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Abstract

The study of damage spreading in cellular automata (CA) is essential for under-

standing chaos and phase transitions in CA and complex systems in general. It helps us

make sense of the dynamics and emergent properties of complex systems and informs

various practical applications in science and engineering. In this study, we present a

novel and comprehensive perspective on damage spreading in CA and Boolean net-

works. We introduce a novel concept, the tangent space of a CA, enabling us to intro-

duce a methodology for computing the Lyapunov spectrum of both CA and Boolean

networks. This approach mirrors the well-established method employed in continuous-

state dynamical systems, hence facilitating the application of established theorems

from dynamical systems theory. Additionally, our approach reveals how the exist-

ing notions related to damage spreading and Lyapunov exponents of CA are related

to their configuration space and tangent space, thereby bridging seemingly unrelated

approaches.

We illustrate the versatility of our approach through the analysis of Lyapunov spec-

tra for Elementary CA (ECA) and the Domany-Kinzel CA, showcasing its effectiveness

in scenarios involving probabilistic update rules and network structures. Finally, we

explore the relationship between the Lyapunov spectrum and the Kolmogorov-Sinai
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entropy, affirming our approach by checking the validity of Pesin’s theorem. This

work contributes to the comprehensive understanding of damage spreading in CA and

Boolean networks, unraveling connections between chaos theory, computational sys-

tems, and informing various real-world applications across scientific and engineering

domains.

Keywords: cellular automata, Boolean networks, Lyapunov exponent, damage spread-

ing

1 Introduction

Damage spreading in Cellular Automata (CA) refers to the study of how local perturba-

tions or changes in the initial configuration of the automaton propagate over time. The

study of damage spreading to CA is useful for various reasons. Firstly, it is essential when

examining the chaotic properties of CA. Chaos theory explores the behavior of dynamical

systems that are highly sensitive to initial conditions, often leading to unpredictable and

intricate patterns [1, 2]. As such, damage spreading within CA is intimately linked to the

study of chaos in discrete systems, because it involves the propagation of perturbations or

disturbances throughout the dynamical system [3, 4, 5, 6, 7]. By examining how damage

propagates, evolves and impacts a CA’s behavior, we can uncover valuable insights into CA

dynamics as well as the fundamental principles of chaos theory itself. Since CA can be re-

garded as purely computational systems, damage spreading can also teach us about the deep

connection between chaos and computation [8]. Additionally, since CA can be simulated on

networks or graphs, the study of damage spreading in such a scenario provides insights into

the effect of the network topology on the system’s dynamical behavior and allows us to assess

the network’s robustness and vulnerability [9, 10].

Secondly, CA are valuable tools for investigating and understanding phase transitions, where

a system changes from one state to another as a control parameter is varied [11, 12, 13, 14].
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This is because CA allow us to model complex systems while exploring how small changes in

local interactions can give rise to abrupt changes in the macroscopic properties of a system.

On one hand, we can investigate phase transitions within the rule space of a specific type of

CA [15, 16]. Alternatively, we can study the effect of a parameter linked to a probabilistic

CA, allowing us to explore potential phase transitions. For instance, this can involve studying

phase transitions in models such as a CA that performs a Monte-Carlo simulation of the Ising

model [17, 18, 19, 20] or the Domany-Kinzel CA [21, 22, 23, 24]. The value of the control

parameter(s) where the phase transition occurs, is called the critical point. Near the critical

point, the CA exhibits interesting and complex behavior characterized by scale invariance,

power-law behavior, and universality. The analysis of damage spreading has proven to be an

essential tool when studying phase transitions in discrete systems. We often observe abrupt

changes in the damage spreading behavior under small variations of a control parameter.

Often, such damage spreading studies prove to be the most accurate tool for determining

the critical exponents and scaling laws that characterize the critical point [18, 20].

Finally, the study of damage spreading in CA not only informs our understanding of com-

plex systems and chaos theory, but also has practical implications across a wide range of

scientific and engineering disciplines. In particular, CA can serve as simplified models for

real-world systems, such as physical [25], biological [26], or social systems [27]. Understand-

ing how damage spreads in CA can help us understand similar damage spreading processes

in such complex systems, including disease propagation [28], opinion dynamics [29], ecolog-

ical interactions [30], or cascading failures [31]. Additionally, CA and damage spreading

play a crucial role in testing and verifying engineering and computer science applications,

including robotics [32], control system design [33], communication networks [34], traffic man-

agement [35], hardware testing [36, 37], cyber security [38] and fault tolerance in distributed

systems [39]. Evaluating the stability, error propagation, robustness and convergence of these

systems is greatly facilitated by a comprehensive understanding of how damage spreads in

the associated CA model.
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A quantitative and comprehensive overview of a dynamical system’s damage spreading prop-

erties is provided by the system’s Lyapunov spectrum [1, 2]. It tells us how a perturbation

to the initial configuration grows or shrinks as the system evolves in time. However, the

study of damage spreading in CA is characterized by diverse approaches that are seemingly

unrelated, and lead us to different definitions of the Lyapunov exponent of a CA. In this

paper, we will show that for any such approach, one implicitly makes a choice to work in

configuration space [4, 6, 40, 41] or tangent space [3, 5, 42]. We will make this distinction

explicit and establish precise definitions for both the configuration and tangent space for CA.

Furthermore we will show how established concepts related to damage spreading in CA can

be derived in configuration space and tangent space, thereby revealing how they relate to one

another. Secondly, we show how, starting from our definition of the tangent space, we can

define the Lyapunov spectrum of a CA as fully analogous to the established definition of the

Lyapunov spectrum of continuous-state dynamical systems. Here the existing tangent space

approaches can be viewed as a mere aspect of our more general approach. Additionally,

the parallel with the continuous-state dynamical systems allows us to transfer techniques

and concepts from this approach to CA. Thirdly, we illustrate our approach by presenting

various Lyapunov spectra for Elementary CA (ECA) that fall into different Wolfram classes.

Additionally, we apply our innovative approach to investigate the Domany-Kinzel CA and

demonstrate its effectiveness in cases where CA employ probabilistic update rules and/or

operate on a network. Finally, we utilize the Domany-Kinzel CA as a tool to probe the re-

lationship between the Lyapunov spectrum and the Kolmogorov-Sinai entropy, which allows

us to verify the validity of Pesin’s theorem.

Section 3 provides a recap of damage spreading and the definition of the Lyapunov spec-

trum for continuous-state dynamical systems. Section4 provides a similar discussion for CA

and lists the various existing notions of Lyapunov exponents. Our novel approach is then

presented in Section 5. Our approach is illustrated for ECA and the Domany-Kinzel CA in

Sections 6 and 7 respectively. Finally, in Section 8 we present our conclusions.
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0 0 0 1 1 1 1 0

Figure 1: Rule table for ECA rule 30

2 Preliminaries

First we provide the definition of one-dimensional CA, originally introduced by Von Neu-

mann [43]. S = {s0, . . . , sk−1} constitutes the set of states of the CA, with cardinality

|S| = k. A CA configuration is given by an infinite sequence of cells x = (xi)i∈Z. As such,

the configuration space is SZ. The initial configuration is denoted by x0. N (xi) is the func-

tion returning the neighborhood of size |N | of cell xi, i.e. N (xi) = (xi−1, xi, xi+1) in the

case of nearest neighbors. Finally, the transition function φ : S|N | → S induces a global map

f : SZ → SZ, such that

[f(x)]i = φ(N (xi)), i ∈ Z. (1)

The configuration at time step t is given by f t(x0) and is denoted by xt. The set SZ

together with the global map f constitutes a discrete dynamical system that is called a

CA. Alternatively, we can replace Z by an arbitrary graph G in order to obtain a CA on a

network, also called a Boolean network when |S| = 2, with configuration space SG [44]. The

most basic CA have |S| = 2 and |N | = 3 and are called elementary CA (ECA). Despite their

simplicity and the small number of rules in their rule space, they often lead to complex and

interesting behavior [6]. As such, they are often the topic of research.

A probabilistic CA (PCA) has a stochastic update rule φ : S|N | → [0, 1]k−1 that can be

defined by assigning k− 1 probabilities to each possible neighborhood σj ∈ S|N |, denoted as

pij. Here, pij signifies the probability that a cell having the neighborhood σj will be updated

to the value si:

pij = P (si|σj). (2)
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For binary PCA, it is convenient to label the state space as S = {−1, 1}. The stochastic

transition function φ : {−1, 1}|N | → [0, 1] induces a global map f : {−1, 1}Z → {−1, 1}Z

[f(x)]i = sgn
(
zti − φ(N (xi))

)
, i ∈ Z, (3)

where zti is a random number assigned to cell i at time step t chosen uniformly from the unit

interval and φ(N (xi)) yields the probability that the update value of xi is −1.

3 Lyapunov exponents

3.1 Configuration versus tangent space

Here, we recall the definition of the Lyapunov spectrum of a discrete-time continuous-state

dynamical system. Consider for that purpose the n-dimensional dynamical system on the

configuration space Rn:

xt+1 = f(xt), x ∈ Rn. (4)

An infinitesimally small perturbation, denoted δx0, to the initial value x0 will cause a change

in the trajectory of x0. We may study how the two initially close trajectories converge or

diverge in the configuration space Rn due to such an initial perturbation by tracking

∆xt = f t(x0)− f t(x0 + δx0), (5)

where naturally the difference between both trajectories depends on the initial configuration

x0 and the perturbation δx0. Convergence indicates stability while exponential divergence

indicates unstable or chaotic dynamics [1].

