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Abstract

In this dissertation, we study the statistical mechanics of Boolean networks as a
simple model in class of heterogeneous complex systems. Boolean networks are used
as generic models of complex systems of many interacting units, such as gene and
protein interaction systems, neural networks and economical systems. They are par-
ticularly good examples of complex systems to study because they are relatively
simple, yet have a nontrivial dynamical phase transition. We investigate the sta-
tistical mechanics of how this model behaves and dynamical properties of random
Boolean networks at criticality.

First we study the dynamics of critical random Boolean networks and find what
the symmetry of the dynamics is. We propose a symmetry group, the canalization
preserving group, that describes the symmetry observed. The orbits of this symmetry
group consist of Boolean functions that have the same canalization values. Canaliza-
tion is a form of robustness in which a subset of the input values control the behavior
of a node regardless of the remaining inputs. We show that the same symmetry gov-
erns critical random discrete multi-state networks dynamics with higher number of
output values for each node. We investigate the criticality of random multi-state
networks, and show that the same canalization preserving symmetry governs the
critical multi-state networks dynamics as well.

We also study a particular dynamical property of critical random Boolean net-
works: their attractor length distribution. Using a known result that nodes relevant
to the dynamics on attractors at criticality can be divided into separate components,
we analyze the structure of these relevant components and how their dynamics com-

bine to find the distribution of attractor lengths. This is accomplished by mapping



the problem to the enumeration of binary Lyndon words. Using analytical argu-
ments we show that the attractor length distribution becomes scale-free in the large
network limit with a decay described by a critical exponent of 1. The universal na-
ture of this behavior is demonstrated by comparison to that of the evolved critical
state achieved through the playing of an adaptive game that selects for diversity of
node’s behavior, and that of the attractor length distribution of critical multi-state

networks.
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Chapter 1

Introduction

Complex systems theory is an interdisciplinary field that deals with systems consist-
ing of many interacting parts. It is agreed among researchers that complex systems
share some distinct features: many (often) heterogeneous parts, non-linear interac-
tions, and organization and collective behavior without an external force [69, 70,
36, 23]. These systems are common in different fields and everyday life. Physical
systems such as crystals, magnets, superconductors, non-linear fluids, granular fluids
are not only classical condensed matter systems but also examples of complex sys-
tems [5]. Ecosystems and biosphere [91, 55], urban societies [15, 18], economics and
markets [66, 67] and flocking or schooling behavior in birds [100, 31] are just some

other examples of the systems that show complexity in their behavior.

A common approach in modeling complex systems that has gained interest among
the physics community is to envision them as networks. Some of the complex systems

can intuitively be considered as networks, and some can be approximated as networks



(73, 30, 95, 4, 1]. A network consists of nodes or vertices that are the units of the
system and the interactions between them is modeled by the links or edges of the
network. Since nodes can represent many different type of entities, the abstraction
of complex networks allow one to compare the fundamental and statistical properties
of many originally diverse systems without the detailed knowledge of the parts of
the systems; a standard method in statistical physics. Moreover, there are many
useful tools in a physicist’s toolbox that can be used to quantitatively describe the
behavior of complex networks. These include concepts and methods from non-linear
dynamics and statistical physics. Non-linear dynamics gives a framework that can be
used to study the non-linear interactions of the system [96]. The physical concepts
of phase transition, critical phenomena and scaling that have been borrowed from
statistical physics are among the useful tools for describing and analyzing complex

systems theories [94, 42, 93, 1].

A particularly important tool that can be used is symmetry. The concept of
symmetry has played a pivotal role in the advancement of twentieth-century physics.
Accounting for symmetry can greatly simplify analysis and provide powerful insights
into the nature and behavior of physical systems. Group theory is the mathematical
framework that translates symmetry into suitable mathematical relations. Symme-
try and the theory of groups have proven useful in many areas of physics. In particle
physics, symmetries have become an indispensable tool of theory formation. It was
the classification of hadrons through representations of symmetry group SU(3) that

suggested common constituents for these particles and led to the Standard Model [45].



Likewise, in traditional condensed matter physics, symmetry is important for deter-
mining the behavior and characteristics of systems that range from the structure
of lattices to universal aspects of critical phenomena [57]. Complex systems often
differ from more traditional condensed matter systems because they consist of het-
erogeneous components [22|, which makes their analysis and achieving any sort of
general understanding of their behavior difficult. In the present work, one of the
main questions that we try to answer is: Can symmetry in heterogeneous complex
systems be exploited to simplify their analysis and obtain fundamental insights into

their dynamics?

In mathematical terms a network is represented by a graph. A graph is an
ordered pair G = (V, &) that consists of a set V of vertices and a set £ of edges,
where £ can be a set of ordered or unordered pairs of vertices [98]. Ordered pairs of
vertices correspond to directed graphs, and unordered pairs of vertices correspond to

undirected graphs.

When modeling a system with a network, in addition to the structure, or topol-
ogy, of the network, which is the way the nodes are arranged and interact with
each other, e.g. direction of the links, link weights, ..., one may define network dy-
namics [74]. The notion of network dynamics can refer to dynamics on networks or
dynamics of networks. In the first case nodes are individual dynamical systems that
are connected through static links. In other words, different dynamical processes
take place on a network with a fixed topology [8]. Dynamics of the networks refer to
the case where topology of the network evolves with time. Networks are adaptive, or

co-evolutionary, only if there topology and states evolve in an interdependent way



[49, 46, 48, 82]. In this work we focus on the dynamics on the networks.

Dynamical processes on networks can be divided to continuous and discrete dy-
namics. Reaction-diffusion models are examples of systems that have continuous
dynamics. Continuous dynamical systems are typically modeled using differential
equations. Cellular automata and Boolean networks are examples of systems that
have discrete dynamics. Difference equations can be employed to model these sys-

tems with discrete dynamics [75].

Boolean dynamics is arguably the simplest nontrivial discrete dynamics on a net-
work. Despite their simplicity, such networks, Boolean networks, show nontrivial
dynamical behavior. Hence, making Boolean networks ideal paradigmatic examples
of complex systems. They can be used to explore the fundamental dynamical prop-

erties of complex systems and to develop the tools needed to study these systems.

Boolean networks allow only for two possible states for each node of the network.
The reason that they are called Boolean is after George Boole who worked on an
algebra in which the values of the variables are the truth values true and false,
usually denoted by 1 and 0 respectively [24]. Boolean networks were first introduced
by Stuart Kauffman in 1969 [58] as a simple model for genetic regulatory systems of
biological cellular organisms. Each gene was assumed to be represented by a Boolean
node. An expressed gene that is transcribed is given a value 1, and the gene that is not
transcribed is given a value of 0. The links of the networks represented regulatory
mechanisms. Since then Boolean networks have been used to successfully model
essential features of many other systems in diverse fields including the wild-type

gene expression patterns of the Drosophila melanogaster segment polarity genes [2],



the regulatory sequences of models of Arabidopsis thaliana flowers [81], and the cell-
cycle network of yeast (S. cerevisiae) [62]. They have also been used extensively to
model other biological systems, such as neural networks [26, 104], as well as a wide
range of physical and social systems [3, 105, 25], including switching circuits [53] and

social groups within which consensus emerges through peer interactions [43].

In their original variant, also known as the N-K model, Boolean networks consist
of N nodes with binary output states, 0 or 1, that are connected by a directed graph
of uniform in-degree K describing their interactions. A network state is a N-tuple
of the network’s nodes output states. A particular directed graph G together with a
set of update functions F={f1,..., fx} defines a realization of a directed network,
(G, F), where each of the N nodes receives K in-links. Thus, every node has exactly
K inward pointing links, or in-links. The links can be assigned to nodes differently,
but since each link is an in-link on one side and an out-link on the other side, the
total number of in-links and out-links is the same. Therefore, the distribution of the
in-links and out-links can be different, but their mean value must be the same. Also,
the number of in-links of each nodes is fixed to the same value, K. This results in a
binomial distribution for the out-links with the mean K which becomes equivalent
to a Poisson distribution in the large network limit. Hence, the topology of the N-
K model is defined by its number of nodes, N, and its number of in-links, K. If
the topology of the network does not change during the dynamical evolution of the
network, the model is called quenched, whereas in annealed model the inputs of the

nodes are reset at every time step [32].

The Boolean network dynamics describes how the output states of the nodes



change with time. In the classical model of Boolean networks, the output state of
the nodes are updated synchronously. However, there are other possible updating
schemes such as deterministic asynchronous update where the updating order of the
nodes is defined once per realization and then stays fixed, and asynchronous stochas-
tic update where at each time step the node to be updated is picked randomly [41, 44].

In this work, we consider only the synchronous update scheme.

The output state of the nodes are updated synchronously and periodically, ac-
cording to the input each node receives from the nodes it is connected to by its
in-links, as follows. The state of node i at time ¢, s;(t), is the output state of a fixed

Boolean function, f;, assigned to node i,

Sl(t) = fz(Szl(t - 1)7 Si2(t - 1), PN 7SiK<t — 1)), (11)

where s;, (t — 1), 5;,(t —1),... , s (t — 1) are the states of the K nodes connected to
node ¢ by its in-links, at time ¢ — 1. Note that the Boolean function f;, in general,
varies for different nodes, which, along with the differences in their respective con-
nections in the directed graph, makes Boolean networks examples of heterogeneous

complex systems.

In random Boolean networks (RBN), which is the variant of the model mostly
considered in this dissertation, both the Boolean functions and the in-links are chosen
randomly. Each output function, f;, is assigned randomly from the set of all possible
Boolean functions with K inputs. Since there are 2% possible input sets for a Boolean
function with K inputs, and the output value of the function for each of those input

sets can have two values, the total number of possible Boolean functions with K



input 1 | input 2 || output
0 0 1
0 1 1
1 0 0
1 1 0

Figure 1.1: Example of a Boolean function with K =2 inputs. A Boolean function
specifies the output value for each possible set of input values. For K =2 there are
22 = 4 possible sets of input values. A Boolean function is fully defined, if output
values are fixed for all the possible input sets.

inputs is 22" Figure 1.1 shows example of a Boolean function with two inputs.

