back to Section 1.1, where we studied
the properties of iterative maps and the bifurcation route to chaos. According to our
discussion, cycles of length X k=01.2,..., appeared as the parameter a was varied
from 0 to a, = 3.56994567, at which point chaotic behavior appeared.Fig. 1.1.3 sum-
marizes the bifurcation route to chaos.A schematic of the bifurcation part of this di-
agram is reproduced in Fig. 1.10.13. A brief review of Section 1.1 may be useful for
the following discussion.

The process of bifurcation appears to be a self-similar process in the sense that
the appearance of a 2-cycle for f(s) is repeated in the appearance of a 2-cycle for f 2(5),
but over a smaller range of a. The idea of self-similarity seems manifest in
Fig. 1.10.13, where we would only have to change the scale of magnification in the s
and a directions in order to map one bifurcation point onto the next one. While this
mapping might not work perfectly for smaller cycles, it becomes a better and better
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Figure 1.10.13 Schematic reproduction of Fig. 1.1.4, which shows the bifurcation route to
chaos. Successive branchings are approximately self-similar. The bottom figure shows the de-
finition of the scaling factors that relate the successive branchings. The horizontal rescaling
of the branches, d, is given by the ratio of Da, to Day.;. The vertical rescaling of the
branches, a, is given by the ratio of Ds, to Ds, 4. The top figure shows the values from which
we can obtain a first approximation to the values of a and d, by taking the ratios from the
zeroth, first and second bifurcations. The zeroth bifurcation point is actually the point a = 1.
The first bifurcation point occurs at a = 3. the second occurs at a = 1 + (. The values of s
at the bifurcation points were obtained in Section 1.1, and formulas are indicated on the fig-
ure. When the scaling behavior of the tree is analyzed using a renormalization group treat-
ment, we focus on the tree branches that cross s = 1/2. These are indicated by bold lines in
the top figure. O
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approximation as the number of cycles increases. The bifurcation diagram is thus a
treelike object. This means that the sequence of bifurcation points forms a geometri-
cally converging sequence, and the width of the branches is also geometrically con-
verging. However, the distances in the s and a directions are scaled by different fac-
tors. The factors that govern the tree rescaling at each level are 6 and «, as shown in
Fig. 1.10.13 (b):

o =1lim
k®¥ Dayy
(1.10.42)

. DSk
a = lim=—
k®¥ DSyyq

By this convention,the magnitude of both o and 9 is greater than one. a. is defined to
be negative because the longer branch flips up to down at every branching. The val-
ues are to be obtained by taking the limitas k ® ¥ where these scale factors have well-
defined limits.

We can find a first approximation to these scaling factors by using the values at
the first and second bifurcations that we calculated in Section 1.1. These values, given
in Fig. 1.10.13, yield:

d»(3- 1)/(1+ - 3)=4.449 (1.10.43)

251! » 4 a

@ " —— = 3252
%; - Sy i:hﬁs 3 ’(a +1)(@a- 3 Lzhﬁ (1.10.44)

e

Numerically, the asymptotic value of o for large k is found to be 4.6692016. This dif-
fers from our first estimate by only 5%. The numerical value for o is 2.50290787,
which differs from our first estimate by a larger margin of 30%.

We can determine these constants with greater accuracy by studying directly the
properties of the functions f, 2 ... f%. .. that are involved in the formation of 2 cy-
cles. In order to do this we modify our notation to explicitly include the dependence
of the function on the parameter a. f (5,), f °(s,a), etc. Note that iteration of the func-
tion f only applies to the first argument.

The tree is formed out of curves s, (a) that are obtained by solving the fixed point
equation: )
s4(a)=f° (55 (),a) (1.10.45)

We are interested in mapping a segment of this curve between the values of s where

2k
af” 6a)_, (1.10.46)
ds
and
df > s,)
a_Ga_ (1.10.47)

ds
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onto the next function, where k is replaced everywhere by k + 1. This mapping is a
kind of renormalization process similar to that we discussed in the previous section.
In order to do this it makes sense to expand this function in a power series around an
intermediate point, which is the point where these derivatives are zero. This is known
as the superstable point of the iterative map. The superstable point is very convenient
for study, because for any value of k there is a superstable point ats = 1/2. This follows
because f(s,a) has its maximum at s = 1/2, and so its derivative is zero. By the chain
rule,the derivative of f 2k(s,a),is also zero. As illustrated in Fig. 1.10.13,the line at s =
1/2 intersects the bifurcation tree at every level of the hierarchy at an intermediate
point between bifurcation points. These intersection points must be superstable.