On the other hand, with each point x in configuration space we can associate a so-called

tangent space [1]. Perturbations to the initial configuration x0 can therefore be studied in

the configuration space as well as the tangent space. The tangent space TPRn represents
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the space of all possible directions or velocities that the system can take from a given con-

figuration P ∈ Rn. Perturbations are located in the tangent space and basically constitute

changes in these directions or velocities. More specifically, the tangent space at point P is

spanned by the vectors tangent to the coordinate axes.

When defining Lyapunov exponents, the explicit mention of the distinction between config-

uration space and tangent space is often omitted because, in the case of a configuration in

Rn, the tangent space associated with that configuration is equivalent to Rn itself. Still, even

though in this case TPRn = Rn, there is a clear difference in how we track the growth of

perturbations in configuration and tangent space. The unit interval, i.e. the configuration

space of the logistic map [45], constitutes an example of a configuration space that does not

coincide with its tangent space. Its tangent space extends the interval across the entire real

number line. Since the configuration space of the logistic map is limited to the unit interval,

two trajectories can never diverge exponentially. This is important to realize because in con-

trast, the corresponding tangent space encompasses the entire real line, allowing unbounded

growth of perturbations.

3.2 Tracking perturbations in tangent space

Since we are dealing with infinitesimally small perturbations around a point xt on the tra-

jectory, we may linearize the dynamics around xt by means of the Jacobian matrix: [1]

J(xt, t) =
∂f

∂x

∣∣∣∣∣
t

=


∂f1

∂x1

∣∣∣∣
t

. . . ∂f1

∂xn

∣∣∣∣
t

...
...

∂fn
∂x1

∣∣∣∣
t

. . . ∂fn
∂xn

∣∣∣∣
t

 . (6)

This Jacobian J(xt, t) describes how n mutually orthogonal perturbations propagate from

time step t to time step t+1. The advantage of working with perturbations in tangent space

is that we only need to keep track of the evolution of n mutually orthogonal perturbations
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(i.e. that span the configuration space Rn). Any initial perturbation δx0 may be decomposed

into these orthogonal perturbations and since we are working with linearized dynamics, we

can simply add the evolution of every component of δx0 to obtain the evolution of the total

perturbation δxt. Letting {ei} denote the standard basis of Rn, we can decompose any

perturbation as δxt =
∑n

i=1 δx
t
iei. These components evolve according to the Jacobian


δxt+1

1

...

δxt+1
n

 =


∂f1

∂x1

∣∣∣∣
t

. . . ∂f1

∂xn

∣∣∣∣
t

...
...

∂fn
∂x1

∣∣∣∣
t

. . . ∂fn
∂xn

∣∣∣∣
t



δxt1
...

δxtn

 . (7)

The property of linearity is not present when studying perturbations in configuration space

since the dynamics is generally non-linear in this case, which means that every perturbation

δx0 has a time evolution ∆xt that does not simply equal the linear combination of the time

evolution of its components.

In order to characterize the time evolution of any perturbation in tangent space, we will

compute the time evolution of n mutually orthogonal perturbations. The evolution of every

such perturbation is governed by the same Jacobian, so it is convenient to gather the different

evolved perturbation vectors in the same matrix. As such, we define the matrix Y t whose

(i, j) entry equals the perturbation at xti due to an initial perturbation at x0
j . Y

t evolves

according to

Y t+1 = J(xt, t)Y t, (8)

= J(xt, t) . . .J(x0, 0)Y 0, (9)

where Y 0 is the identity matrix, which indicates that we introduced a sphere of perturbations

at t = 0.

This is illustrated for n = 3 in Figure 2. In this example, we introduce three orthogonal
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perturbations (δx0
1, δx

0
2, δx

0
3) = δx(e1, e2, e3) at t = 0 that span a sphere and make up the

columns of Y 0. The Jacobian tells us how each of these perturbations changes direction and

grows or shrinks when evolving to time step t = 1, yielding an ellipsoid of perturbations

spanned by the evolved perturbations (δx1
1, δx

1
3, δx

1
3).

δx1
1

δx1
2

δx1
3

δx0
1

δx0
2

δx0
3

1 0 0

0 1 0

0 0 1



Y 0 =

δx0
1 δx0

2 δx0
3

∂f1

∂x1

∂f1

∂x2

∂f1

∂x3

∂f2

∂x1

∂f2

∂x2

∂f2

∂x3

∂f3

∂x1

∂f3

∂x2

∂f3

∂x3




Y 1 =

δx1
1 δx1

2 δx1
3

x0

x1

x1

x2

x3

J(x0, 0)

Figure 2: Propagation of an initial sphere of perturbations to the subsequent time step for
n = 3. The dashed segments indicate the trajectory of the system.

3.3 Computing the Lyapunov exponents

We do not need to retain the entire matrix Y t in order to know how perturbations grow or

shrink during the time evolution of the system. We can diagonalize the matrix, so that we

consider an initial set of perturbation vectors that will grow or shrink without changing their

direction. As such, the spectrum of the matrix contains all the growing and shrinking rates

characterizing the system’s sensitivity to perturbations. However, in order to compute the

finite time Lyapunov spectrum of the system, we will not be diagonalizing Y t, but rather
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the matrix Γt defined as:

Γt = Y t
(
Y t
)T
. (10)

Multiplying a matrix by its transpose yields a symmetric matrix which, due to the spectral

theorem, ensures that we have a basis of eigenvectors and every eigenvector is real-valued [46].

Additionally, it tells us how Y t affects the size of the vector it operates on:

〈Y tx,Y tx〉 = 〈Y t
(
Y t
)T
x,x〉 , (11)

where 〈. , .〉 denotes the usual inner product (i.e. dot product) on Rn. For the eigenvectors

vi of Γt, this reduces to

〈Y tvi,Y
tvi〉 = (Λt

i)
2 〈vi,vi〉 , (12)

where Λt
i denotes the eigenvalue of the eigenvector vi.

Finally, we obtain the Lyapunov spectrum in the infinite time limit [1, 2]:

λi = lim
t→∞

1

t
ln Λt

i, (13)

where the factor
1

t
serves to normalize the expression by the number of time steps. Generally,

the Lyapunov exponents λi are arranged as

λ1 ≥ λ2 ≥ . . . ≥ λn, (14)

where λ1 is the maximal Lyapunov exponent (MLE), which determines whether or not the

system behaves chaotically [1]. Note that different initial configurations can lead to different

trajectories, and consequently, the computed Lyapunov spectrum may differ. For every

attractor there is an associated Lyapunov spectrum. As such, the initial configuration can

affect the Lyapunov spectrum, since it determines on which attractor the system settles [1].

It is important to note that Lyapunov exponents, as defined above, are specific to the tangent
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space and do not directly quantify the behavior of the system in configuration space [1, 2].

They are computed based on the evolution of tangent vectors that initially point along the

different possible directions of perturbations and characterize the rate at which initially close

trajectories separated by such perturbations in tangent space either drift apart or converge.

Furthermore, an exponential growth rate of the perturbations in tangent space does not

necessarily imply an exponential growth rate of the perturbations in configuration space.

For instance, the logistic map is a one-dimensional dynamical system operating on the unit

interval [0, 1], which means there can be no exponential growth rate in configuration space.

However the tangent space associated with this system is R, enabling perturbations to grow

exponentially. This allows for a positive Lyapunov exponent characterizing the system’s

chaotic dynamics.

This section provided an overview of damage spreading within discrete-time continuous-state

dynamical systems on Rn and demonstrated how Lyapunov exponents may be calculated and

understood within the appropriate tangent space. In the following section, we will illustrate

how the ideas presented in this section can be extended to the CA setting, where we aim to

emphasize the parallels between CA and discrete dynamical systems on Rn.

4 Damage spreading in CA

A CA on a finite grid of size n can be viewed as an n-dimensional discrete-time discrete-state

dynamical system:

xt+1 = f(xt), x ∈ Sn, (15)

where the global map f results from the local map φ in Eq. (1). Since a CA is an n-

dimensional dynamical system, we will apply our treatment of the propagation of perturba-

tions (generally called ‘defects’ in the CA setting) from Section 3 to CA, which will shed

light on the existing notions of Lyapunov exponents of CA and reveal how they relate to one

another. This involves some theoretical challenges due to some essential differences between
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discrete-time dynamical systems on Rn and CA acting on Sn.

Firstly, the state set of continuous-state dynamical systems is uncountably infinite. For CA,

the state set is countable and finite. As such, the classical tools of differential calculus are

not available in the framework of CA. Secondly, the global map governing CA is induced

by a local map. This means that the n different dimensions of a CA have a clear ordering

and defects can spread only to ‘neighboring’ dimensions in a single time step. For general

dynamical systems, there is no notion of ‘neighboring’ dimensions.

In this section, we discuss damage spreading in CA in both configuration space and tangent

space, and show how this allows us to derive various notions of Lyapunov exponents of CA.

Our discussion will follow an approach that mirrors Section 3. Even though our discussion is

initially limited to binary (i.e. S = {0, 1}) one-dimensional CA, we illustrate at the end of this

section that our results are generally applicable to arbitrary deterministic or probabilistic

multi-state CA on a network.

4.1 Configuration space

4.1.1 Damage spreading

We may study how two initially close trajectories converge or diverge in the configuration

space Sn due to an initial defect:

∆xt = f t(x0)⊕ f t(x0 ⊕ δx0), (16)

where ⊕ denotes addition modulo 2 and ∆xt is generally referred to as the difference pattern

of the CA. Due to the discrete nature of Sn, we cannot introduce an infinitesimally small

perturbation vector. Instead, δx0 is a Boolean vector containing ones at the cells (i.e. dimen-

sions) we wish to perturb, and zeros elsewhere. Typically we wish to perturb only a single

cell, in which case δx0 is a simple seed vector ei. Unless otherwise specified, the ‘difference
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pattern’ refers to the difference pattern emerging from such a simple seed defect vector.