The dynamics of the network can be tuned by varying the choice of the sets of
Boolean functions F{fi, fa,- -+, fn} for each fixed K. Depending on the distribu-
tion of their Boolean functions, ensemble-averaged random Boolean networks have
two distinct phases of dynamical behavior: chaotic and frozen [33]. It should be
mentioned that all the properties of the Boolean networks that we consider here are
derived by averaging over ensembles of networks. This is because we are investigat-
ing common properties of the ensemble of networks and not the characteristic of a
specified network. One of the features that distinguishes these two phases is the dis-
tribution of network attractor lengths [12]. The sequence of a Boolean network states
of a network of size N is eventually periodic, and the network dynamics will always
eventually settle, in finite time, onto a periodic attractor. This directly follows from
the facts that (i) the overall number of possible network states, 2V, is finite and (ii)
the dynamics of the state of the nodes are deterministic. The set of states which end
on an attractor including the attractor’s states is called the basin of attraction. The

states that are not on the attractor itself but are in the basin, are called transient
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Figure 1.2: Attractors and basins of attraction of a small Boolean network. A
Boolean network (left panel, top) with 3 nodes, N =3, and two in-links per node,
K =2, is updated by the functions A, B, and C which are shown (left panel, bottom).
Each node receives 2 in-links from the other 2 nodes of the network. The black
double arrow lines between the nodes describe a pair of oppositely oriented directed
links. The corresponding network state space is shown (right panel). The size of the
network state space is 2V =23 =8, and each of the network states are shown. Grey
nodes have the output value of 0 and white ones have the output value of 1. The
red arrows show how the network states are updated. There are three attractors,
two of which are fixed points (attractors of length 1). The largest basin of attraction
includes 5 states, 4 of which are transients and the attractor length is 1. The largest
attractor length is 2 and the size of its basin of attraction is 2 as well.

states. Figure 1.2 illustrates these concepts for a small Boolean network.

In the chaotic phase, the attractor distribution is sharply peaked around an av-
erage period that grows exponentially with the network size. In the frozen phase,
on the other hand, the distribution of attractor lengths is independent of the net-
work size. At the critical point between the two dynamical phases, the attractor
length distribution obeys a power law distribution. It should be noted that this

is a generalization of the concept of phase transition from equilibrium systems to



non-equilibrium systems.

It is also possible to distinguish between the different dynamical phases of random
Boolean networks by their sensitivity to perturbations. The sensitivity to perturba-
tions can be measured by the normalized Hamming distance [50]. Two copies of a
network realization are updated for two slightly different initial states. The normal-
ized Hamming distance between the two networks is defined as the number of nodes
that are in a different state divided by the total number of nodes, N. Therefore,
the normalized Hamming distance between two copies that are perturbed away from

each other, after t updates, hy, is

1 1 2 2
he= 5 (61 (D) = sE()* (1.2)

If h; is small, the probability that one input of a node differs in the two copies can

be neglected, and the change of h; during one time step is given by
ht+1 - )\ht (13)

where A is called sensitivity [89] which is a measure of sensitivity to perturbations of
network states. In principle, in order to see the effects of perturbation of a network’s
state, the initial number of nodes states perturbed is not important. However, in
practice, the networks sensitivity to perturbations can be studied by perturbation of
one node’s state and studying how the perturbation propagates in the network with

time.

The frozen phase is characterized by small sensitivity, A < 1. In this case, a
perturbation of a network’s state, achieved by flipping a node’s value, propagates

to less than one other node on average per time step. In this phase, the output

9



states of the vast majority of nodes become frozen, after some transient time, and a
perturbation of a network’s state will eventually die out. The number and lengths
of the attractors of the network are not influenced by these frozen nodes and as a

result the attractors are short in the frozen phase.

On the other hand, in the chaotic phase the sensitivity is large, A > 1, and a
perturbation of a network’s state, achieved by flipping a node’s value, spreads on
average to more than one node per time step. In this case, even after long times
the majority of the nodes are not frozen and still their output states change. Thus,
attractor lengths can be very long, incorporating a large fraction of the whole state

space.

On the boundary between these two phases, where A=1, the dynamics is critical.
In this case, a perturbation in a network’s state neither grows nor shrinks on average.
Critical networks have always been of special interest because of their robustness
and evolvability, features considered fundamental to biological networks [102]. They
are also of particular interest in applications, since, for example, they can store
and transfer more information than frozen networks with static outputs or chaotic
networks with random outputs [77]. Figure 1.3 is shows how normalized hamming

distance and sensitivity behaves in different phases.

As mentioned above, critical networks have a broad, power law distribution of
attractor lengths [12, 20]. Power law distributions are scale free. Scale free behavior
is characteristic of condensed matter systems at continuous phase transitions, at
which there are no characteristic lengths or time scales [108]. As a result, unlike

away from criticality, only features that do not involve characteristic scales, such

10



as the symmetry properties and the dimension of the system, can be relevant to
the scaling behavior of the system. That is, at criticality, many of the details of
the system become irrelevant to its behavior. Because of this, systems that have
the same symmetry and dimension, but might differ in other ways, will display the
same essential behavior. This phenomenon is known as universality. Systems or
models that have the same behavior at the critical point are said to be in the same
universality class. To quantify critical behavior the scaling properties of the system
are studied. The scaling properties are quantified by critical exponents. A critical
exponent is the exponent of a power law distribution observed at the continuous
phase transition. For instance, the critical exponents at the liquid-gas critical point
is independent of the chemical composition of the fluid. They are the same for both
Nitrogen, Ny, and Methane, C'Hy [28]. A main goal of this work is to determine
if universal behavior exists in heterogenous complex systems and if so to find a

universality class of models.

Critical networks can be constructed by biasing the output values of the func-
tions towards homogeneous outputs. Biasing the output values of a function means
independently choosing each of the output values of the function to be 1 (or 0) with
probability p, or 0 (or 1) with probability 1 — p. If p=1/2, then all the different
functions are equally likely to be constructed, but if p # 1/2, there is a bias in favor
of constructing functions whose outputs are more homogeneous. Critical random
Boolean networks can be constructed by randomly choosing Boolean functions from

those constructed with a critical bias, p..;. The critical bias pe.;; is the bias value

11
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chaotic
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Figure 1.3: Schematic plots of the time evolution of normalized Hamming distance
and sensitivity. Panel (a) shows schematically how the normalized Hamming distance
evolves with time for different dynamical phases. Panel (b) shows sensitivity for
different phases.

that satisfies the equation [32]

1:2Kpcrit(1 _pcrit)- (14)

This criticality equation was derived by Derrida and Pomeau [32]. In order to
derive this equation, they introduced the annealed approximation method where
the in-links and the Boolean function of each node are reassigned at every time
step. This neglects possible correlations between nodes. They then considered the
evolution of the distance between two configurations of the same network, starting
from two random initial conditions. The annealed approximation of the evolution
of this distance has been shown to be exact in the limit of large system sizes even
when there are correlations between nodes [54]. Setting the distance to be 1 at the

boundary between the frozen and chaotic phases results in Eq. 1.4 for the criticality

12
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Figure 1.4: Phase diagram of random Boolean networks. K is the average in-degree,
and p is the bias of Boolean functions. The grey area corresponds to the chaotic
phase, while the white area show the frozen phase. The line separating two phases
is the critical line given by Eq. 1.4.

condition. From this equation one can determine the critical bias, p..;; for a given K,

or the critical average in-degree for a given bias. Figure 1.4 shows the phase diagram

of random Boolean networks and the critical line corresponding to Eq. 1.4.

Another order parameter that can be used to determine the phase transition
between the two dynamical phases and hence deriving the criticality condition is
the size of the stable core, introduced by Flyvbjerg [38, 37]. The stable core is the
fraction of nodes that evolve to constant states, and their states do not change after
some transient time. In the chaotic phase, in the limit of an infinite system, the size
of the stable core tends to a value less than 1, and it tends to 1 in the frozen phase.
The critical point is where this sharp transition happens. Both approaches predict

the same location for the critical line.

13



Figure 1.5: A simple loop vs. a complex loop. The left loop is an example of a simple
loop with no additional links. Each node only receives an input from the preceding
node on the loop. The right loop is a complex loop with additional links.

Not all nodes of the network contribute similarly to its dynamics [60]. Some
nodes have fixed outputs at all time steps, after the transient time, regardless of
their inputs, and are called frozen nodes. Non-frozen nodes can be either irrelevant
or relevant to the dynamics: A relevant node influences at least one other relevant
node, and is independent of the behavior of the irrelevant ones; while the behavior
of the irrelevant nodes are entirely determined by the relevant nodes. The concept
of relevant nodes was introduced by Flyvbjerg and Kjeer [39]. They realized that it
was only those nodes that fully determine the network dynamics. Moreover, the set
of relevant nodes can be partitioned into components that are disjoint subgraphs of
the network, the relevant components, and the dynamics of each relevant component

is independent of the others. [60]

It has been shown that in critical networks, in the limit of large network sizes,
the number of relevant nodes scales as N'/3 where N is the number of nodes [68]. A
finite number of relevant nodes have two relevant inputs, inputs from relevant nodes,

and a vanishing fraction of them have more than two relevant inputs [68]. The

14



relevant nodes naturally form themselves into groups called components that are
independent of each other [60]. It also follows that all relevant components except
a finite number of them form simple loops without additional links, also known as
simple components. In the limit of large network sizes, it is only the largest loop
that is not simple, i.e. it has additional cross-links [60]. Figure 1.5 shows an example

of a simple loop and a complex loop.

In this dissertation, we seek the answers to the questions mentioned earlier. We
want to find the role symmetry plays in the dynamics of heterogenous complex
systems, to determine if there exists a universality class of heterogenous complex
systems, and, if so, to characterize its characteristic universal scaling behavior. For
this we study the statistical mechanics of Boolean networks and a generalization
of them as prototypical examples of heterogenous complex systems. Our interest
is the mathematical physics of their critical properties. We first investigate the
symmetry of critical random Boolean networks dynamics. Then we study a specific
critical property of random Boolean networks that scales, namely attractor length
distribution, and find what its universal critical exponent is. In order to determine
if the critical behavior of random Boolean networks falls into a universality class,
we study the critical behavior of discrete multi-state networks [107], which are a
generalization of random Boolean networks, and compare their results with that of

Boolean networks.