It is convenient to displace the origin of s to be at s = 1/2,and the origin of a to
be at the convergence point of the bifurcations. We thus define a function g which rep-
resents the structure of the tree. It is approximately given by:

g(s,a)»f(s+1/2,a+a;)- 1/2 (1.10.48)

However, we would like to represent the idealized tree rather than the real tree. The
idealized tree would satisfy the scaling relation exactly at all values of a. Thus g should
be the analog of the function f which would give us an ideal tree. To find this function
we need to expand the region near a = a, by the appropriate scaling factors.
Specifically we define:

06.a)= kl(i@m¥cxkf2k(s JoX +1/2.a18" +a;)- 1/2 (1.10.49)

The easiest way to think about the function g (s,a) is that it is quite similar to the qua-
dratic function f(s,a) but it has the form necessary to cause the bifurcation tree to have
the ideal scaling behavior at every branching. We note that g (s,a) depends on the be-
havior of f(s,a) only very near to the point s = 1/2. This is apparent in Eq. (1.10.49)
since the region near s = 1/2 is expanded by a factor of ok,

We note that g (s,a) has its maximum at s = 0. This is a consequence of the shift
in origin that we chose to make in defining it.

Our objective is to find the form of g(s,a) and, with this form,the values of o and
. The trick is to recognize that what we need to know can be obtained directly from
its scaling properties. To write the scaling properties we look at the relationship be-
tween successive iterations of the map and write:

9(s,a) = ag?(s/a,ald) (1.10.50)

This follows either from our discussion and definition of the scaling parameters . and
6 or directly from Eq. (1.10.49).

For convenience, we analyze Eq. (1.10.50) first in the limit a ® 0. This corre-
sponds to looking at the function g (s,a) as a function of s at the limit of the bifurca-
tion sequence. This function (Fig. 1.10.14) still looks quite similar to our original
function f(s), but its specific form is different. It satisfies the relationship:

9(s,0) = g(s) = ag(s/cr) (1.10.51)
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Figure 1.10.14 Three functions are plotted that are successive approximations to g(s) = g(s,
0). This function is essentially the limiting behavior of the quadratic iterative map f(s) at the
end of the bifurcation tree a.. The functions plotted are the first three k values inserted in
Eq. (1.10.49): (s + 1/2, a + a,) - 1/2, af’(s/a + 1/2, ;) - 1/2 and a*f*(s/a’ + 1/2, a,) -
1/2. The latter two are almost indistinguishable, indicating that the sequence of functions
converges rapidly. O

We approximate this function by a quadratic with no linear term because g(s) has its
maximum ats =0:

g(s) » gg + cs? (1.10.52)
Inserting into Eq. (1.10.51) we obtain:
go + 05" » &g +(go + ¢ (5 / @)*)) (1.10.53)

Equating separately the coefficients of the first and second terms in the expansion

gives the solution:
a=1/(1+c
(1+ %) (1.10.54)
o = 2cg,

We see that c and g, only appear in the combination cg,, which means that there is one
parameter that is not determined by the scaling relationship. However, this does not
prevent us from determining o.. Eq. (1.10.54) can be solved to obtain:
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0go = (- 1+ (3)/2 = - 1.3660254
a=(-1+ () =-2.73205081

We have chosen the negative solutions because the value of o.and the value of cg, must
be negative.

We return to consider the dependence of g (s,a,) on a to obtain a new estimate for
3. Using a first-order linear dependence on a we have:

9(5,,) » gy + ¢s° + ba (1.10.56)
Inserting into Eq. (1.10.50) we have:
0o+ ¢s” +ba» au(gy + c(gy + c(s / )® +ba/ 8)° +ba/ d) (1.10.57)
Taking only the first order term from this equation in a we have:
8 = 2acg, + 0. = 4.73205 (1.10.58)

Eqg. (1.10.55) and Eq.(1.10.58) are a significant improvement over Eq.(1.10.44) and
Eq.(1.10.43). The new value of a is less than 10% from the exact value. The new value
of § is less than 1.5% from the exact value. To improve the accuracy of the results, we
need only add additional terms to the expansion of g(s,a) in s. The first-order term in
a is always sufficient to obtain the corresponding value of 6.