Figure 3 shows a difference pattern for ECA rule 110, along with the original unperturbed

space-time pattern for comparison.

Figure 3: Difference pattern for ECA rule 110 after 200 time steps shown in black. The
original space-time pattern f t(x0) is shown in gray.

In Section 3, in the setting of continuous-state dynamical systems, we used the Jacobian

to describe the evolution of perturbations in tangent space. This is still possible for CA,

as we will outline in Section 4.2. First, we will discuss the Jacobian’s established purpose

in configuration space for the case of CA: the evolution of the difference pattern can be

determined using the CA’s Jacobian. For this purpose, we need a notion of a derivative

in the framework of CA. For a function f : {0, 1}n → {0, 1}n we can employ the Boolean

derivative as in [47]

∂fi
∂xj

= fi(x1, . . . , xj ⊕ 1, . . . , xn)⊕ fi(x1, . . . , xj, . . . , xn). (17)

The Boolean derivative equals 1 if perturbing xj causes a change in the value of fi and is 0

otherwise. We can use this notion of a derivative for a CA to define the Jacobian J(xt, t) of

a CA at a certain time step. Since f is induced by a local map φ, perturbing a cell xj can

only affect fi when xj is in the neighborhood of xi. Because of this, the Jacobian of a CA is
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tridiagonal. Using the Jacobian, we can write the evolution of the difference pattern as [3]:

∆xt+1 = J(xt, t)⊗∆xt, (18)

where ⊗ denotes regular matrix multiplication with the modification that regular addition

is replaced by modulo-2 addition.

As an example of the use of the Boolean derivative for CA, consider ECA rule 150. It

constitutes the worst-case scenario regarding damage spreading [5], since all of its Boolean

derivatives on the main, sub- and superdiagonal of the Jacobian are non-zero. This can be

seen from its rule table shown in Figure 4, where any change in the neighborhood of the

central cell will cause a change in the central cell’s update value for the subsequent time

step.

0 0 0 1 1 1 1 0

Figure 4: Rule table for ECA rule 150

Figure 5 shows the difference pattern for rule 150 for the first few time steps.

-4 -3 -2 -1 0 1 2 3 4

0

1

2

3

1

3

3

5

t |∆xt|Configuration space

Figure 5: The propagation of defects in configuration space for rule 150. The left vertical
axis indicates the number of time steps. The right vertical axis indicates the size of the
difference pattern.

Due to the local nature of CA, within a single time step a defect can spread to itself or its
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neighboring cells, but no farther. Consequently, the difference pattern will only be non-zero

within a defect cone centered at the perturbed cell. Returning to the example of rule 150,

the difference pattern cone expands at a maximal rate and the Boolean derivatives are all

non-zero. This can be seen from the rule table: changing one value in the neighborhood will

always alter the update value. As an illustration, we show how its difference pattern evolves

from the first to the second time step in order to demonstrate how the Jacobian together

with modulo-2 addition models the propagation and interaction of defects:

∆x2 = J(x1, t = 1)⊗∆x1 (19)

⇒


1

1

1

1

1

 =


1 1 0 0 1

1 1 1 0 0

0 1 1 1 0

0 0 1 1 1

1 0 0 1 1

⊗


0

1

1

1

0

, (20)

Given the constraints of locality and the finite configuration space, the size of the CA’s

difference pattern grows at most linearly with time [3]:

∣∣∆xt∣∣ =
∑
i

∆xti ≤ (|N | − 1)t+ 1. (21)

The growth rate of the difference pattern is close to 0 for stable rules (Class I and II) and

approaches the upper limit for chaotic rules (Class III). The growth rate for Class IV rules

is intermediate and highly dependent on the initial configuration [15].

4.1.2 Lyapunov exponents

The difference pattern permits the definition of quantities that some authors associate with

the Lyapunov exponent of a CA [6, 4]. In particular, the average rate at which the differ-

ence pattern spreads to the left or to the right is a measure for the divergence rate of two

trajectories that initially differ only at a single cell. The sum of both the left and right

spreading rates after t time steps yields the total difference pattern spreading rate γ(t). Due

to the local nature of CA, the maximal difference pattern spreading rate equals 2. Wolfram
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associated these rates with the notion of a Lyapunov exponent for CA [6].

The difference pattern spreading rate generally depends on both the initial configuration

and the cell that is perturbed. Li et al. explored the distribution of the difference pattern

spreading rate across numerous initial configurations [15]. Their findings revealed that com-

plex rules display a considerably larger variation in their difference pattern spreading rate

compared to chaotic rules. This observation enables the classification of CA rules based on

their distribution of difference pattern spreading rates.

Shereshevsky formalized Wolfram’s approach by considering the maximal propagation speed

of semi-infinite defect fronts [4]: when a right defect front is located at cell xi, all the cells

of the perturbed initial configuration to the left of xi overlap with the corresponding cells of

the original initial configuration. Conversely, the cells to the right of xi are subject to any

number of defects. As such, Shereshevsky introduced the concept of left and right Lyapunov

exponents as the maximum propagation speed of a semi-infinite defect front in the infinite

time limit. This involves iterating over all possible defect fronts and their locations xi to

determine the fastest propagation speed [4]. Shereshevsky’s Lyapunov exponents can be esti-

mated computationally on a finite lattice by considering the maximal long-term propagation

speed of all possible defect fronts that are large enough to emulate a semi-infinite front, and

iterating them over all possible locations in the finite lattice.

4.1.3 Space-filling ratio

The difference pattern spreading rate often fails to capture some important details regarding

damage spreading in configuration space, since it merely considers the propagation speed of

the edges of the difference pattern, instead of the full difference pattern. Figure 6 shows the

difference pattern for ECA rules 110 and 150. The difference pattern spreading rate of rule

150 is maximal, yet the details show that, since rule 150 is an additive rule, its difference

pattern does not exhibit a high degree of disorder. On the other hand, rule 110 has a lower

difference pattern spreading rate, yet its difference pattern is more unpredictable. We note
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that in such cases, it may be more useful to use the space-filling ratio. This was originally

defined by Redeker et al. [48] for the simple seed evolution pattern of a CA and considers the

difference pattern growth rate as defined in equation 21 rather than the difference pattern

spreading rate:

ζ(t) =
|∆xt|

(|N | − 1)t+ 1
. (22)

Here, ζ(t) equals the fraction of cells in the maximal difference pattern cone that are non-

zero, yielding a higher value for rule 110 than rule 150. Hence while the difference pattern

spreading rate specifies the growth rate of the defect cone, the space-filling ratio gives us the

fraction of cells within the defect cone that are affected by the initial defect.

Figure 6: Difference patterns for ECA (a) rule 110 and (b) rule 150, both after 200 time
steps and using periodic boundary conditions.

4.2 Tangent space

4.2.1 Damage spreading

In contrast to Rn, the configuration space of a finite CA consisting of n cells Sn is not

a linear space that coincides with its tangent space, and additionally is fully discrete. In

Section 3, the tangent space resulted from the observation that a continuous n-dimensional

configuration space locally resembles Rn. In contrast, a discrete n-dimensional configuration

space locally resembles Nn. For illustrative purposes, we will consider the configuration space

of a binary CA consisting of only three cells, i.e. S3, which is conveniently represented as a

three-dimensional cube (an n-dimensional hypercube when n > 3), shown in the red section

of Figure 7. The tangent vectors to the different coordinate axes span the tangent space,
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shown in blue. As such, the tangent space TcSn around a configuration x ∈ Sn is defined as

TxSn = Nn. (23)

In Figure 7, only a small part of the countably infinite lattice N3 is drawn. Note that

this may be viewed as a high-dimensional discrete version of the logistic map mentioned in

Section 3, where the configuration space was limited to the interval [0, 1], while the tangent

space extended across R, the latter allowing for exponential growth rates of perturbations.
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Figure 7: Visualization of the configuration space (red) and tangent space (blue) of a CA
with three cells.

With this concept of the tangent space, we can track how an initial defect δx0 grows in

tangent space Nn. Similarly to continuous-state dynamical systems, the growth rate of the

defects is governed by the Jacobian, which now contains the Boolean derivatives:

δxt+1 = J(xt, t)δxt, (24)

where δxt+1 denotes the tangent space difference pattern. The Jacobian acts as a linear

operator on Nn since regular addition and multiplication take place.
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Let us once more consider the example shown in Figure 5, where the tangent space difference

pattern from a simple seed (i.e. the initial defect vector is non-zero at a single cell: δx0 = ei)

is shown for the worst-case rule 150 (worst-case since all Boolean derivatives are non-zero).

Figure 8 shows the tangent space difference pattern for rule 150 in tangent space for the

first three time steps in the CA’s evolution. An arrow indicates the Boolean derivative is

non-zero. At each cell i, the size of the entry δxti is shown.
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Figure 8: The propagation of defects in tangent space for rule 150. The left vertical axis
indicates the number of time steps. The right vertical axis indicates the size of the difference
pattern in tangent space (i.e. the sum of the number of paths arriving at each cell).

From Figure 8 it is clear that, due to the discrete and local nature of CA, there exists a

convenient interpretation for the entries of the defect vector δxt. Essentially, the entry δxti

equals the number of defect paths from the initial defect cell to cell i in t time steps. For

rule 150, all Boolean derivatives are non-zero and so the maximal number of paths arrive at

each cell. For instance, we can compute how the defects evolve from the first to the second

time step for rule 150 as follows:

δx2 = J(x1, t = 1)δx1 (25)
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In tangent space, the size of the difference pattern can grow exponentially with time, i.e.