In chapter 2, we study a manifestation of the symmetry of critical random Boolean
networks dynamics. Critical random Boolean networks with two and three inputs per

node are studied separately. Such networks with a uniform distribution of Boolean

15



functions are the most widely studied examples of Boolean networks. We investigate
the frequency of Boolean functions of the active nodes of the network. In order to
find the active nodes of the network, we implement a pruning algorithm that allows
us to calculate the frequency of different function types on the active nodes of the
networks. This is done both analytically and numerically. The analysis of different
function types reveals a symmetry of the critical random Boolean networks dynamics.

There are classes of functions that occur with the same frequency.

In chapter 3, we investigate the nature of the symmetry observed in chapter 2.
We find the characteristics of the functions that are in the same class, and propose a
symmetry group that corresponds to this symmetry. The newly proposed symmetry
group preserves canalization values of the functions. Canalization values show how
robust a function is to perturbations of its input values. The canalization preserving
symmetry group for any in-degree K will be described, and the smallest group for

K =2 will be found.

In chapter 4, we generalize random Boolean networks to discrete multi-state
networks with more than two possible output values per node. We look at the
criticality condition of discrete multi-state networks and introduce a new method to
describe the phase space of discrete multi-state networks. We calculate the frequency
of multi-state functions of the active nodes of the network with a variant of the
algorithm used in chapter 2, and show that canalization preserving symmetry group
is the symmetry group that can be used to describe the symmetry of critical discrete

multi-state networks. This suggests the existence of a universality class.
In chapter 5, we explicitly show that a universality class exists by studying a

16



particular scale invariant property of critical random Boolean networks and random
multi-state networks, and showing that its scaling behavior is the same for a range
of models. The attractor length distribution of critical random Boolean networks is
studied which obeys a power law distribution. We show that this scale-free behavior
is not exclusive to critical random Boolean networks dynamics, and we can see it
in other dynamics of random Boolean networks too such as an evolutionary game
played on the nodes that selects for diversity [78]. Discrete multi-state networks show
scale free power law distributions at the critical point as well. More importantly, we
show that the critical exponent of this distribution is 1 for all of these cases in the
limit of large network sizes. This confirms the existence of a universality class of
heterogenous complex systems. Furthermore, we present a plausibility argument to

explain this universal behavior.

Finally, in chapter 6 we present a short summary of the results in the thesis.
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Chapter 2

Function classes in critical random

Boolean network dynamics

2.1 Introduction

In this chapter we investigate the structure of the critical dynamics of random
Boolean networks. The dynamics of each node in a random Boolean network is
controlled by an independent, random chosen Boolean function. Specifically, we will
show both numerically and analytically that nodes contribute differently to the dy-
namics, depending on which Boolean function they have. Furthermore, we will show
that there exist classes, or sets of Boolean functions that cause the nodes whose dy-
namics they control to contribute equivalently to the critical dynamics when averaged

over a random Boolean network ensemble.
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As defined in chapter 1, nodes relevant to the dynamics of random Boolean
networks have been studied previously. For instance, the scaling behavior of the
number of nonfrozen, and relevant nodes of critical random Boolean networks have
been analytically studied [61, 68]. It was shown in previous work that the number of
nonfrozen nodes for any critical network with the in-degree greater than one, scales
as N?/3 where N is the total number of nodes in the network, while the number
of nonfrozen nodes with two nonfrozen inputs scales as N'/3 [61]. Furthermore,
the mean number of relevant nodes increases as N'/3, with only a finite number of
relevant nodes having two relevant inputs, and a vanishing fraction of nodes having

more than three of them [68].

We will further this investigation of relevant nodes by analyzing the distribution
of functions associated with such nodes, along with the canalization properties of
these functions. As was discussed in chapter 1, since relevant nodes determine the
dynamics of critical random Boolean networks, this investigation helps to understand
the symmetry and dynamical properties of these networks. We will show that the
distribution of the Boolean functions depends on how canalizing the functions are.
Canalization [101] has its roots in the study of evolutionary biology and is thought to
be a crucial feature that is helpful in explaining the stability of prototype expression
in biological systems. The concept was formed based on experimental observations
that certain developmental traits appear to control the expression of other traits.
Canalization suppresses the changes in phenotype expression that require develop-
ment to deviate from the canalized pathway. It has been used extensively as a form

of robustness in various network models. In the study of random Boolean networks,
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canalization has to do with some inputs controlling the output regardless of the re-
maining inputs [84]. It refers to the robustness of functions under perturbations of
their inputs; for instance, the extreme case of a constant function would be said to
be highly canalizing. Since relevant nodes control the dynamics of critical networks,
the question of how canalizing the relevant nodes of a critical Boolean network are,

is indeed an important one.

In this chapter, we analytically and numerically derive the distribution of update
functions on the nonfrozen core of critical random Boolean networks for two cases of
networks with K =2, and K =3 inputs per node. We use a variant of the method that
was first introduced by Flyvbjerg [38] and later developed by Kaufman et al. [61] to
find the nonfrozen nodes: starting from the nodes with constant functions, the frozen
core of the network can be determined iteratively. By setting up the corresponding
differential equations for this process, the average number of nonfrozen nodes with
a particular update function is found. Then, considering the effects of fluctuations,

the probability distribution of the update functions on the nonfrozen core is derived.

The reason that we consider the nonfrozen or active nodes of the networks rather
than the relevant nodes is that, as It will be shown below (Fig. 2.4), the relative
frequency of functions of the relevant nodes with respect to each other is the same as
the relative behavior of functions of the active nodes. Therefore, instead of consid-
ering relevant nodes, we can simply focus on the properties of functions of the active

nodes. This simplifies the calculations and reduces the simulations times.

We discover that classes of functions exist that have identical dynamical behavior.

It turns out that the functions that are in the same class have the same canalization
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properties, hence creating canalization classes. We will first consider critical Boolean
networks with K =2 inputs per node, and then investigate the case of K =3 inputs

per node.

2.2 Critical random Boolean networks with in-

degree two

2.2.1 Finding the active nodes

As stated in chapter 1, heterogeneous composition is often a feature of complex sys-
tems that distinguishes them from more traditional condensed matter systems. This
heterogeneity makes them complicated, but, as we will now see, also allows for novel
methods of analysis that can provide a fundamental understanding of their behavior.
In particular, one can look for symmetry among the heterogeneous components of a

complex system to find the nature of its dynamics.

In Boolean networks, one aspect of their heterogeneity is that nodes can behave
differently for identical sets of inputs. The responses of the nodes are dictated by
their output functions, which are heterogeneously distributed. Moreover, various
Boolean functions are generally utilized with different frequencies, and nodes with
different Boolean functions can play different roles in the dynamics of a network. To
look for a manifestation of symmetry in the dynamics in the critical state of random
Boolean networks, we will consider the distribution of Boolean functions utilized by

the nodes.
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Figure 2.1: Ensemble-averaged frequency of the Boolean functions used by all nodes
of critical random Boolean networks with in-degree K =3. Functions that have the
same frequency have the same homogeneity value. Five different homogeneity values
h are possible, as shown. The frequencies are normalized such that the sum of the
frequencies of all of the functions is unity.

We have simulated ensembles of networks constructed to be critical, by randomly
forming the function of each node with critical bias while maintaining the parity
between 0 and 1. This parity is achieved obtained by randomly choosing to bias the
output of each node’s function toward a homogeneous output of either 0 or 1, with
equal probability. This form of bias toward homogeneity of the output functions is
used, for simplicity, to maintain an overall symmetry between 0s and 1s in all aspects
of the networks’ structure and dynamics. Also, all networks that we consider here

have simple directed graphs describing the interactions of the nodes; that is, the

nodes have no self-interactions and receive at most one input from any other node.
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Figures 2.1 shows numerical results for networks of 10° nodes each with K =3
inputs, averaged over an ensemble of 10° networks. There are 256 possible Boolean
functions with 3 inputs, each of which occurs with a certain frequency. In this figure,
the functions are numbered from 0 to 255, in a manner that groups related functions

together [64].

The distribution of Boolean functions among all nodes of the network is shown
in Fig. 2.1. Five different frequencies are possible due to the internal homogeneity
of each function. Internal homogeneity, which is a measure of how homogeneous the
output of the function is, is defined as the fraction of the 2% outputs of a function
that are 0 or 1, whichever is larger [103]. For Boolean functions with 3 inputs, there
are 23=38 possible input sets, and the homogeneity of functions can take five values:
1, 7/s, /s, 5/s, and 4/s. The five different classes of functions occur according to the
binomial distribution of 1s and 0Os and the imposed symmetry between them. If the

homogeneity of a function is A, then its frequency is

178 _ _
Freq(h) — 5(Sh) [pfh(l _pC)S 8h +p§ Sh(l _pC)Sh}‘

We have shown the results of Boolean functions with 3 inputs, and not 2 inputs
here because the higher number of different possible frequencies for networks with
K = 3 makes it easier to see the class structure. There are 3 different frequencies
possible due to the internal homogeneity of each function for networks with K =2.

The corresponding homogeneity values of the functions are 1, 1/2, and 3/a.

Not all the nodes, however, have the same importance for the dynamics of the

network. Some nodes never change their output states, either because they have
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completely homogeneous output functions, or because they receive input from func-
tions with homogeneous output functions. These frozen nodes are irrelevent to the
dynamics of the network [14, 90, 60, 87]. This suggests that in order to find sym-
metry in the dynamics of the network, analysis should focus on the behavior of the

non-frozen, active nodes of the network and on their functions.

In order to find the active nodes of the network, which were defined in chapter 1,
all the frozen nodes of the network must be found and eliminated. Nodes can become
frozen either by getting inputs from constant or previously frozen nodes or by forming
self-freezing loops. Self-freezing loops are loops of nodes with canalizing functions
that can fix each other on their canalizing value, and therefore form frozen nodes [83].
It will be discussed later that if we develop critical random networks by biasing the
outputs toward homogeneity, self-freezing loops will not form. Therefore, we only
consider the first mechanism of frozen nodes formation. Thus, the frozen nodes in a
given network realization are found by first finding the nodes with constant functions
and then find the nodes that become frozen by receiving inputs from them. These
newly frozen nodes themselves can freeze some more nodes, and the process repeats

iteratively until the entire frozen core of the network is determined.