It is important, and actually central to the argument in this section, that the ex-
plicit form of f (s,a) never entered into our discussion. The only assumption was that
the functional behavior near the maximum is quadratic. The rest of the argument fol-
lows independent of the form of f (s,a) because we are looking at its properties after
many iterations. These properties depend only on the region right in the vicinity of
the maximum of the function. Thus only the first-order term in the expansion of the
original function f (s,a) matters. This illustrates the notion of universality so essential
to the concept of renormalization—the behavior is controlled by very few parame-
ters. All other parameters are irrelevant—changing their values in the original itera-
tive map is irrelevant to the behavior after many iterations (many renormalizations)
of the iterative map. This is similar to the study of renormalization in models like the
Ising model, where most of the details of the behavior at small scales no longer mat-
ter on the largest scales.

1.10.6 Multigrid

The multigrid technique is designed for the solution of computational problems that
benefit from a description on multiple scales. Unlike renormalization, which is largely
an analytic tool,the multigrid method is designed specifically as a computational tool.
It works well when a problem can be approximated using a description on a coarse
lattice, but becomes more and more accurate as the finer-scale details on finer-scale
lattices are included. The idea of the method is not just to solve an equation on finer
and finer levels of description, but also to correct the coarser-scale equations based on
the finer-scale results. In this way the methodology creates an improved description
of the problem on the coarser-scale.

(1.10.55)
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The multigrid approach relies upon iterative refinement of the solution.
Solutions on coarser scales are used to approximate the solutions on finer scales. The
finer-scale solutions are then iteratively refined. However, by correcting the coarser-
scale equations,it is possible to perform most of the iterative refinement of the fine-
scale solution on the coarser scales. Thus the iterative refinement of the solution is
based both upon correction of the solution and correction of the equation. The idea
of correcting the equation is similar in many ways to the renormalization group ap-
proach. However, in this case it is a particular solution, which may be spatially de-
pendent, rather than an ensemble averaging process, which provides the correction.

We explain the multigrid approach using a conventional problem, which is the
solution of a differential equation. To solve the differential equation we will find an
approximate solution on a grid of points.Our ultimate objective is to find a solution
on a fine enough grid so that the solution is within a prespecified accuracy of the ex-
act answer. However, we will start with a much coarser grid solution and progressively
refine it to obtain more accurate results. Typically the multigrid method is applied in
two or three dimensions, where it has greater advantages than in one dimension.
However, we will describe the concepts in one dimension and leave out many of the
subtleties.

For concreteness we will assume a differential equation which is:

d°f (x)
dx?

=g(x) (1.10.59)

where g(x) is specified. The domain of the equation is specified, and boundary con-
ditions are provided for f (x) and its derivative.On a grid of equally spaced points we
might represent this equation as:

dl—z(f (i+1)+ f(i- 1)- 21 () = 9(i) (1.10.60)

This can be written as a matrix equation:

a AGDTG)=90) (110.61)
]

The matrix equation can be solved for the values of f (i) by matrix inversion (using
matrix diagonalization). However, diagonalization is very costly when the matrix is
large, i.e., when there are many points in the grid.

A multigrid approach to solving this equation starts by defining a set of lattices
(grids), L, j T {0,...,a}, where each successive lattice has twice as many points as the
previous one (Fig. 1.10.15). To explain the procedure it is simplest to assume that we
start with a good approximation for the solution on grid L;_, and we are looking for

a solution on the grid L;. The steps taken are then:

1. Interpolate to find fg(i), an approximate value of the function on the finer
grid L.
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Figure 1.10.15 lllustration of four grids for a one-dimensional application of the multigrid
technique to a differential equation by the procedure illustrated in Fig. 1.10.16. O

2.