∣∣δxt∣∣ =
∑
i

δxti ≤ |N |
t . (27)

As the worst-case scenario, the equality holds for rule 150. For other ECA rules, the inequal-

ity is strict and the number of paths arriving at each cell reflects the way in which different

defects may interact with each other [3, 5, 42], with Class IV being characterized by defect

paths with a high dependence on the initial configuration and the location of the cell that

is perturbed. The exponential growth rate of |δxt| facilitates a definition of a Lyapunov

exponent that is closer, yet still different, from the definition provided in Section 3.

4.2.2 Lyapunov exponents

Bagnoli et al. defined the total Lyapunov exponent of a CA as [3]

Λ = lim
t→∞

1

t
log
(∣∣δxt∣∣) . (28)

The summation involves all the defect paths arriving at each cell, with the logarithm applied

to capture its exponential growth rate. By taking the limit to infinity and normalizing

over the number of time steps, the resultant quantity is referred to as the total Lyapunov

exponent [3].

Baetens et al. further refined this approach by not summing over the entries of the vector δxt,

thereby retaining the spatial information regarding the damage spreading [5]. Additionally,

they investigated the Lyapunov profiles of all ECA rules, and extended the approach to

multi-state CA [49]. They defined the Lyapunov profile as

Λ = lim
t→∞

1

t
log
(
δxt
)
, (29)

where the logarithm is applied element-wise. The Lyapunov profile yields the normalized
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logarithm of the number of defect paths arriving at each cell that originate from a single

initial defect. For instance, Figure 9 illustrates the Lyapunov profile of ECA rule 150,

highlighting the maximal difference pattern spreading rate and the highest number of defect

paths converging at the center of the lattice.

Figure 9: Lyapunov profile of ECA rule 150.

4.3 Generalizations

Our discussion on damage spreading in CA has thus far been limited to binary one-dimensional

CA. Likewise, literature on damage spreading is generally limited to deterministic binary CA

on a regular lattice [3, 5, 42]. In this section, we will show how the aspects thus far dis-

cussed can be extended to multi-state CA defined on a grid or a network, and/or involving

a probabilistic update rule, thus significantly enhancing the insights that damage spreading

analysis can provide to CA.

4.3.1 Boolean networks

As an illustration, let us first consider a Boolean network, i.e. a CA defined on an arbitrary

network G instead of on a one-dimensional regular lattice. Note that the number of neigh-

bors is generally variable and depends on the node. Consequently, the CA update rule is

typically totalistic. In Section 4.2, the Jacobian was tridiagonal since every cell in the CA

was influenced by its nearest neighbors only. However, in the network setting the structure of
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the network will determine which entries in the Jacobian can be non-zero. In the worst-case

scenario, i.e. all Boolean derivatives are non-zero, the Jacobian equals the adjacency matrix

of G. Figure 10 illustrates how damage spreads in a network over subsequent time steps.

t = 0

t = 1

t = 2

Figure 10: Damage spreading in a network. The black nodes represent the difference pat-
tern in configuration space from an initial perturbation at a single node. The dashed lines
represent non-zero Boolean derivatives.

Interpreting the tangent space difference pattern as the number of defect paths arriving at

a specific node is particularly useful in the case of a non-trivial network topology. Indeed,

at time step t, the configuration space difference pattern constitutes a subnetwork Gt∆ ⊆ G,

highlighted in black in Figure 10. Using Gt∆, we propose to generalize the difference pattern

spreading rate γ to CA on a network as follows:

γ(t) =
1

t
D(Gt∆), (30)

where D denotes the diameter of G, defined as the shortest path between the two most
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distant nodes:

D(Gt∆) =
1

t
max
u,v∈Gt∆

d(u, v), (31)

where d(u, v) denotes the length of the shortest path between u and v. This definition

reduces to the established definition when the network is a one-dimensional regular lattice.

4.3.2 Multi-state CA

A second important generalization is the extension from binary CA to CA with any number

of states, i.e. multi-state CA. It is not straightforward to extend the tangent space approach,

which relies on the Jacobian, to multi-state CA. The issue lies in the definition of the Boolean

derivative (Eq. 17), where the central cell has a Boolean derivative of 1 if a perturbation to

one of the cells in the central cell’s neighborhood causes a change in the output value of the

update rule. In the binary case, a perturbation is uniquely defined as inverting the value of

the cell. However, for a k-state CA, there are k − 1 ways to perturb a cell.

When the state space S is a subset of the integers, a perturbation may still be defined as

adding 1 (modulo k). However, in general S is not a subset of the integers and there is no

inherent ordering present in S, since its elements are merely labels. This is the case for many

CA-based models such as disease spread models where S = {infected, susceptible, recovered} [50].

This issue may be solved by defining a Jacobian for every possible perturbation that can

occur, essentially defining a separate tangent space (and corresponding Lyapunov profile)

for each of the k(k − 1) possible defects [42].

4.3.3 Probabilistic CA

As a final extension, we can consider a PCA that has a stochastic update rule. For a

stochastic transition function φ : {−1, 1}|N | → [0, 1], the difference pattern in configuration

space is again calculated using Eq. (16), where the update value of every cell depends on a
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random number zti chosen uniformly from the unit interval:

[f(x)]i = sgn
(
zti − φ(N (xi))

)
. (32)

To ensure a valid comparison between the original and perturbed space-time patterns, it is

crucial that the same random numbers zti are utilized in both scenarios.

In tangent space, the difference pattern is determined using Eq. (24), where the Boolean

derivatives in the Jacobian are now

∂fi
∂xj

= fi(x1, . . . , xj ⊕ 1, . . . , xn)⊕ fi(x1, . . . , xj, . . . , xn) (33)

=
1

2
|sgn

(
zti − φ(N (xi))

)
− sgn

(
zti − φ(N ′(xi))

)
|, (34)

where N ′(xi) refers to the neigborhood of xi where, if xj ∈ N (xi), the value at cell xj

was perturbed. Here it is again essential that the same random number zti is used when

comparing the update values of the original and perturbed neighborhoods.

The upcoming section elaborates on the previously discussed damage spreading framework,

providing our analogous treatment for continuous-state dynamical systems and CA in Sec-

tions 3 and 4, respectively. Within this framework, a critical component - the definition

of the Lyapunov spectrum of a CA - is missing and will be introduced in the subsequent

section.

5 An overarching approach: the Lyapunov spectrum

of CA

Table 1 summarizes the different ways to quantify damage spreading in either continuous-

discrete dynamical systems and CA. For an n-dimensional discrete dynamical system, the

configuration space is Sn, where S denotes a subset of R. Often, S = R or in the specific
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case of the logistic map, S = [0, 1]. Regardless of S, the corresponding tangent space is Rn.

For a CA of size n, the configuration space is Sn, where S denotes a proper subset of N. The

corresponding tangent space is Nn.

Continuous-state dynamical system Cellular automaton
Configuration

space
Sn, S ⊆ R Sn, S ⊂ N

∆xt = f t(x0)− f t(x0 + δx0)
∆xt = f t(x0)⊕ f t(x0 ⊕ δx0)

→ difference pattern spreading rate

Tangent
space

Rn Nn

δxt+1 = J(xt, t)δxt
δxt+1 = J(xt, t)δxt

→ Lyapunov profile
Y t+1 = J(xt, t)Y t

→ classical definition
Y t+1 = J(xt, t)Y t

→ our definition

Table 1: Summary of the different ways to quantify damage spreading in discrete dynamical
systems of the form xt+1 = f(xt).

For CA, the Lyapunov exponents are defined by considering how defects propagate in con-

figuration space (the difference pattern spreading rate) or in tangent space (the Lyapunov

profile). However, in both cases, the initial defect vector δx0 contains a zero at only a single

cell. As such, the resulting finite-time difference patterns and Lyapunov exponents depend

on which cell was initially perturbed. In analogy with the approach from dynamical systems

theory [1, 2], we compute all n possible tangent space difference patterns corresponding to

the n possible initial defects that can be introduced (i.e. track the evolution of an initial

sphere of perturbations). Then we can define the matrix Y t whose i-th column equals the

tangent space difference pattern δxt resulting from an initial defect at cell i, which is again

fully analogous to the approach outlined in Section 3. In this way, Y t
ij equals the number of

defect paths starting from cell j and arriving at cell i in t time steps.

In tangent space, Y t contains the time evolution of n mutually orthogonal defects (i.e. simple

seeds) over t time steps. Any initial defect δx0 may be decomposed into these orthogonal

defects and since we are working with linearized dynamics (the CA dynamics being linearized

by means of the Jacobian), we can add the evolution of every component of δx0 to obtain the
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evolution of the total perturbation δxt. This means that the number of defect paths arriving

at each cell is an additive property. This linearity property is not present when studying

defects in configuration space, since two or more defects will interact in a non-linear way and

yield a difference pattern that cannot be reduced to the difference pattern of each separate

initial defect.

Utilizing the matrix Y t, we can define the Lyapunov spectrum λi using the approach detailed

in Section 3 for discrete dynamical systems:

λi = lim
t→∞

1

2t
Λt
i, (35)

where Λt
i denotes the spectrum of Y t (Y t)

T
.

Note that, in contrast to discrete dynamical systems, all dimensions (i.e. cells) of a CA

are equivalent, since the local update rule is applied homogeneously over the entire lattice.

Moreover, in contrast to discrete dynamical systems, Lyapunov exponents in this context

can only take positive values or be equivalent to negative infinity, excluding the possibility

of a finite negative value. A negative exponent signifies that an initial perturbation shrinks

at an exponential rate. However, this phenomenon is incompatible with CA because the

smallest initial disturbance in this context is a whole integer unit, which can only reduce to

zero - at this point the Lyapunov exponent becomes negative infinity.