We consider an ensemble of networks of size N which are biased toward homo-
geneity by the critical bias, which is pe. =1/2 for K =2. The strategy to describe
this process analytically is to find the effects of a randomly picked frozen node at
each time step of the process on other nodes. To do so, we employ the stochastic
pruning method used in [61]. Here we use a variant of this stochastic pruning model.

Unlike the original variant of the model, which tracked only the number of active
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nodes through the pruning process, we track the independent progress of nodes with
various output functions. This is essential for our purposes because at the end, we
want to determine the distribution of output functions of the active nodes, and not

merely the number of active nodes.

First, we set up 16 urns, numbered from 0 to 15, one for each of the K =2 Boolean
functions. We call them original urns. Original urn ¢ contains all the functions
numbered i. We also have an urn called the frozen urn, F, where the frozen nodes
are put. The nodes with constant functions are obviously frozen because constant
functions give constant outputs at all time steps. Therefore, the initial number of
nodes in urn F' is equal to the initial number of nodes with constant functions. The
initial number of nodes in other original urns is the same as the initial number of

nodes with each of those function types.

Using these urns, the pruning process is defined as follows: At each step of this
process, we remove a node from the frozen container F' and compute its average effect
on the other nodes. Based on the canalization properties of each of the function types,
the nodes that receive input from this frozen input will either become frozen and go
to container F' or will remain unfrozen but effectively become a function with one free
input. If such a function receives another frozen input, it has no other choice than
to freeze. After considering all the effects of the chosen frozen node, it is eliminated
from the frozen urn. The process ends when F' is empty or all the nodes are frozen,

and then whatever is left in the rest of the urns are the active nodes.

To address the question of how canalizing the active nodes of the network are,

we need to find how many of the active nodes functions of the network are originally
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from each of the function types. In order to do so, we keep track of the initial type
of each of the nodes as they move from urn to urn. Hence, we should introduce
intermediate urns: {iK7; i=1 ... 15}. iK; is the urn corresponding to the K =1
functions that were initially in ¢ urn with function type 7, and received a frozen input

but did not become frozen. Initially, all these intermediate urns are empty.

After the process is finished, the nodes that are left in the urns (intermediate
and original) represent the nonfrozen or active nodes of the network. To determine
the frequency of active nodes with each of the function types, we sum the number of
nodes in the corresponding original and intermediate urns of a given function type.
For example, the nodes left in urn 4 plus the nodes left in urn 4K represent the active
nodes of the network that originally had number 4 functions. The difference between
the nodes left in these two urns is that active nodes in the original urn 4 are still
K =2 Boolean functions, whereas, the active nodes in 4K; urn have been effectively
converted to K =1 Boolean functions by receiving a frozen input. Functions in 4K,
urn have one active input, while functions in urn 4 have two. The numbering of
the functions is based on converting the binary output of the functions to decimal

numbers and is shown in Fig. 3.1 for K =2 Boolean functions.

The exact probability of each of these transitions from one urn to the other is
easily computed if we consider the geometric representation of functions. In addition
to defining a Boolean function by its output values, discussed in chapter 1, Boolean
functions have a geometric representation as well. The set of Boolean functions
with K inputs maps one-to-one onto the set of configurations of the K-dimensional

hypercubes with vertices that have binary states [84]. According to the geometric
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Figure 2.2: Hypercube representation of K =2 Boolean functions. F, is the prob-
ability that the function is canalizing by zero inputs, i.e.it is constant. P; is the
probability that the function is canalizing by one input (or by one input value). We
can define the total canalization value of a function as P=3P,. In this definition,
functions in class A (P=2) are more canalizing than class B, and B, (P=3), and
these two classes are more canalizing than functions in class C' (P=0).

representation, Boolean functions with two inputs are represented by squares, i.e.,
two dimensional hypercubes. Figure 2.2 illustrates the hypercube representation of
the 16 K =2 functions. The functions are categorized based on their canalization
values and homogeneity. Function categories of functions are labeled as function
classes A, B,, By, C. These different classes correspond to the group orbits of a
symmetric group, called Zyklenzeiger group, where hypercube rotations and parity
are the operators of the group [10]. Geometrically, it means that Different functions
that belong to the same class have the geometric property that they can be rotated
into each other by symmetry operations on the K-dimensional hypercube plus par-

ity. This symmetry group is important in an evolutionary game played by nodes

of random Boolean networks which selects for diversity of the nodes behavior [78].
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We use this evolutionary game through this dissertation as an example of a different
dynamics of random Boolean networks and compare its result with that of random
Boolean networks dynamics. Because of this, we use the Zyklenzeiger categorization

in most of the figures of this chapter.

The internal homogeneity and the Py (k=0, 1) values for each of the classes are
also shown in Fig. 2.2. Internal homogeneity, which is a measure of how homogeneous
the output of the function is, is defined as the fraction of the 2K outputs of a
function that are 0 or 1, whichever is larger [103]. For a Boolean function with K
inputs, P, (=0, 1, ..., K—1) is a measure of how canalizing the function is.
It is defined as the probability that the output of the strategy is determined if k
randomly chosen inputs are fixed, but the other inputs are allowed to vary. In the
hypercube representation, P is the fraction of K —k dimensional hypersurfaces of
the hypercube that are homogeneously colored. For example, for K =2 functions,
Py (which is the probability that a function is canalizing by zero inputs, or in other
words, the probability that it is constant) is the fraction of homogeneously colored
K —k=2—0=2 dimensional surfaces. P;, which is the probability that a function
is canalizing by one input, is the fraction of homogeneously colored K —k=2—1=1
dimensional surfaces (sides of the square) to the total number of one dimensional

surfaces (sides).

The probability that a K = 2 function becomes frozen by receiving a frozen
input is the probability that the function is canalizing by one input or by that
specific input value (P;). In hypercube representation, this is given by the fraction

of homogeneously colored sides of the square. The fraction of non-homogeneously
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colored sides represents the probability that the function does not freeze and instead
effectively converts to a K =1 function and moves to the appropriate intermediate

urn. Figure 2.3 shows these transition probabilities for each of the classes.

Neglecting the effects of fluctuations for now, we can write the equations that
describe the average change of the number of nodes in each of the urns. The equations

for a sample function, function number 10, are:

N
ANy = —Qﬁ
Ny N
ANor, = 210 Hot
NIO 10K,
AN = —1

The average number of nodes in urn 7 at a given time step is shown by N;, and
the total number of nodes is shown by N. To clarify these equations a bit more,
let us calculate how the average number of nodes changes in each urn. A number
10 function type, which is a K =2 Boolean function, chooses the randomly selected
frozen node from container F' with probability 2(%) (% is the probability of choosing

the frozen node among all possible N nodes of the network at that time, as an input.).

Nio

) nodes leave the

Assuming that at the moment there are Ny nodes in urn 10, 2(
urn as a result of this input choice. As depicted in Fig. 2.3, the probability that
choosing a frozen input freezes a function in B, class, which is the probability that

the function is canalizing by one input, is 1. In terms of the Zyklenzeiger group

5.

classification, number 10 function type is in class B,. Therefore, % . 2(%) of the
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Figure 2.3: The transition probabilities of the pruning process. The functions that
have the same canalization values have the same transition probabilities.
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nodes that have chosen the frozen input will become frozen, and are transferred to
the frozen container. The other half, that are not frozen, but have converted to
effective K =1 functions will be transferred to the 10K; urn. The same logic is
applicable for the other function types as well. Also, we note that at each time step,

a frozen node is eliminated from the network, therefore, we have AN =—1.

Dividing all the above equations by AN =—1, in the limit of large N, we get the
set of deterministic differential equations for the average number of nodes in each of

the urns:

dN1o _ Ny
dN N
dN10K1 N10K1 Nlo
— _ 2.1
AN N N (2.1)
dNr _ Np
dN N

These differential equations are written for all the 16 Boolean function types, as
is shown in appendix A. It gives a set of first order ordinary differential equations
that can be easily solved by the standard methods. Figure 2.4 shows the ratio of the
number of Boolean functions occurring on nodes that are active to the number at
which they occur on all nodes. Investigating this ratio, rather than the frequency of
the Boolean functions on active nodes, allows the effect of the initial conditions for
each fixed bias to be eliminated, and the functions to be properly compared. It also
shows the results of solving Eqns. 2.1. Both results are averaged over an ensemble of
critical networks of size N = 100000. One way to create a critical network is to bias

the outputs of the update functions toward homogeneity when defining each function:
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Figure 2.4: Comparing direct simulations with deterministic equations results. The
black circles and the dashed line passing through them is the result of direct sim-
ulations of active nodes of the network, and the blue circles show the results of
calculating Eq.2.1. The red triangles show the results for the relevant nodes of the
network. The error bars are 2 times standard deviation over network realizations.
The procedure of calculating the active to total frequency ratio for each of the func-
tion numbers is as follows: The final number of each type of function is calculated
for each method accordingly (direct simulations, solving differential equations, ... ).
Then this number is divided by the initial number of that function type in the initial
setting of the system, e.g.the initial number of each function type before pruning
for the active nodes functions. Then these ratios are normalized by their sum. An
ensemble of 5000 critical networks each of which have N = 100000 is considered.
The functions are numbered from the most canalizing (function number 0) to the
least canalizing (function number 15), which is not the numbering shown in Fig. 3.1
and used in the differential equations.
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for any combination of inputs, 1 or 0 is assigned as an output with probability p,
and the other output value with probability 1—p. Critical random Boolean networks
occur when the relation 2K peit(1—perie) =1 is satisfied [32]. For the case of K =2
functions, this equation is solved when p = % (i.e. when the update functions are

chosen completely randomly).

In addition to comparing the results of direct simulations of active nodes, real
networks, with the results of mean-filed approximation, Fig. 2.4 shows the results of
direct simulations of relevant nodes. The number of relevant nodes functions is cal-
culated by adding one pruning step further to the real networks simulations [61].The
two direct simulation results are within each other’s error bars, and this means that
for our purposes instead of focusing on the relevant nodes, we can look at the behav-
ior of the functions on the active nodes of the network. In this figure, the functions
are ordered based on their canalization values, from the highest canalizing to the
lowest canalizing. It clearly shows that there exist function classes that occur with
the same frequency. For K = 2 there are three function classes and the functions
that are in the same class have the same canalization values. Moreover, it can be

seen that the active nodes with more canalizing function types occur less frequently.