Perform an iterative improvement (relaxation) of the solution on the finer grid.
This iteration involves calculating the error

a AGi9f (- g =r'() (1.10.62)

where all indices refer to the grid L;. This error is used to improve the solution on
the finer grid, as in the minimization procedures discussed in Section 1.7.5:

()= fi(i)- cr'(i) (1.10.63)

The scalar ¢ is generally replaced by an approximate inverse of the matrix A(i,j)
as discussed in Section 1.7.5. This iteration captures much of the correction of
the solution at the fine-scale level; however, there are resulting corrections at
coarser levels that are not captured. Rather than continuing to iteratively improve
the solution at this fine-scale level, we move the iteration to the next coarser level.

. Recalculate the value of the function on the coarse grid L;_, to obtain flj‘l(i). This

might be just a restriction from the fine-grid points to the coarse-grid points.
However, it often involves some more sophisticated smoothing. Ideally, it should
be such that interpolation will invert this process to obtain the values that were
found on the finer grid. The correction for the difference between the interpo-
lated and exact fine-scale results are retained.

Correct the value of g(i) on the coarse grid using the values of rj(i) restricted to
the coarser grid. We do this so that the coarse-grid equation has an exact solution
that is consistent with the fine-grid equation. From Eq. (1.10.62) this essentially
means adding r'(i) to g (i). The resulting corrected values we call gl"l(i).
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5. Relax the solution flj'l(i) on the coarse grid to obtain a new approximation to the
function on the coarse grid fz“l(i). This is done using the same procedure for re-
laxation described in step 3; however g(i) is replaced by gll‘l(i).

The procedure of going to coarser grids in steps 3 through 5 is repeated for all
grids L., Lj_3,... till the coarsest grid, L,. The values of the function g(i) are pro-
gressively corrected by the finer-scale errors. Step 5 on the coarsest grid is re-
placed by exact solution using matrix diagonalization. The subsequent steps are
designed to bring all of the iterative refinements to the finest-scale solution.

6. Interpolate the coarse-grid solution L, to the finer-grid L,.

7. Add the correction that was previously saved when going from the fine to the
coarse grid.

Steps 67 are then repeated to take us to progressively finer-scale grids all the way
back to L;.

This procedure is called a V-cycle since it appears asa V in a schematic that shows
the progressive movement between levels. A V-cycle starts from a relaxed solution on
grid L., and results in a relaxed solution on the grid L;. A full multigrid procedure in-
volves starting with an exact solution at the coarsest scale L, and then performing V-
cycles for progressively finer grids. Such a multigrid procedure is graphically il lus-
trated in Fig. 1.10.16.

Figure 1.10.16 The multigrid algorithm used to obtain the solution to a differential equa-
tion on the finest grid is described schematically by this sequence of operations. The opera-
tion sequence is to be read from left to right. The different grids that are being used are in-
dicated by successive horizontal lines with the coarsest grid on the bottom and the finest
grid on the top. The sequence of operations starts by solving a differential equation on the
coarsest grid by exact matrix diagonalization (shaded circle). Then iterative refinement of the
equations is performed on finer grids. When the finer-grid solutions are calculated, the
coarse-grid equations are corrected so that the iterative refinement of the fine-scale solution
can be performed on the coarse grids. This involves a V-cycle as indicated in the figure by the
boxes. The horizontal curved arrows indicate the retention of the difference between coarse-
and fine-scale solutions so that subsequent refinements can be performed. O
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There are several advantages of the multigrid methodology for the solution of
differential equations over more traditional integration methods that use a single-
grid representation. With careful implementation, the increasing cost of finer-scale
grids grows slowly with the number of grid points, scaling as N In(N). The solution
of multiple problems of similar type can be even more efficient,since the corrections
of the coarse-scale equations can often be carried over to similar problems, accelerat-
ing the iterative refinement. This is in the spirit of developing universal coarse-scale
representations as discussed earlier. Finally, it is natural in this method to obtain esti-
mates of the remaining error due to limited grid density, which is important to
achieving a controlled error in the solution.

1.10.7 Levels of description, emergence of simplicity
and complexity

In our explorations of the world we have often discovered that the natural world may
be described in terms of underlying simple objects, concepts, and laws of behavior
(mechanics) and interactions. When we look still closer we see that these simple ob-
jects are composite objects whose internal structure may be complex and have a
wealth of possible behavior. Somehow, the wealth of behavior is not relevant at the
larger scale. Similarly, when we look at longer length scales than our senses normally
are attuned to, we discover that the behavior at these length scales is not affected by
objects and events that appear important to us.