Finally, it should be noted that while the Lyapunov profile reveals spatial information about

how one possible defect spreads to subsequent time steps, the Lyapunov spectrum essen-

tially describes the statistical distribution of the Lyapunov exponent over all possible initial

configurations and initial defects.

In the next section, we will illustrate our approach for various ECA rules.
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6 Applications of the Lyapunov spectra framework

In this section, the spectra of ECA rules are shown in order to illustrate our approach outlined

in Section 5. The Lyapunov exponents are shown in a frequency histogram which, due to

the equivalence of the dimensions, represents the statistical distribution of how defects tend

to spread in the CA. Furthermore, at the top of the spectra the percentage of exponents

that are not −∞ is shown. We will go over the different Wolfram classes and illustrate and

interpret the Lyapunov spectra associated with the corresponding rules.

Wolfram’s classification is the most commonly used classification scheme for CA [6, 51].

Class I and Class II contain the ordered rules. After a transient, Class I CA settle on a

constant homogeneous configuration, while Class II CA settle on either a constant inho-

mogenous or periodic configuration. Class III constitutes the chaotic rules. Such rules are

highly sensitive to initial perturbations and settle on what is similar to a strange attractor

in continuous-state dynamical systems [52]. Finally, Class IV groups the ‘complex rules’.

Such rules exhibit characteristics of both order and chaos, and yield interesting space-time

patterns that give rise to propagating and interacting structures.

For every class, some illustrative Lyapunov spectra are shown and interpreted. The Lyapunov

spectra were calculated for CA on a lattice of 1000 cells simulated over 500 time steps from a

random initial configuration. A simulation time of 500 time steps guarantees the stabilization

of transients and the convergence of Lyapunov spectra to their infinite-time distribution. This

occurs, with the exception of a slight reduction in the variance of the spectra for Class III

and Class IV rules as the simulation time increases. Additionally, the spectra were averaged

over 40 different initial configuration.

6.1 Class I

After a transient, Class I rules settle on a homogeneous configuration. As such, damage

cannot spread and the Lyapunov spectrum comprises exclusively of λ = −∞ exponents.
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Such exponents are called superstable.

6.2 Class II

6.2.1 Period≤ 2 Class II rules

Some rules in Class II yield relatively simple behavior, corresponding to constant space-

time patterns or periodic patterns with a temporal period of 2. Some of these rules yield

a spectrum of superstable exponents, similarly to Class I rules, indicating that any initial

defect will always die out.

Conversely, some simple rules yield a spectrum that is a combination of superstable and

stable (i.e. λ = 0) exponents. This indicates that some defects will die out, while others

will be propagated to a later time step, yet the difference pattern does not grow and its size

remains constant and equal to 1.

6.2.2 Period> 2 Class II rules

Most Class II rules with a period larger than 2 yield a spectrum that is a combination of

superstable and unstable (i.e. λ => 0) exponents. This indicates that some defects will die

out, while others will yield a difference pattern that grows to a fixed size (which generally

depends on the initial configuration), after which it stays constant. An example of such

behavior is illustrated by Rule 6. Figure 11 shows the difference pattern of rule 6 for four

different initial configurations. The Lyapunov spectrum of rule 6 is shown in Figure 12.

The spectrum is depicted in the form of a histogram, with the x-axis denoting Lyapunov

exponent values and the y-axis indicating the frequency of occurrence for each value in the

spectrum. The percentage in the top left corner signifies the proportion of unstable Lyapunov

exponents. The spectrum displays various peaks owing to the differences in the size of the

difference pattern across different initial configurations.
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Figure 11: Difference patterns for Class II rule 6 from different initial configurations.

Figure 12: Lyapunov spectrum of Class II rule 6. The x-axis denotes the Lyapunov exponent
values and the y-axis indicates the frequency of occurrence for each value in the spectrum.
At the top of the spectra the percentage of exponents that are not −∞ is shown.

Certain Class II rules exhibit chaotic behavior within specific boundaries and are denoted

as locally chaotic rules [53]. Chaotic dynamics occurs between these fixed boundaries, which

exist due to the presence of certain short sequences in the initial configuration that remain

invariant under successive application of the update rule. Figure 13 shows the difference

pattern of three elementary and locally chaotic rules. Since the chaotic dynamics is bound

by the domain walls, the difference pattern is non-expanding. As such, these rules are

considered to be stable, based on classical Lyapunov exponents derived from the difference

pattern spreading rate or the Lyapunov profile. In contrast, as shown in Figure 14, our

approach yields a spectrum consisting largely of positive Lyapunov exponents. Due to the

random nature of the CA, each defect has a similarly chaotic effect on the dynamics. This

yields a Lyapunov spectrum that resembles a normal distribution, with a small variance
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around the average Lyapunov exponent (ALE).

(a) Rule 26 (b) Rule 73 (c) Rule 154

Figure 13: Difference patterns of locally chaotic Class II rules

(a) Rule 26 (b) Rule 73 (c) Rule 154

Figure 14: Lyapunov spectra of locally chaotic Class II rules

6.3 Class III

Figures 15 and 16 show the difference pattern and Lyapunov spectrum respectively of three

chaotic rules. The spectra are similar to those of the locally chaotic rules and the same

conclusions can be drawn here. Some spectra exhibit interesting deviations from a nor-

mal distribution, exemplified by the spectrum of rule 122 depicted in Figure 16b. These

deviations suggest that, beyond the rule’s chaotic and random characteristics, there exist

underlying patterns governing defect propagation. These patterns lead to certain types of

defect paths to occur more frequently than anticipated in a purely chaotic rule, which causes

spikes in the Lyapunov spectrum.
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(a) Rule 41 (b) Rule 122 (c) Rule 126

Figure 15: Class III difference patterns

(a) Rule 41 (b) Rule 122 (c) Rule 126

Figure 16: Some typical Class III spectra

6.3.1 Additive CA

Additive rules constitute a special class of CA rules. For such rules, the evolution of the

modulo-2 addition of two distinct initial configurations is equivalent to the modulo-2 ad-

dition of the evolution of each individual initial configuration [54]. This means that the

difference pattern is independent of the initial configuration and is equivalent to the simple

seed evolution (i.e. the evolution from a single non-zero cell) of the rule. When considering

only non-equivalent rules (i.e. rules that are not equivalent upon reflection and/or comple-

mentation [55]), there are only three non-trivial additive ECA rules, all of which are found

in Class III. Figure 17 shows the space-time patterns and the difference patterns of the three

additive rules. Rule 60 carries out the modulo-2 addition of the central cell and its left

neighbor, while rule 90 performs the modulo-2 addition of both its neighbors, and rule 150

performs the modulo-2 addition of its entire neighborhood.
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(a) Rule 60 (b) Rule 90 (c) Rule 150

Figure 17: Difference patterns of additive chaotic rules

The Lyapunov spectra are shown in Figure 18. Due to additivity, the same type of defect

paths occur regardless of the initial configuration or the position of the initial defect, resulting

in a single sharp peak in the Lyapunov spectrum. For the worst-case rule 150, the peak occurs

at λ = 1, which corresponds to the highest ALE out of all the ECA. The typical spectrum

of an additive rule reflects that, in contrast to other Class III rules, there is an inherent

predictability present in the space-time pattern. In particular, when we introduce an initial

defect, we can anticipate how it will influence the space-time pattern at a later time-step

without the need for a direct simulation of the CA.

(a) Rule 60 (b) Rule 90 (c) Rule 150

Figure 18: Spectrum of additive chaotic rules

6.4 Class IV

Figure 19 shows the space-time patterns and difference patterns of the two non-equivalent

Class IV ECA rules. Due to the Class IV CA’s complex nature, the different defect paths

interact in interesting and non-trivial ways. Since a large number of defect paths contin-

uously interact in unpredictable ways, the spectra closely resemble a normal distribution.
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Additionally, since Class IV has characteristics of both order and chaos and as such repre-

sents the phase transition region between Class II and Class III [8], the ALE of Class IV is

generally finite but lower than the ALE resulting from Class III rules.

(a) Rule 54 (b) Rule 110

Figure 19: Class IV difference patterns

(a) Rule 54 (b) Rule 110

Figure 20: Some Class IV spectra

7 Investigating the Lyapunov spectrum of the Domany-

Kinzel CA

The Domany-Kinzel CA is a probabilistic CA that can be used to simulate the Ising model [56].

It is known for its ability to exhibit interesting and complex behavior, including phase tran-

sitions from an ordered to a disordered state. As such, it has been used to explore various

phenomena related to criticality, universality, and the emergence of patterns in physical sys-

tems [57, 23, 58]. In this section we study the Lyapunov spectrum of the Domany-Kinzel

CA in order to illustrate the extension of our approach to CA with a probabilistic update

rule and/or on a network. Additionally, we use the Domany-Kinzel CA to investigate the

validity of Pesin’s theorem for the Lyapunov spectrum obtained with our approach [59].
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Similarly to ECA, the Domany-Kinzel CA is a one-dimensional two-state CA with a neigh-

borhood size of 3. Its update rule is straightforward: if one of the neighbors of the central

cell has a value of 1, the central cell will have an update value of 1 with probability p1. If

both neighbors of the central cell have a value of 1, the central cell will have an update

value of 1 with probability p2. If both neighbors have a value of 0, the central cell is always

updated to 0. Note that the update value of the central cell does not depend on its own

value at the current time step.