The mean-filed approximation captures the overall behavior correctly, but as it
does not predict the total number of active nodes correctly [61], neither does it

predict the frequency of each class accurately.

It should be noted that if one looks at the differential equations written for the
change of the average number of nodes of each function type (see appendix A),

without even solving the equations, it can be seen that the functions that have the
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same canalization values, also have the exact same equations. This confirms the
numerical results of the existence of function classes. Therefore, in the rest of this
chapter, instead of writing the equations for each function type separately, we write
the equations for each function class, and we have an urn for each function class
and not each function type. This will prove particularly useful as K increases, since
as K gets larger the number function types grow exponentially as 22K, hence the
number of differential equations to study. Also, in order to compare the results of
Boolean network dynamics with that of the evolutionary game mentioned earlier in
this chapter, we consider the Zyklenzeiger function classes for writing the equations.
For K =2, there are 4 Zyklenzeiger classes, labeled as A, B,, By, and C. They are a
subset of the 3 function classes we discovered for critical random Boolean networks
dynamics, labeled as A, B, and C. Classes A, and C' are the same in both cases, but

class B divides into to classes in the Zyklenzeiger group categorization.

2.2.2 Potential problems

It is important to note that although we have obtained our numerical results here,
through an implementation of the pruning process, one could simply naively look
for the active nodes of a network by following the output states of the nodes on
the network’s attractors. Critical random Boolean networks can have multiple at-
tractors [88, 13, 12, 21, 90]. The active nodes are the ones whose output values
change over the course of some attractor. Hence in principle, one should examine
the behavior of the nodes on all of the attractors to find the active ones. If this

is done, an identical number of function classes should be detected through such
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a naive approach. On some attractors though, otherwise active nodes may become
frozen through dynamical processes not associated with pruning [71], for example, by
forming so-called self-freezing loops [83]. Therefore, the total number of active nodes
found by using the naive approach may still be less than that found with a pruning
process. Under particular conditions concerning the initial distribution of Boolean
functions among the nodes, which are not met in the case we have considered here,
self-freezing loops can be an important contributor to the frequency of active nodes.
For all other initial function distributions, the contribution from self-freezing loops
vanishes in the large network limit [68]. In this case, the difference between using a
pruning process and using the naive approach is negligible, and the vast majority of

the frozen nodes are found by the iterative pruning process.

Also, we mentioned that the pruning process continues until there are no frozen
nodes left in the frozen urn. It has been recently argued [71] that this boundary
condition might be too strict, and for K higher than 4 it does not find all the frozen
nodes. Nevertheless, it has been shown [71] that the qualitative features of the found
frozen core by the pruning process is the same as the actual frozen core. Therefore,
this does not affect our conclusions regarding the canalizing properties of the active

nodes for K's higher than 4.

2.2.3 Effects of fluctuations

In section 2.2.1 we neglected the effects of fluctuations and instead focused on a

mean-field description of the process of finding the nonfrozen nodes of the network.
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However, the effects of fluctuations are clearly important as can be seen from the

results in Fig. 2.4.

Since the number of nodes that are transferred from an urn to another one occurs
with a known average rate, and each transfer is independent from another one at a
different time step, the number of nodes that are transferred from an urn to another
one at each time step has a Poisson distribution around that mean value. For ex-
ample, the number of nodes that leave urn B,, and choose a frozen node as input is
Poisson distributed around the mean of 2(%) with a variance 2(%) The same
is true for all the other urns. In this section we find the probability distribution of

the number of active nodes functions in each function class using the Focker-Planck

equations.

Since the fluctuations are inversely proportional to different powers of /N, in the
limit of large network sizes that we consider in order to make the calculations easier,
a noise term will be added only to the mean-field equations of the urns with the
largest fluctuations (smallest powers of %) This gives us the Langevin equations.
By solving the deterministic differential equations, it can be shown that the variances
of the urns B, K4, By K1, and C'K; are larger than the variances of all the other urns.
As the total number of nodes left in the urns gets smaller during the pruning process,
(N/N™ — (), the fluctuations in these three urns become larger relative to the other
urns. However, we also need to consider the fluctuations in container F'. Although
the variance of F' is small compared to the three mentioned urns, we have to consider
the effects of fluctuations in this urn due to the small number of nodes in it when

the process nears completion (ie. when the size of F' reaches zero). The differential
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equation for F' becomes:

ANy Nr Ne
AN SN TN TS

where £ is the noise term. Following the same argument as presented in [61], this
noise term can be considered as Gaussian distributed noise with zero mean and unit

variance, and the Fokker-Planck equation for the process will be:

OP(Np, N 0 N N,
e ) - -y ) P(NE N+

B Ne 182P(NF,N)
ON ~ ONg' N N

2 ON2

(2.2)

where P(Npg, N) is the probability that N nodes are left in urn F' when N nodes
are left in total. In order to derive this equation, note that, in general, if we have a

stochastic differential equation of the form
dXt = [I/(Xt, t)dt + th 2D(Xt, t)

then the Fokker-Planck equation for the probability density f(x,t) of the variable

Xt 18

D 0 ()t + (D) (w.1)

where 1(Xy,t) is called the drift coefficient, D(Xy,t) is the diffusion coefficient, and
W, is the Wiener process. In this case, the drift coefficient is (% + %), and the
the diffusion coefficient is 1/2, which gives us the above Fokker-Planck equation for

the pruning process.
By changing the variable to
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the Fokker-Planck Eq. 2.2.3 will become

o Ly (= +y3/2)8—f+ Lo
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This equation can not be solved analytically [61]. But instead the change of variables
can be used to numerically tackle the problem. With this change of variables W (),
which is introduced [61] as the probability that N nodes are left in total when the

number of nodes in urn F' is zero, in terms of P(Ng, N), will be:
W(N) = / P(Np,N)dNp — / P(Np,N —1)dNy
0 0

a o
= (9_N/0 P(Np,N)dNp

Nim' Y 0 /oo
= (— — x,y)dx 2.3
Cr i [ ) 23)
it _a/3
= (—— G
(=5~) ()
where = N]%‘n - %, and G(y) is called the scaling function.

Since there is a one to one relation between the total number of active nodes and
the number of active nodes in each of the urns, finding W(N) results in finding the

probability distribution of number of active nodes of all the other urns. For urn By,
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for instance, we will have:
W(N)dN =W (Np,)dNpg,

Having the probability distribution functions, we can calculate the average number
of active nodes of each of the classes analytically. We need to add the appropriate in-
termediate and original urns to find how many active nodes were originally from each
function class. The following solutions are derived for all of the classes (excluding

class A since all of the functions in that class are frozen):

NBa = /NB NB dNB /NBa

— /(NBa + Nk, )W(N)d

Nini Nmz
= i(—ﬁ )2/3/yG(y)dy

N
NBb = /NBb NBb dNBb /NBb
— [ oy N )WV d

= ﬁ(T)Q/S/?JG(?J) dy

Nznz
Ne = / NeW (N¢) dNg = / NeW(N)dN

= / (No + Nex,)W(N) dN
= Ném M 2/3 _ N 1/3 2
25w () /yG(y)dy (=5~) /y G(y)dy

The average values of the number of active nodes of each of the classes depend on
some integrals involving G(y). Therefore, instead of numerically guessing G(y) first
and then integrating it, used in [61], we first simulated the stochastic differential

equations for large network sizes (N =100 000), and integrated over the G(y) function
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Figure 2.5: Comparison of direct simulations, mean-field results, and analytical cal-
culations. The data in black squares are the results of direct simulations of the active
nodes, and the blue circles and the line passing through them show the results of
calculating Eq.2.1. The red solid line shows the results of analytical calculations.
Results are for an ensemble of 5000 networks with N = 100000. The functions
are numbered from the most canalizing (function number 0) to the least canalizing
(function number 15). The error bars are 2 times standard deviation over network
realizations.

directly. We numerically integrated over this function that is derived from Eq.2.2.3
to produce the values for of the various integrals. This method is expected to get

more accurate results than numerically guessing G(y) to find the desired integrations.

Figure 2.5 shows the results of simulating the real networks, calculating Eq. 2.1
and the analytical results. These results were computed using an ensemble consisting
of 5000 critical networks with N = 100000 nodes. By increasing the size of the
ensemble we get smaller error bars over the network ensemble, and by increasing the

size of the networks, the analytical results get closer to the direct simulation results.

Two important points can be deduced from this graph:
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i. The results derived by simulating the stochastic process, i.e., Langevin equations,
are within the error bars of the real network results. This means that these two
data sets are statistically similar, which confirms our method. It also indicates
the importance of including the effects of fluctuations. There is an obvious

discrepancy between the direct simulations and mean-field results.

ii. The frequency ratio of the active nodes functions to the initial number of those
functions clearly shows that more canalizing functions appear less frequently in
the active nodes of critical random Boolean networks. In fact, the only charac-
teristic of the functions that determine their function class is their canalization

values.

2.3 Critical random Boolean networks with in-

degree three

There are 22° = 256 possible Boolean functions with K =3 inputs. In order to find
the function types of the active nodes, a set of differential equations for each of
the function types can be written. If one does that it can be easily seen that the
functions that have the same canalization values have exactly the same equations.
Hence, based on our discussion in section 2.2.1, we write the differential equations for
the change of the average number of nodes for Zyklenzeiger classes of functions, and
show that the critical random Boolean network dynamics have a higher symmetry

for K =3 as well, and even some of the Zyklenzeiger classes behave similarly and
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converge in the light of symmetry that controls critical random Boolean networks

dynamics.

According to Zyklenzeiger symmetry K =3 functions can be classified in 14 differ-
ent classes based on their canalization, internal homogeneity, and parity symmetry.
Note that parity is necessary to distinguish classes for K = 3, but not for K = 2.
Table 2.1 shows the classification of these functions with their corresponding Py and
internal homogeneity values. Figure 2.6 illustrates the hypercube representation of a
sample function in each class. Each function is depicted by a cube (three dimension
hypercube). The probability that a function is canalizing by one input, P, is the
fraction of homogeneously colored surfaces, and the probability that it is canaliz-
ing by two inputs, P5, is the fraction of homogeneously colored edges. Obviously,

constant functions are represented as homogeneously colored cubes.