Examples are found from the behavior of galaxies to elementary particles: galax-
ies are composed of suns and interstellar gases, suns are formed of complex plasmas
and are orbited by planets, planets are formed from a diversity of materials and even
life, materials and living organisms are formed of atoms,atoms are composed of nu-
clei and electrons, nuclei are composed of protons and neutrons (nucleons),and nu-
cleons appear to be composed of quarks.

Each of these represents what we may call a level of description of the world. A
level is an internally consistent picture of the behavior of interacting elements that are
simple. When taken together, many such elements may or may not have a simple be-
havior, but the rules that give rise to their collective behavior are simple. We note that
the interplay between levels is not always just a self-contained description of one level
by the level immediately below. At times we have to look at more than one level in or-
der to describe the behavior we are interested in.

The existence of these levels of description has led science to develop the notion
of fundamental law and unified theories of matter and nature. Such theories are the
self-consistent descriptions of the simple laws governing the behavior and interplay
of the entities on a particular level. The laws at a particular level then give rise to the
larger-scale behavior.

The existence of simplicity in the description of underlying fundamental laws
is not the only way that simplicity arises in science. The existence of multiple lev-
els implies that simplicity can also be an emergent property. This means that the
collective behavior of many elementary parts can behave simply on a much larger
scale.
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The study of complex systems focuses on understanding the relationship be-
tween simplicity and complexity. This requires both an understanding of the emer-
gence of complex behavior from simple elements and laws, as well as the emergence
of simplicity from simple or complex elements that allow a simple larger-scale de-
scription to exist.

Much of our discussion in this section was based upon the understanding that
macroscopic behavior of physical systems can be described or determined by only a
few relevant parameters. These parameters arise from the underlying microscopic de-
scription. However, many of the aspects of the microscopic description are irrelevant.
Different microscopic models can be used to describe the same macroscopic phe-
nomenon. The approach of scaling and renormalization does not assume that all the
details of the microscopic description become irrelevant, however, it tries to deter-
mine self-consistently which of the microscopic parameters are relevant to the macro-
scopic behavior in order to enable us to simplify our analysis and come to a better
understanding.

Whenever we are describing a simple macroscopic behavior, it is natural that the
number of microscopic parameters relevant to model this behavior must be small.
This follows directly from the simplicity of the macroscopic behavior. On the other
hand,if we describe a complex macroscopic behavior, the number of microscopic pa-
rameters that are relevant must be large.

Nevertheless, we know that the renormalization group approach has some va-
lidity even for complex systems. At long length scales, all of the details that occur on
the smallest length scale are not relevant. The vibrations of an individual atom are
not generally relevant to the behavior of a complex biological organism. Indeed,
there is a pattern of levels of description in the structure of complex systems. For
biological organisms, composed out of atoms, there are additional levels of de-
scription that are intermediate between atoms and the organism: molecules, cells,
tissues, organs and systems. The existence of these levels implies that many of the
details of the atomic behavior are not relevant at the macroscopic level. This should
also be understood from the perspective of the multi-grid approach. In this picture,
when we are describing the behavior of a complex system, we have the possibility of
describing it at a very coarse level or a finer and yet finer level. The number of lev-
els that are necessary depends on the level of precision or level of detail we wish to
achieve in our description. It is not always necessary to describe the behavior in
terms of the finest scale. It is essential, however, to identify properly a model that
can capture the essential underlying parameters in order to discuss the behavior of
any system.

Like biological organisms, man-made constructs are also built from levels of
structure. This method of organization is used to simplify the design and enable us to
understand and work with our own creations. For example, we can consider the con-
struction of a factory from machines and computers,machines constructed from in-
dividual moving parts, computers constructed from various components including
computer chips, chips constructed from semiconductor devices, semiconductor de-
vices composed out of regions of semiconductor and metal. Both biology and
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engineering face problems of design for function or purpose. They both make use of
interacting building blocks to engineer desired behavior and therefore construct the
complex out of the simple. The existence of these building blocks is related to the ex-
istence of levels of description for both natural and artificial systems.

Our discussion thus brings us to recognize the importance of studying the prop-
erties of substructure and its relationship to function in complex systems. This rela-
tionship will be considered in Chapter 2 in the context of our study of neural
networks.