7.1 The Domany-Kinzel phase diagram

Depending on the parameters p1 and p2, different dynamical regimes can be distinguished

for the Domany-Kinzel CA. Figure 21 shows the phase diagram of the Domany-Kinzel CA

based on a mean-field approximation [60]. Four examples of space-time patterns are shown

to illustrate the different phases. When p1 < 0.5, the appearance of a single zero cell tends

to yield an update value of zero. As such, all activity dies out after a short transient. When

p1 increases, the transients become longer until they eventually constitute the steady-state

regime. Varying p2 allows us to distinguish the chaotic regime from the active regime, the

latter of which consists mainly of ones due to the high values of both p1 and p2, with randomly

distributed small clusters of zeros.
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Figure 21: Phase diagram of the Domany-Kinzel CA based on mean field theory [60]. Four
space-time patterns evolved from a random initial configuration are shown for various com-
binations of p1 and p2 values.

The phase diagram in Figure 21 is an approximation based on mean-field theory. Since

damage spreading properties are often used to distinguish different regimes and study phase

transitions in the Ising model [17, 19, 61], we can use the Lyapunov spectrum of CA to

obtain a more accurate phase diagram for the Domany-Kinzel CA. Figure 22 shows the

phase diagram based on the largest Lyapunov exponent in the spectrum, i.e. the maximal

Lyapunov exponent (MLE). The frozen and active phases are characterized by an MLE of

−∞. The chaotic phase has a positive MLE that reaches a maximum when p1 = 1 and

p2 = 0, which is the deterministic limit where the Domany-Kinzel CA reduces to Class III

ECA rule 18. The precision of the phase transition boundaries is higher, surpassing the

accuracy achieved by the mean-field approach, as illustrated by the comparison with the

precise phase transition boundaries obtained through the two-tree approximation [60].
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Figure 22: Phase diagram of the Domany-Kinzel CA based on the MLE of the CA simulated
on a lattice of 1000 cells over 500 time steps. The x and y-axis denote the probabilities p1

and p2 respectively.

7.2 Pesin’s theorem

Pesin’s theorem establishes a relationship between the Kolmogorov-Sinai (KS) entropy hKS,

which is a global property that characterizes the full evolution of a CA, and the Lyapunov

spectrum, which is a local property that pertains to what happens to nearby points in

configuration space as they evolve over short time intervals [59, 62]. Specifically, it states

that the Kolmogorov-Sinai entropy of a dynamical system equals the sum of its positive

Lyapunov exponents:

hKS =
∑
λi>0

λi. (36)

The KS entropy is an entropy measure that quantifies a dynamical system’s tendency to

explore and occupy different portions of its configuration space during its evolution [63, 64].

As such, it quantifies the rate at which information is generated or lost in a dynamical system

as it evolves over time.

For a finite CA of size N , we can estimate the (KS) entropy by calculating the Shannon

entropy of the probabilities associated with the occurrences of each subsequence σ of length

M within the CA’s space-time pattern [64]. This estimation is given by:

hMKS ≈ −
∑

fσ log(fσ), (37)
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where fσ represents the frequency at which the subsequence σ of length M appears within

the space-time pattern generated by the CA. Simulations indicate that for a sufficiently large

grid size and number of time steps, the estimation from Eq. (37) becomes independent of

the subsequence size M and converges when M > 30.

As an empirical test of the validity of Pesin’s theorem in the context of CA, we computed the

Lyapunov spectrum and KS entropy of the Domany-Kinzel CA for p2 = 0.4 and 30 different

values of p1 evenly spaced between 0 and 1. The CA was simulated over 200 time steps with

a grid size of 400 cells. The subsequence size used to estimate the KS entropy was fixed at

M = 40. Figure 37 shows the observed relation between the KS entropy and the sum of the

positive Lyapunov exponents for the 30 different values of p1.

Figure 23: Kolmogorov-Sinai entropy hKS versus the sum of the positive Lyapunov exponents
for the Domany-Kinzel CA with p2 = 0.4 and varying the parameter p1.

In line with Pesin’s theorem, Figure 37 illustrates an approximately linear relationship be-

tween the estimated KS entropy and the sum of the positive Lyapunov exponents. The

clusters on both sides of the graph correspond to the stable and chaotic dynamics, while

the intermediate points correspond to the transition region between both regimes. The ob-

served relationship between the Lyapunov spectrum and the KS entropy sheds light on the

connection between the local and global characteristics of chaotic dynamics within the CA.

A more precise relationship may potentially emerge if we have a more accurate estimate of

the KS entropy with appropriate normalization factors and/or if we explore CA with larger

radii and a greater number of states. Nonetheless, Pesin’s theorem remains a valuable tool
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for evaluating the validity of a novel approach that aims to define the Lyapunov spectrum

of a given class of dynamical systems.

7.3 Investigating the Domany-Kinzel CA on a small-world net-

work

This section illustrates the validity of our approach for CA on a network (i.e. Boolean net-

works). Figure 24 shows some Lyapunov spectra of the Domany-Kinzel CA on three different

small-world networks [65]. Such networks are regular networks of N nodes where every node

is connected to its K nearest neighbors, after which every node is rewired to another random

node in the network with a probability pr. Small-world networks are characterized by a high

degree of local clustering and relatively short paths between nodes, since most nodes are not

directly connected to each other but can be reached through a small number of intermediate

connections [65].

The Lyapunov spectra in Figure 24 were computed for a small-world network with N = 100

and K = 4 simulated over 100 time steps, for two different values of the rewiring probability.

Both parameters of the Domany-Kinzel CA were fixed to p1 = p2 = 0.4. In the scenario

where pr = 0, the network becomes a regular one. This case corresponds to the Domany-

Kinzel CA simulated on a regular one-dimensional grid with cyclic boundary conditions but

with a neighborhood size of 5 instead of 3. The spectrum shows some peaks corresponding

to certain types of defect paths that are prevalent and the MLE near λ = 0.25. Once we

introduce a non-zero rewiring probability (pr = 0.25), some edges are randomly rewired and

we obtain a small-world network. The entire Lyapunov spectrum shifts to higher values,

with an MLE near λ = 0.5. This indicates that the small-world network yields a CA

that is significantly more sensitive to perturbations, which reflects the well-known small-

world phenomenon where information or perturbations tend to spread quickly across the

network [65].
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(a) (b)

Figure 24: Lyapunov spectra of the Domany-Kinzel CA with p1 = 0.4 and p2 = 0.4 on
a small-world network for two different values of the rewiring probability: pr = 0 (a) and
pr = 0.25 (b).

8 Conclusions

In this paper, we provided a comprehensive overview of damage spreading in CA. We first

introduced the novel concept of the tangent space associated with the CA’s configuration

space. We explored damage spreading within both the configuration space and the tangent

space, illustrating how different established concepts of Lyapunov exponents and the dif-

ference pattern spreading rate can be derived from this analysis. Next, we introduced an

original method for defining the Lyapunov spectrum of a CA based on linearizing the dy-

namics at each time step. Our definition completely parallels the well-established definition

of the Lyapunov spectrum as defined for continuous-state dynamical systems. This parallel

enables us to apply existing insights and theorems concerning the Lyapunov spectrum from

the field of dynamical systems theory, including Pesin’s theorem, to the context of CA. Ad-

ditionally, we showed how various existing notions of Lyapunov exponents for CA, related to

the difference pattern growth and the Lyapunov profile, tie into our comprehensive approach.
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We illustrated our approach with various Lyapunov spectra of ECA belonging to the different

Wolfram classes. We clarified how the spectra may be interpreted and how they connect to

the CA’s chaotic characteristics. Next, we put our novel approach to the test by applying it

to the Domany-Kinzel CA, demonstrating its effectiveness with CA featuring a probabilistic

update rule and/or those simulated on a network. We showed how our approach enables

us to precisely generate the phase diagram of the Domany-Kinzel CA and provided an

illustration of how the network’s topology influences the CA’s damage spreading properties.

Finally, we utilized the Domany-Kinzel CA as a tool to explore the connection between

the Lyapunov spectrum and the Kolmogorov-Sinai entropy, thereby checking the validity of

Pesin’s theorem.

References

[1] J. P. Eckmann, D. Ruelle, Ergodic theory of chaos and strange attractors, Reviews of

Modern Physics 57 (1985) 617–656. doi:10.1103/RevModPhys.57.617.

URL https://link.aps.org/doi/10.1103/RevModPhys.57.617

[2] E. E. Vallejo, R. M. Capocelli, The Mathematics of Discrete Modeling, Society for

Industrial and Applied Mathematics, 2019.

[3] F. Bagnoli, R. Rechtman, S. Ruffo, Damage spreading and lyapunov exponents in cel-

lular automata, Physics Letters A 172 (1) (1992) 34 – 38. doi:https://doi.org/10.

1016/0375-9601(92)90185-O.

URL http://www.sciencedirect.com/science/article/pii/037596019290185O

[4] M. A. Shereshevsky, Lyapunov exponents for one-dimensional cellular automata, Jour-

nal of Nonlinear Science 2 (03 1992).

[5] J. Baetens, J. Gravner, Introducing lyapunov profiles of cellular automata, Journal of

Cellular Automata 13 (09 2015).

40

https://link.aps.org/doi/10.1103/RevModPhys.57.617
https://doi.org/10.1103/RevModPhys.57.617
https://link.aps.org/doi/10.1103/RevModPhys.57.617
http://www.sciencedirect.com/science/article/pii/037596019290185O
http://www.sciencedirect.com/science/article/pii/037596019290185O
https://doi.org/https://doi.org/10.1016/0375-9601(92)90185-O
https://doi.org/https://doi.org/10.1016/0375-9601(92)90185-O
http://www.sciencedirect.com/science/article/pii/037596019290185O


[6] S. Wolfram, A New Kind of Science, Wolfram Media, 2002.