2.3.1 Finding the active nodes

Following the same method used for the case of K =2, first we need to set up the
appropriate urns to keep track of the original classes of the active nodes. We will
have 14 original urns corresponding to the 14 Zyklenzeiger classes. For the case of
K =3, two intermediate steps are possible for a node to become frozen by receiving
frozen inputs. Each of the K = 3 functions essentially becomes a K = 2 function
provided that they do not become frozen by receiving a frozen input. These newly
formed functions have another chance to receive a frozen input in the next step, and

turn into a K =1 function. The K =1 functions have no other choice than to become
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Figure 2.6: Geometric representation of a sample function from each of the 14 classes
of the K =3 Zyklenzeiger group.
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Class A B C, ¢, D E F, k, F. G H, H, I J
Size 2 16 24 6 48 24 8 8 24 48 6 24 16 2
B 1 0 0 0 0 0 0 0 0O 0 0 0 0 0
P 1 3 3+ 5 & & 0 0 0 0 0 0 0 0
Pl § 3 5 % 3 3 2 3 v o3 3 10
h 1 7 3 1 5 3 3 1 L 5 L 1 5 1

8 4 2 8 4 4 2 2 8 2 2 8 2

Table 2.1: The fourteen class division of 256 K=3 functions.

frozen if they choose a frozen input. Therefore, in addition to the original urns and
urn F', we have two types of intermediate urns. The first type corresponds to the
functions that have received a frozen input but have not yet become frozen, and
have turned into a K =2 function effectively. These urns will be of the form X B,,
X By, and XC, where X shows the initial class of the function. There will be 23 of
these urns. The second type of intermediate urn corresponds to the functions having
already tuned into one of K =2 functions in previous steps, which receive another
frozen input. Those functions that still do not freeze turn into K =1 functions, and
constitute these urns. They will be of the form X B, K, X B,K;, and XCK,, where

X shows the initial class of theses functions. There will be 23 of these urns as well.

As before, the process of determining the frozen nodes of the network starts with
transferring all the nodes with constant functions (class A) to the frozen urn F,
since they are by definition frozen. Then at each time step of the pruning process,
a frozen node is chosen randomly from F', and is thrown away after its effects on
the rest of the network is determined. Depending on how many nonfrozen inputs
are left for each of the functions, there is a probability that they choose the picked

frozen node as an input, and based on their canalization properties they might freeze
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Figure 2.7: The transition probabilities of moving nodes with a sample function in
class G between different urns. The functions that have the same canalization values
have the same transition probabilities.

or turn into a lower K function. The probability of each of these transitions can
be easily calculated by looking at the geometric representation of the functions. We

will concentrate on nodes with functions originally from class G, as an example, and

follow them step by step to see how they become frozen.

If a node is initially in class G, it has three nonfrozen inputs. Therefore, with
probability 3(%) it chooses the randomly picked frozen node. The probability that

it becomes frozen is the probability that the function is canalizing by one input,
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which is the fraction of homogeneously colored surfaces of a function in class G. As
depicted in Fig. 2.7, this probability is zero; hence, this class of functions does not
become frozen by freezing only one of their inputs. When a K =3 function chooses
a frozen input, it behaves effectively like a K = 2 function. In other words, the
cube representing the K = 3 function is projected onto one of its surfaces, which
represents one of the K =2 function classes. Recalling the square representation of
K =2 functions from the previous section, the probability of being transferred to
any of K =2 function classes is simply the fraction of those type of function surfaces
(squares) on the cube. In this case, as illustrated in Fig. 2.7, it is projected to the
B, class, and goes to GB, urn with probability 2(3). With probability 3(3) it is
projected to the By class, and is transferred to GB;, urn. Finally, with probability
% it goes to urn GC. If a node is initially in any of the GB,, GB,, or GC' classes,
by choosing a frozen node, with probability 2(5), it effectively turns into a K =1
function. Thus, it is projected to one lower dimension, which is a side of a square. If
there is any homogeneously colored edge, there is a probability that the node freezes;
otherwise it goes to an urn of type GXK; (where X can be B,, By, or (). Again
by looking at the square representation of K =2 functions, it is obvious that % of
the edges of functions belonging to classes B,, and B, are homogeneously colored.
Therefore, a node with G B, function, for instance, has a 50% chance of freezing, and
with probability % it goes to urn GB,K;. Finally, a GB,K; functions chooses the

frozen node as input with probability % and freezes.

We can write the following equations for the average change of the number of
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nodes in each of the urns described above:

ANg = —3%
ANgp, = %-3%—2%{’3‘1
ANgp, = 2-3%—2N;Bb
1 _Ne _N
ANge = B'SWG_Q%
ANgp,k, = N]C{}Ba - NG]%Kl
ANop, = ~of — Semm
ANcer, = QNAG[C - Nc;\ole

The same argument is applicable to the rest of the function classes, and we can
set up the same deterministic set of equations for the average change of the number
of nodes in each of the urn. This would lead to the set of differential equations for the
number of nodes in each of the urns. We will not write these 65 differential equations
here, but will show the final results in a graph. Like before, we can simulate the de-
terministic equation set and find the number of active nodes of each of the function
classes. At each step of the pruning process, a frozen node is picked randomly, its
effect on other nodes is studied, and then it is eliminated from the network. This pro-
cess continues until there is no frozen node left in urn F'. In addition, as was explained
before, we need to add the appropriate intermediate urns to find out how many of the
active nodes are originally from which class. For example, after the pruning process
is finished the sum (Ng + Ngp, + Nas, + Noco + Nep,k, + Nk, + Nack,) gives

the number of active nodes that originally had a function in class G.

Figure 2.8 shows the results of this deterministic process as compared with
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Figure 2.8: Comparison of the results of the direct simulations with mean-field cal-
culations. The results of direct simulations of the active nodes is compared with
that of mean-field calculations for an ensemble of 100 000 networks with N =100 000
nodes. The blue line shows the mean-field results, and the red dots are the results of
direct simulations of active nodes. The statistical errors are small compared to the
symbol sizes.
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ensemble-averaged results of direct simulations of the active nodes. Not surpris-
ingly, since we have not considered the effects of fluctuations yet, the results from
the deterministic process do not compare well with the real network simulations. In

the next section we will consider the effects of fluctuations in our analysis.

2.3.2 An alternative method of creating critical network en-

sembles

In the rest of this section, we will discuss an alternative way by which one can make
an ensemble of K = 3 critical networks, which is not the method we used in this
chapter. When a Boolean network is at the critical point, the damage caused by
randomly flipping the value of one of its nodes spreads on average to one other node
in the network. This can be quantified by sensitivity that is defined for small damage
distances by the ratio of damage distance at time t41 to the damage distance at time
t. If sensitivity is one, the network is at the critical point. Moreover, sensitivity can
be shown to be K times the probability that the output of a node changes when one
of its inputs changes. This probability is different for different classes. By definition
of P,, we know that this probability is equal to 1 — P, times the probability of being
in each class function. Therefore, we have the following equation for the sensitivity

(M) of K =3 networks:

N = 3.2 2fa PG, 2 Np 1N 10E 10
<4 Nini * 3 Nini * 3 Nini * 12 Nip; * 2 Nini 2 Nip; * 2 Nin;

1NpY LT N L Nipt 2 Ng' 3N N Nf,m>
2Nini 12Ny 3 Nii 3 Nini 4 Nini Nini
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By setting the sensitivity equal to one, we get the relation between the initial numbers
of nodes in different classes that makes the network critical. In other words, if we
choose the initial number of nodes in each of the classes in a way that this equation

is satisfied, it is guaranteed that network will be in the critical phase.

However, computationally, we used another method to generate critical networks.
This is done by biasing the output of the Boolean functions. If we put K equal to
three in the criticality condition 2K peit(1 — perit) = 1, we can solve for the bias (p)
that makes the network critical. In all the simulations of this paper, we have used
the second method; we biased the outputs toward homogeneity with the appropriate

value to generate the critical network used in our analysis.

2.3.3 Effects of fluctuations

In order to produce more accurate results we need to consider the effects of fluctu-
ations. Therefore, the goal is to find the probability distribution of the number of
active nodes in each of the initial function classes so as to get a better approximation
for the average number of active nodes functions with different function types. We
first compare the fluctuations of the different urns by solving the deterministic differ-
ential equations. The effects of fluctuations will be considered only in the urns with
the largest fluctuations, which in this case are urn F', and urns of the form XY Kj.
The reason is that the variance of choosing a frozen node is much larger in XY K;
type functions, and that the number of nodes in urn F' gets smaller as we approach

the end of the pruning process. Adding appropriate noise terms to the deterministic
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differential equations we get the Langevin equations.

Following the same argument as in [68], a Gaussian noise term with zero mean
and unit variance will be added to the deterministic differential equation of urn F'.

We get:

dNp N

_ N N
AN N\ yini

+=L+¢

2 !

where o and ' are constants depending on the initial number of nodes functions of

some of the function classes, and are defined as:

v — Nlnz'(§ND +§NG +NFa+NFb +NFC _2TLJ _QNI _§NB)
g = N - (3N} +§ I +§ E +§ ¢+ Ny + Nigy)

Hence, the corresponding Fokker-Planck equation of this stochastic differential

equation will be:

, N 192P(Ng, N)

2

OP(Ny),N) 8 (Ng N
ON 0N +al g

N
where P(Npg, N) is the probability that N nodes are left in urn F' when N nodes

are left in total.

If we generate critical networks by biasing the outputs of the functions toward

homogeneity (p=0.768 for K =3), then we have o« = 0.0015, and £ = 0.153. This

N

means that we can neglect the term a(z37)* compared to the term ,Bl(NLn) in the

large network size limit, V;,; — oo. This is because the number of active nodes is
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always smaller than the initial number of nodes, the term proportional to (
is much smaller than the term proportional to (%), and can be neglected in the
large N limit. It even gets smaller as the pruning process gets closer to its end.
There is only one situation where we need to consider the a(s3%)? term- namely,
when 3 is zero. This corresponds to the case where some of the function classes are
initially empty. It has been shown that for a critical network of this type (8" = 0),
the pruning process that is used here does not reveal all the frozen nodes [61]. It
neglects the nodes that become frozen by forming self-freezing loops, and not just by
receiving frozen inputs. An additional step needs to be added to find the self-freezing
loops, and eliminate them from the network. However, here by biasing the output

of the functions to generate critical networks we do not consider networks for which

3’ is zero.

Neglecting the term proportional to (55)? we get the following Fokker-Planck

equation:

N 1 0*P

oP & Ny
~ TP T N

“oN —on. W P

Using the same change of variables we used before:

_ Nr
TN
N

fla) = (S ) P(Ne,N)

the W(N) function will be:
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W(N) = aN/ P(Np, N)dNp

:(Nl)l/i” \/_/ f(x,y)dx

-
- DL [ i
- ) an)

The final step to find the average number of active nodes of each of the 14
classes, is to find the G(y) function. It can be seen that for these calculations we
only need some integrals involving G(y) ([ yG(y) dy, [ y*G(y) dy, and [y*G(y) dy).

Therefore, the plot of (%)2/31/1/(]\[) versus ———- which shows G(y) can be used to

(Nlnz/ﬁ
numerically calculate the desired integrals. These integrals recalculated numerically

using the graph of G(y) as shown in Fig.2.9.

As an example, the following equation shows the average number of active nodes

originated from class G:

Ng = / NeW (Ng) dNG = / NeW (N)dN

= /(NG + Nay, + Nay, + Noc + Nap,r, + Nap,r, + Necx, )W (N) dN

1 sz 1 1 Nznz sz
’ /y3G(y) dy — =~ (—)4/3/y20(y) dy

4sz (5’) Q(sz) B/
ZNém sz 2/3/
+ i (—ﬂ, ) yG(y) dy

where the appropriate intermediate urns are added to find the total number of active
nodes, which were originally in class G. Note that we have also used of the fact that
W(N)dN = W (Ng) dNg. Figure 2.10 compares the results of the number of active

nodes of different function classes derived by direct simulations, pruning equations,
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Figure 2.9: The plot of G(y) function. The function G(y) is plotted for different
network sizes. The black dots show the results for networks of size 100. The red
squares are for networks of size 1000, the green dashed line show the results of
networks of size 10000 and the blue line is for networks of size 100 000.

and using the analytical results. It shows that:

i. The relative frequency of the relevant nodes of different classes is the same as that
of the active nodes of the critical random Boolean networks. Therefore, we can
focus on active nodes rather than relevant nodes to understand the canalization

behavior of different function types of the network.

ii. The results derived by simulating the stochastic process, i.e. ,Langevin equations,
are within the error bars of the real network results. This means that these two

data sets are statistically similar, which confirms our method.
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Figure 2.10: Comparison of the results of the direct simulations with analytical
results. The results of direct simulations of the active nodes is compared with that
of analytical calculations for an ensemble of 100 000 networks with N =100 000 nodes.
The red line shows the analytical results, and the black dots are the results of direct
simulations of active nodes. The statistical errors are small compared to the symbol
sizes.

iii. The frequency ratio of the active nodes functions to the initial number of func-
tions clearly shows that more canalizing functions appear less frequently in the
active nodes of critical random Boolean networks. In fact, the only characteristic

of the functions that determine their function class is their canalization values.

2.4 Summary

In this chapter we investigated the structure of the critical dynamics of random

Boolean networks. We analytically derived the frequency of the different types of
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Boolean functions among the active nodes of critical random Boolean networks since
these nodes are relevant to the network dynamics. By setting up a set of differen-
tial equations that determines the active nodes through a pruning process, we can
find the average number of active nodes functions. Then, considering the effects of
fluctuations, the probability distribution of the number of active nodes is accurately
calculated. We found that in critical networks the frequency ratio of active nodes
functions by the total number of functions is inversely correlated with their canal-
ization values, and there exist classes, or sets of Boolean functions that cause the
nodes whose dynamics they control to contribute equivalently to the critical dynam-
ics when averaged over an RBN ensemble. The existence of these function classes
can be discovered both analytically and computationally. From analytical point of
view, by writing the differential equations set up for different function types during
the pruning process, it is obvious that function types that have the same canalization

values have the same differential equations with the exact same coefficients.

The existence of function classes is a manifestation of the symmetry of critical
random Boolean networks dynamics. This shows that not all different function types
contribute differently to the random Boolean networks dynamics. The functions that
are in the same class are said to be symmetric with respect to each other, and their
common feature is their canalization values. In the next chapter we explore the
nature of this symmetry in critical random Boolean networks dynamics, and try to

describe it in group theory language.

It should be noted that we have done the calculations and simulations for networks

with K =2, and K =3 critical random Boolean networks. But the methods used can
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be easily generalized to any in-degree K. In general, we can conclude that in critical
random Boolean networks with any in-degree K there exist classes of functions on

the active nodes of the network, and their dynamical behaviors are identical.

In principle, the methods developed in this chapter are useful more broadly for
heterogeneous complex systems. In particular, in chapter 4 we show that they can
be used for a broader class of heterogenous complex systems than Boolean networks,

namely discrete multi-state networks.
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Chapter 3

Symmetry of critical random

Boolean networks dynamics

3.1 Introduction

Complex systems often differ from more traditional condensed matter systems be-
cause they consist of heterogeneous components [22], which makes their analysis and
achieving any sort of general understanding of their behavior difficult. A question
that naturally arises then is: Can symmetry in heterogeneous complex systems be
exploited to simplify their analysis and obtain fundamental insights into their dy-
namics? In order to answer this question, it is essential to determine the role that
symmetry has in controlling the behavior of these systems, and what it can tell us
about their structure. It is also important to know whether symmetry can be used

to distinguish systems with different dynamics.
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In this chapter, we explore the role of symmetry in the dynamics of critical
Boolean network models of complex systems. In particular, we consider symmetry
in the behavior of the active nodes that we studied in chapter 2. This approach
contrasts with studies of complex networks that have considered symmetry in the
topological structure of the links, such as Ref. [65]. By analogy with other condensed
matter systems, it is expected that the importance of symmetry will be most evident

in critical networks, at the continuous transition, “at the edge of chaos” [59].

For this, we look more closely at the frequency distribution of the heterogeneous
Boolean functions of the nodes that remain active on an attractor in critical networks
studied in chapter 2. It was shown in chapter 2 that there are classes of functions,
related by symmetry, that occur with the same frequency ratio. Here, we will deter-
mine the nature of this symmetry and show that it is related to preserving a form of
network robustness known as canalization, which is of importance in developmental
biology [101]. Canalization preserving symmetry is also compared and contrasted
with that of the dynamics of an evolutionary game played by the nodes, that selects
for diversity in their behavior [78] in order to show how different dynamics at the
critical state correspond to different symmetries. Finally, we discuss how our results
demonstrate the usefulness and power of using symmetry for characterizing complex
network dynamics, and point to potential new approaches to the analysis of complex

systems.

Please note that many of the results of this chapter are published in Ref. [56].
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3.2 Nature of symmetry of the critical dynamics

Both the simulation and the analytic results in chapter 2 have shown that there are
classes of functions that produce equivalent, symmetric behavior. Indeed, as we have
seen in Eqns. 2.1, the equations for the urns that contain nodes with functions that
are in the same class are identical, making the symmetry of the output functions
explicit. Accounting for this symmetry allows for the calculations described in the
previous section to become dramatically simplified. That is, it is not necessary to
have separate urns for nodes with each different function or even function pairings.
Instead, merely considering a collection of urns containing all nodes that have func-
tions in the same class yields identical results. So what is the nature of the symmetry
between functions in critical random Boolean networks that produces this identical

behavior of functions in a class?

From the description of the pruning process in critical random Boolean networks
in section 2.2.1 one can see that functions are in the same class, if they have the same
probability of becoming frozen at each stage of the pruning process. In general, this is
true when fixing up through K — 1 inputs for functions with K inputs. That is, if for
Boolean functions with K inputs the quantities P, are defined for k=0,1,... , K —1
as the probability that the output of the function is determined if £ randomly chosen
inputs are fixed, but the other inputs are allowed to vary, then functions with the
same set of P, values are in the same class. The function classes of the critical
dynamics are uniquely determined by their set of P, values. The number of such

classes is 2, 3, 10, and 46 for functions of K =1, 2, 3, and 4 inputs, respectively.
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Figure 3.1: Ising hypercube representation of the 16 Boolean functions with in-degree
K =2. The decimal numbering of each function is given inside its corresponding Ising
square representation. The canalization values, Pys, and the internal homogeneity, h,
of the functions are also shown. In a hypercube representation, Pj is the fraction of
K —k dimensional hypersurfaces of the hypercube that are homogeneously colored.
In this case, since K =2, P, is 1 if the function is a frozen function, represented
by a homogeneously colored square, and is 0 otherwise. P; is the fraction of the
homogeneously colored edges in the representation of the function. Functions with
the same set of Pys and h are grouped together.

The ability of a Boolean function to have its output become fully determined,
so that it becomes frozen, when only a subset of the input values are specified, is
a property known as canalization, introduced in chapter 2. Subsets of inputs that
control the output of a Boolean function in this way are called canalizing inputs.
Long recognized as a property of developmental biological systems [101], canalization

is thought to be important because it allows greater evolutionary variation, hidden

behind canalized traits, without potentially deleterious effects [102]. How canalizing
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a Boolean function is can be quantified by its set of Py values. Figure 3.1 shows the

canalization values of different functions with K =2 inputs.

The symmetry of the critical state of random Boolean networks, then, is that
which preserves canalization. Having the same set of P, values defines an equivalence
relation between Boolean functions with the same number of inputs, and a set of
functions with the same set of P, values form an equivalence class. The group that
describes the canalization preserving symmetry has these equivalence classes. These
equivalence classes are also orbits of that symmetry group; the functions in a class

map into each other through symmetry transformations that are elements of the

group.