URL https://www.wolframscience.com

[7] K. Malarz, K. Kulakowski, M. Antoniuk, M. Grodecki, D. Stauffer, Some new facts of

life, International Journal of Modern Physics C 9 (3) (1998) 449–458. doi:10.1142/

S0129183198000340.

[8] C. G. Langton, Computation at the edge of chaos: Phase transitions and emergent

computation, Physica D: Nonlinear Phenomena 42 (1) (1990) 12–37. doi:https://

doi.org/10.1016/0167-2789(90)90064-V.

[9] B. Luque, R. Sole, Phase transitions in random networks: Simple analytic determination

of critical points, Physical Review E 55 (1, A) (1997) 257–260. doi:10.1103/PhysRevE.

55.257.

[10] D. Stauffer, Evolution by damage spreading in kauffman model, Journal of Statistical

Physics 74 (5-6) (1994) 1293–1299. doi:10.1007/BF02188232.

[11] H. Hinrichsen, E. Domany, Damage spreading in the ising model, Physical Review E 56

(1997) 94–98. doi:10.1103/PhysRevE.56.94.

[12] G. Odor, N. Menyhard, Damage spreading for one-dimensional, nonequilibrium models

with parity conserving phase transitions, Physical Review E 57 (5, A) (1998) 5168–5177.

doi:10.1103/PhysRevE.57.5168.

[13] A. Atman, R. Dickman, J. Moreira, Phase diagram of a probabilistic cellular automaton

with three-site interactions, Physical Review E 67 (1, 2) (JAN 2003). doi:10.1103/

PhysRevE.67.016107.

[14] L. Dasilva, A. Hansen, S. Roux, Spreading of damage in deterministic cellular au-

tomata as a percolation problem, Europhysics Letters 8 (1) (1989) 47–52. doi:

10.1209/0295-5075/8/1/009.

41

https://www.wolframscience.com
https://www.wolframscience.com
https://doi.org/10.1142/S0129183198000340
https://doi.org/10.1142/S0129183198000340
https://doi.org/https://doi.org/10.1016/0167-2789(90)90064-V
https://doi.org/https://doi.org/10.1016/0167-2789(90)90064-V
https://doi.org/10.1103/PhysRevE.55.257
https://doi.org/10.1103/PhysRevE.55.257
https://doi.org/10.1007/BF02188232
https://doi.org/10.1103/PhysRevE.56.94
https://doi.org/10.1103/PhysRevE.57.5168
https://doi.org/10.1103/PhysRevE.67.016107
https://doi.org/10.1103/PhysRevE.67.016107
https://doi.org/10.1209/0295-5075/8/1/009
https://doi.org/10.1209/0295-5075/8/1/009


[15] W. Li, N. Packard, C. Langton, Transition phenomena in cellular automata rule space,

Physica D: Nonlinear Phenomena 45 (1990) 77–94. doi:https://doi.org/10.1016/

0167-2789(90)90175-O.

[16] P. Binder, A phase diagram for elementary cellular automata, Complex Systems 7 (1993)

241–247.

[17] P. Grassberger, Damage spreading and critical exponents for ‘model a’ ising dynamics,

Physica A: Statistical Mechanics and its Applications 214 (4) (1995) 547–559. doi:

10.1016/0378-4371(94)00285-2.

[18] P. Grassberger, Damage spreading and critical exponents for ‘model a’ ising dynamics,

Physica A: Statistical Mechanics and its Applications 214 (4) (1995) 547–559. doi:

10.1016/0378-4371(94)00285-2.

[19] U. Costa, Spreading of ’damage’ in a three-dimensional ising model, Journal of Physics

A: Mathematical and General 20 (9) (1987) L583–L586. doi:10.1088/0305-4470/20/

9/006.

[20] F. Wang, N. Hatano, M. Suzuki, Study on dynamical critical exponents of the ising

model using the damage spreading method, Journal of Physics A: Mathematical and

General 28 (16) (1995) 4543–4552. doi:10.1088/0305-4470/28/16/012.

[21] G. Zebende, T. Penna, The domany-kinzel cellular automaton phase diagram, Journal

of Statistical Physics 74 (5-6) (1994) 1273–1279. doi:10.1007/BF02188230.

[22] F. Bagnoli, On damage-spreading transitions, Journal of Statistical Physics 85 (1-2)

(1996) 151–164. doi:10.1007/BF02175559.

[23] P. Grassberger, Are damage spreading transitions generically in the universality class

of directed percolation?, Journal of Statistical Physics 79 (1-2) (1995) 13–23. doi:

10.1007/BF02179381.

42

https://doi.org/https://doi.org/10.1016/0167-2789(90)90175-O
https://doi.org/https://doi.org/10.1016/0167-2789(90)90175-O
https://doi.org/10.1016/0378-4371(94)00285-2
https://doi.org/10.1016/0378-4371(94)00285-2
https://doi.org/10.1016/0378-4371(94)00285-2
https://doi.org/10.1016/0378-4371(94)00285-2
https://doi.org/10.1088/0305-4470/20/9/006
https://doi.org/10.1088/0305-4470/20/9/006
https://doi.org/10.1088/0305-4470/28/16/012
https://doi.org/10.1007/BF02188230
https://doi.org/10.1007/BF02175559
https://doi.org/10.1007/BF02179381
https://doi.org/10.1007/BF02179381


[24] T. Tome, Spreading of damage in the domany-kinzel cellular automaton: A mean-field

approach, Physica A: Statistical Mechanics and its Applications 212 (1-2) (1994) 99–109.

doi:10.1016/0378-4371(94)90139-2.

[25] R. E. Plotnick, Lattice models in ecology, paleontology, and geology (2016). doi:

10.2110/sepmsp.106.01.

[26] G. Ermentrout, L. Edelstein-Keshet, Cellular automata approaches to biological mod-

eling, Journal of Theoretical Biology 160 (1) (1993) 97–133. doi:10.1006/jtbi.1993.

1007.

[27] R. Hegselmann, Cellular Automata in the Social Sciences, Springer Netherlands, Dor-

drecht, 1996, pp. 209–233. doi:10.1007/978-94-015-8686-3_12.

URL https://doi.org/10.1007/978-94-015-8686-3_12

[28] K.-P. Hadeler, J. Müller, Cellular Automata: Analysis and Applications, Springer

Cham, 2016. doi:https://doi.org/10.1007/978-3-319-53043-7.

[29] A. Khaleque, P. Sen, Damage spreading transition in an opinion dynamics model, Phys-

ica A: Statistical Mechanics and its Applications 413 (2014) 599–608. doi:https:

//doi.org/10.1016/j.physa.2014.07.021.

URL https://www.sciencedirect.com/science/article/pii/S0378437114005901

[30] B. Breckling, G. Pe’er, Y. G. Matsinos, Cellular Automata in Ecological Modelling,

in: F. Jopp, H. Reuter, B. Breckling (Eds.), Modelling Complex Ecological Dynam-

ics: An Introduction into Ecological Modelling for Students, Teachers & Scientists,

Springer Berlin Heidelberg, Berlin, Heidelberg, 2011, pp. 105–117. doi:10.1007/

978-3-642-05029-9_8.

URL https://doi.org/10.1007/978-3-642-05029-9_8

[31] W. Huang, B. Zhou, Y. Yu, D. Yin, Vulnerability analysis of road network for dan-

gerous goods transportation considering intentional attack: Based on cellular au-

43

https://doi.org/10.1016/0378-4371(94)90139-2
https://doi.org/10.2110/sepmsp.106.01
https://doi.org/10.2110/sepmsp.106.01
https://doi.org/10.1006/jtbi.1993.1007
https://doi.org/10.1006/jtbi.1993.1007
https://doi.org/10.1007/978-94-015-8686-3_12
https://doi.org/10.1007/978-94-015-8686-3_12
https://doi.org/10.1007/978-94-015-8686-3_12
https://doi.org/https://doi.org/10.1007/978-3-319-53043-7
https://www.sciencedirect.com/science/article/pii/S0378437114005901
https://doi.org/https://doi.org/10.1016/j.physa.2014.07.021
https://doi.org/https://doi.org/10.1016/j.physa.2014.07.021
https://www.sciencedirect.com/science/article/pii/S0378437114005901
https://doi.org/10.1007/978-3-642-05029-9_8
https://doi.org/10.1007/978-3-642-05029-9_8
https://doi.org/10.1007/978-3-642-05029-9_8
https://doi.org/10.1007/978-3-642-05029-9_8
https://www.sciencedirect.com/science/article/pii/S0951832021003045
https://www.sciencedirect.com/science/article/pii/S0951832021003045
https://www.sciencedirect.com/science/article/pii/S0951832021003045


tomata, Reliability Engineering & System Safety 214 (2021) 107779. doi:https:

//doi.org/10.1016/j.ress.2021.107779.

URL https://www.sciencedirect.com/science/article/pii/S0951832021003045

[32] G. B. S. Ferreira, P. A. Vargas, G. M. B. Oliveira, An improved cellular automata-based

model for robot path-planning, in: M. Mistry, A. Leonardis, M. Witkowski, C. Melhuish

(Eds.), Advances in Autonomous Robotics Systems, Springer International Publishing,

Cham, 2014, pp. 25–36.

[33] R. Palma-Orozco, G. Palma-Orozco, J. de Jesús Medel-Juárez, J. A. Jiménez-Beńıtez,
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P. Gastaldo, R. Zunino, E. Corchado (Eds.), Computational Intelligence in Security for

Information Systems, Springer Berlin Heidelberg, Berlin, Heidelberg, 2009, pp. 187–191.

[34] F. Bagnoli, E. Bellini, E. Massaro, R. Rechtman, Percolation and internet science,

Future Internet 11 (2) (2019). doi:10.3390/fi11020035.

URL https://www.mdpi.com/1999-5903/11/2/35

[35] D. E. Wolf, Cellular automata for traffic simulations, Physica A: Statistical Me-

chanics and its Applications 263 (1) (1999) 438–451, proceedings of the 20th IU-

PAP International Conference on Statistical Physics. doi:https://doi.org/10.1016/

S0378-4371(98)00536-6.

URL https://www.sciencedirect.com/science/article/pii/S0378437198005366

[36] P. Chaudhuri, D. Chowdhury, K. Paul, B. Sikdar, Theory and applications of cellular

automata for vlsi design and testing, in: VLSI Design 2000. Wireless and Digital Imaging

in the Millennium. Proceedings of 13th International Conference on VLSI Design, 2000,

pp. 4–4. doi:10.1109/ICVD.2000.812571.

[37] D. Monica, Cellular automata hardware implementations-an overview, Science and

Technology 19 (4) (2016) 360–368.

44

https://www.sciencedirect.com/science/article/pii/S0951832021003045
https://www.sciencedirect.com/science/article/pii/S0951832021003045
https://doi.org/https://doi.org/10.1016/j.ress.2021.107779
https://doi.org/https://doi.org/10.1016/j.ress.2021.107779
https://www.sciencedirect.com/science/article/pii/S0951832021003045
https://www.mdpi.com/1999-5903/11/2/35
https://doi.org/10.3390/fi11020035
https://www.mdpi.com/1999-5903/11/2/35
https://www.sciencedirect.com/science/article/pii/S0378437198005366
https://doi.org/https://doi.org/10.1016/S0378-4371(98)00536-6
https://doi.org/https://doi.org/10.1016/S0378-4371(98)00536-6
https://www.sciencedirect.com/science/article/pii/S0378437198005366
https://doi.org/10.1109/ICVD.2000.812571


[38] A. M. del Rey, Mathematical modeling of the propagation of malware: a review, Security

and Communication Networks 8 (15) (2015) 2561–2579. doi:10.1002/sec.1186.

[39] P. Tosic, Cellular automata for distributed computing: models of agent interaction

and their implications, in: 2005 IEEE International Conference on Systems, Man and

Cybernetics, Vol. 4, 2005, pp. 3204–3209 Vol. 4. doi:10.1109/ICSMC.2005.1571639.

[40] P. Tisseur, Cellular automata and lyapunov exponents, Nonlinearity 13 (5) (2000) 1547–

1560. doi:10.1088/0951-7715/13/5/308.

URL https://doi.org/10.1088/0951-7715/13/5/308

[41] M. Courbage, B. Kaminski, Space-time directional lyapunov exponents for cel-

lular automata, Journal of Statistical Physics 124 (03 2006). doi:10.1007/

s10955-006-9172-1.

[42] M. Vispoel, A. J. Daly, J. M. Baetens, Lyapunov exponents of multi-state cellular au-

tomata, Chaos: An Interdisciplinary Journal of Nonlinear Science 33 (4) (2023) 043108.

doi:10.1063/5.0139849.

[43] J. Neumann, The theory of self-reproducing automata,

http://www.walenz.org/vonNeumann/ (01 1996).

[44] B. Drossel, Random Boolean Networks, John Wiley & Sons, Ltd, 2008, Ch. 3, pp.

69–110. doi:https://doi.org/10.1002/9783527626359.ch3.

[45] R. May, Simple mathematical models with very complicated dynamics, Nature 26 (1976)

457. doi:10.1038/261459a0.

[46] S. Axler, Linear Algebra Done Right, Undergraduate Texts in Mathematics, Springer,

New York, 1997.

[47] G. Vichniac, Boolean derivatives on cellular automata, Physica D: Nonlinear Phenomena

45 (1–3) (1990) 63–74.

45

https://doi.org/10.1002/sec.1186
https://doi.org/10.1109/ICSMC.2005.1571639
https://doi.org/10.1088/0951-7715/13/5/308
https://doi.org/10.1088/0951-7715/13/5/308
https://doi.org/10.1088/0951-7715/13/5/308
https://doi.org/10.1007/s10955-006-9172-1
https://doi.org/10.1007/s10955-006-9172-1
https://doi.org/10.1063/5.0139849
https://doi.org/https://doi.org/10.1002/9783527626359.ch3
https://doi.org/10.1038/261459a0


[48] M. Redeker, A. Adamatzky, G. Martinez, Expressiveness of elementary cellular au-

tomata, International Journal of Modern Physics C 24 (2012) 1–14. doi:10.1142/

S0129183113500101.

[49] J. M. J.M. Baetens, B. D. Baets, Towards a comprehensive understanding of multi-state

cellular automata, in: Cellular Automata, Springer International Publishing, Cham,

2014, pp. 16–24.

[50] B. Pfeifer, K. G. Kugler, M. M. Tejada, C. Baumgartner, M. Seger, M. Osl, M. Netzer,

M. Handler, A. Dander, M. Wurz, A. Graber, B. Tilg, A cellular automaton framework

for infectious disease spread simulation, The Open Medical Informatics Journal 2 (2008)

70–81.

[51] M. Vispoel, A. J. Daly, J. M. Baetens, Progress, gaps and obstacles in the classification

of cellular automata, Physica D: Nonlinear Phenomena 432 (2022) 133074. doi:https:

//doi.org/10.1016/j.physd.2021.133074.

[52] S. Wolfram, Universality and Complexity in Cellular Automata, Physica D: Nonlinear

Phenomena (1984) 37.

[53] W. Li, N. Packard, The structure of the elementary cellular automata rule space, Com-

plex Systems 4 (1990) 281–297.

[54] S. Nandi, B. Kar, P. Pal, Theory and applications of cellular automata, Computers,

IEEE Transactions on 43 (1995) 1346 – 1357. doi:10.1109/12.338094.

[55] G. J. Martinez, A note on elementary cellular automata classification, Journal of cellular

automata 8 (06 2013).

[56] E. Domany, W. Kinzel, Equivalence of cellular automata to ising models and directed

percolation, Physical Review Letters 53 (1984) 311–314.

46

https://doi.org/10.1142/S0129183113500101
https://doi.org/10.1142/S0129183113500101
https://doi.org/https://doi.org/10.1016/j.physd.2021.133074
https://doi.org/https://doi.org/10.1016/j.physd.2021.133074
https://doi.org/10.1109/12.338094


[57] M. Martins, H. Deresende, C. Tsallis, A. Demagalhaes, Evidence for a new phase in the

domany-kinzel cellular automaton, Physical Review Letters 66 (15) (1991) 2045–2047.

doi:10.1103/PhysRevLett.66.2045.

[58] T. Bohr, M. van Hecke, R. Mikkelsen, M. Ipsen, Breakdown of universality in transitions

to spatiotemporal chaos, Physical Review Letters 86 (24) (2001) 5482–5485. doi:10.

1103/PhysRevLett.86.5482.

[59] Y. B. Pesin, Characteristic lyapunov exponents and smooth ergodic theory, Russian

Mathematical Surveys 32 (4) (1977) 55. doi:10.1070/RM1977v032n04ABEH001639.

[60] G. Kohring, M. Schreckenberg, The domany-kinzel cellular automaton revisited, Journal

de Physique I 2 (11) (1992) 2033–2037.

[61] A. Bernardes, U. Costa, A. Araujo, D. Stauffer, Damage spreading, coarsening dynam-

ics and distribution of political votes in sznajd model on square lattice, International

Journal of Modern Physics C 12 (2) (2001) 159–167. doi:10.1142/S0129183101001584.

[62] L. Olsen, Review : Y pesin, dimension theory in dynamical systems: Contemporary

views and applications, Proceedings of the Edinburgh Mathematical Society 42 (2)

(1999) 430–432. doi:10.1017/S001309150002040X.

[63] A. Kolmogorov, A new metric invariant of transitive dynamical systems and of auto-

morphisms of lebesgue spaces, Doklady Akademii Nauk SSSR 119 (5) (1958) 861–864.

[64] V. Latora, M. Baranger, Kolmogorov-sinai entropy rate versus physical entropy, Physical

Review Letters 82 (3) (1999) 520–523. doi:10.1103/PhysRevLett.82.520.

[65] D. Watts, S. Strogatz, Collective dynamics of ‘small-world’ networks, Nature 393 (6684)

(1998) 440–442. doi:10.1038/30918.

47

https://doi.org/10.1103/PhysRevLett.66.2045
https://doi.org/10.1103/PhysRevLett.86.5482
https://doi.org/10.1103/PhysRevLett.86.5482
https://doi.org/10.1070/RM1977v032n04ABEH001639
https://doi.org/10.1142/S0129183101001584
https://doi.org/10.1017/S001309150002040X
https://doi.org/10.1103/PhysRevLett.82.520
https://doi.org/10.1038/30918

	Introduction
	Preliminaries
	Lyapunov exponents
	Configuration versus tangent space
	Tracking perturbations in tangent space
	Computing the Lyapunov exponents

	Damage spreading in CA
	Configuration space
	Damage spreading
	Lyapunov exponents
	Space-filling ratio

	Tangent space
	Damage spreading
	Lyapunov exponents

	Generalizations
	Boolean networks
	Multi-state CA
	Probabilistic CA


	An overarching approach: the Lyapunov spectrum of CA
	Applications of the Lyapunov spectra framework
	Class I
	Class II
	Period2 Class II rules
	Period > 2 Class II rules

	Class III
	Additive CA

	Class IV

	Investigating the Lyapunov spectrum of the Domany-Kinzel CA
	The Domany-Kinzel phase diagram
	Pesin's theorem
	Investigating the Domany-Kinzel CA on a small-world network

	Conclusions