For Boolean functions with K =2 inputs, the smallest symmetry group we have
identified that has the correct function classes has 48 symmetry operations. This
group can be generated by three symmetry operations that we designate as R, N
and P. These are shown in Fig. 3.2. R is counterclockwise rotation by 90 degrees
in the geometrical representation of the functions, P is the parity operation that
maps output 0 into output 1 and vice versa, and N is a pruning operation that
maps functions onto one another that have different internal homogeneity but the
the same canalization properties. The presentation of the group generated by the

relations between these symmetry operations is

{R*=N?=P2=1] (RN)®=1IRP=PR,NP=PN},

where [ is the identity operation. The structure of this group can be seen in the

Cayley diagram shown in Fig. 3.3. In this diagram, nodes represent the elements of
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Figure 3.2: Generators of the minimal canalization preserving symmetry group for
Boolean functions with K =2 inputs. The identity operation and the three operations
that generate the group are indicated by their mapping of the set of 16 Boolean
functions with K = 2 inputs onto itself. The first column depicts the unchanged
Boolean functions, or equivalently the identity operation I. The other columns show
the effect of the symmetry operations rotation R, pruning N, and parity P on each
of the functions, respectively. Functions are listed in the first column consistent with
the groupings in Fig. 1.1.

the group, and directed edges of the graph connecting them represent the effects of
the generators of the group. That is, an edge, F, from element e; to element ey shows
that E - e; =e,. In this case, edges with different colors correspond to the effects
of the different generators of the group. If only rotations are considered, which

are indicated by the red arrows, the diagram consists of 12 disconnected squares.

Combining parity, shown by the black arrows, with rotation pairs the 12 squares into
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6 disconnected cubes. Finally, the cubes become interconnected with the pruning

operation, shown by blue arrows.

Figure 3.3: Cayley diagram of the minimal canalization preserving symmetry group
for Boolean functions with K =2 inputs. The elements of the group are the nodes
of the graph, shown as gray dots. Directed edges of the graph indicate the effect
of combining one of the group generators with an element. Arrows with different
colors correspond to the effect of the 3 different generators of the group; rotation R,
pruning N, and parity P operations are shown as red dashed, blue dotted, and black
solid arrows, respectively.

Function classes, or orbits, do not, however, uniquely determine a symmetry
group. Indeed, one can find more than one symmetry group for each value of in-degree
K that preserves canalization. This is because the critical state may have additional
symmetries, which will be reflected in the complete symmetry group of the dynamics.
The actual symmetry of the critical dynamics of networks with K = 2 may, thus, be

larger than the minimal group depicted in Fig. 3.2. Ideally, one would like to find
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the smallest group that describes all symmetries of the critical dynamics of networks
for each value of K. This remains a difficult, open question. Nevertheless, the orbits

manifested by a dynamics can be used to distinguish it from other dynamics.

3.3 Symmetry in other dynamics

The fact that the various Boolean functions behave symmetrically and can be grouped
together into classes that characterize the symmetry is not restricted to critical ran-
dom Boolean networks dynamics. The symmetries of other types of dynamics of
Boolean networks can be manifested analogously, and a similar analysis to that de-
scribed above can be done to determine the symmetry in those cases. Consider, for
example, the adaptive dynamics mentioned in the introduction, in which the nodes
compete in an evolutionary game that causes the network to self-organize to a crit-
ical state [78]. This game evolves the output functions used by the nodes through
an extremal process [6, 80] that uses negative reinforcement [29] to select against
majority behavior [110]. One step of the process, which occurs on a long time scale
referred to as an epoch, starts with some random initial state of the nodes, and finds
the dynamical attractor. It then targets a node for evolution by finding the one
whose output is most often aligned with the output of the majority of nodes over
the period of the attractor, and replaces its output function with a randomly chosen
Boolean function. The process continues indefinitely, evolving the output function
of one node each epoch. Over time, the set of output functions used by the nodes

evolve through the process to promote diversity among their dynamics [10].
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Through the evolutionary dynamics of the game it has been shown that a network
will evolve to a critical state, evidenced by a power-law distribution of attractor
periods [78]. The evolved state is a steady state, in the sense that ensemble-averaged
properties are time-independent. For networks of nodes that each have K inputs,
depending on the value of K, this occurs over a wide range of bias p with which the
new Boolean functions are randomly chosen to replace those of the targeted nodes
that lose the game [85]. Networks with K =3 inputs per node will self-organize to
a critical steady state even when the new Boolean functions are unbiasedly chosen,
that is, chosen with p=1/2. Note that, as described earlier, the game’s evolutionary
process will alter only the nodes’ output functions; it does not explicitly alter the
directed edges describing the regulatory interactions of the nodes. Nevertheless, the
process does effectively alter the edges, making the process effectively an adaptive
one that co-evolves both node and edge dynamics [47]. This is because some inputs of
the output functions can be rendered effectively irrelevant through canalization. This
makes their corresponding input edges effectively irrelevant, and thus, as the output
functions evolve, so will the directed graph that describes the effective regulatory

interactions [84].

An analysis along similar lines to that described above for finding symmetry in the
critical state dynamics can also be done to find symmetry in the adaptive dynamics
of the evolutionary game. In order to do so, however, the distribution of output
functions of all of the nodes should be studied. This contrasts with our analysis
of critical state dynamics of random Boolean networks, where the distribution of

output functions of only a subset of the nodes, active nodes, was studied. This
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difference is due to the fact that the adaptive dynamics of the game directly affects
the distribution of all the output functions, whereas critical dynamics involves only
a subset of nodes. Indeed, if an analysis of the distribution of the output functions
of nodes that are active on attractors, similar to what we have done for random
Boolean networks constructed to be critical, is done on the networks evolved to a
critical state by the game, then canalization preserving symmetry, not Zyklenzeiger

symmetry, will be found.

For large networks of K = 3 inputs, it has previously been shown that the
ensemble-averaged distribution of output functions used by all of the nodes in the
evolved steady state of the game has 14 different classes, not the 10 found for critical
state dynamics [84]. Thus, the symmetry of the adaptive dynamics of the evolution-
ary game differs from that of the critical state dynamics. In the case of the game,
the symmetry corresponds to that of the K-dimensional Zyklenzeiger group, which
consists of octahedral symmetry operations combined with the parity operation [84].
The 3-dimensional octahedral symmetry operations are 24 proper and 24 improper
rotations of the Ising hypercube [51], which together with parity operator, P, make
the Zyklenzeiger group a group of order 96 [52]. The orbits of this group correspond
to the 14 classes of Boolean functions. The functions that are in the same class are
mapped into each other by the elements of the Zyklenzeiger group. The hypercube
representation of one representative function from each class is shown in Fig. 2.6 of
chapter 2. All of the rest of the 256 functions can be obtained from these represen-
tative functions through the Zyklenzeiger operations. These 14 Zyklenzeiger classes

are labeled from A to J, according to the canalization properties of the functions in
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the class. Additionally, those functions labeled C', F', and H, form multiple classes,
designated with subscripts, to distinguish those with the same canalization proper-
ties but different internal homogeneity and parity symmetry [10]. The 10 function
classes of critical network dynamics result from combining the Zyklenzeiger classes
designated with subscripts. Thus, some of the canalization preserving classes split
to make the Zyklenzeiger classes. This suggests that the actual canalization preserv-
ing symmetry is a higher symmetry than the Zyklenzeiger group, and therefore that
the critical dynamics of Boolean networks have a higher symmetry than does the

adaptive evolutionary game.

Still there are other dynamical symmetries for Boolean networks. In the case
of large networks of K =2 inputs, it has been shown that the 2-dimensional Zyk-
lenzeiger group has 4 orbits that correspond to the 4 classes of output functions of
the evolved steady state of the game [84]. This behavior is different from that of
the critical state dynamics of random Boolean networks with 2 inputs that we saw
earlier, which has 3 orbits, reflecting the distinct dynamics of these systems. Also, if
the evolutionary game is played on finite size networks, the Zyklenzeiger symmetry is
broken, and the evolutionary dynamics is controlled by the input-inversion subgroup
of the Zyklenzeiger group [64]. This is because finite size effects force the nodes to
co-operate differently, and hence change the underlying dynamics. This subgroup has
46 classes for functions with K =3 inputs. Another example of a different dynam-
ics on Boolean networks is threshold Boolean networks, for which the output values
of nodes of the network change depending on the comparison of the sum of their

input values and a threshold value. These networks can be used to model genetic
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regulatory and neural networks [86, 109]. Since threshold networks have a different
dynamics from the evolutionary game and the random Boolean networks, one can
expect to find a different symmetry that controls their dynamics, but the number of

orbits that results from this dynamics is not yet known.

Here we see that different dynamics are controlled by distinct symmetries of the
critical state, and as a result distinct symmetry groups. The characteristic features
of the functions that divide them into classes give insight into the behavior and
structure of the networks. For instance, the fact that canalization properties are the
characteristic features that classify the functions of critical random Boolean networks
tells us how the active nodes form a substructure of the network. Moreover, if one
knows the symmetry of the critical state a priori, it makes the analytical description
of the system much easier, because in such a description each class of functions can
be reduced to a single entity. This indeed shows that using symmetry can be a

powerful method for analysis of the behavior of critical Boolean networks.

3.4 Summary

In this chapter, we have shown that symmetry can be used to obtain fundamental
insights into the dynamics of heterogeneous complex systems. These systems consist
of components that can behave heterogeneously in the system’s dynamics. When
the dynamics has a symmetry, that symmetry can be manifested in the way that
the heterogeneous components behave, causing classes of different components to

behave in a similar, symmetric manner. By comparing the behavior of the various
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components, characteristic features of the symmetry can be discerned. Different
types of dynamics can be manifested differently, allowing them to be distinguished.
Furthermore, the symmetric behavior of classes of the components can be exploited

to reduce the complexity of analytic models of their behavior.

To concretely demonstrate how symmetry is manifested in and can be used to help
understand the dynamics of heterogeneous complex systems, we have used critical
random Boolean networks as prototypical examples. Random Boolean networks
are ideally suited for this purpose because they are relatively simple models that
have heterogeneous structure and their constituent parts have their own dynamics.
This heterogeneity occurs through the differing output functions of the nodes and
through the directed edges defining the regulatory node interactions. Importantly,
there is also a continuous transition in the nature of the dynamics of random Boolean
networks. Like other condensed matter systems, their critical states at the continuous
transition are scale invariant, making symmetry particularly important and apparent.
For this reason, we have chosen to focus on the critical state properties of random

Boolean networks in order to be as clear as possible.

We have shown that the symmetry underlying the critical dynamics of random
Boolean networks is revealed by the ensemble-averaged likelihood that nodes with a
given output function remain active on the dynamical attractors. Using numerical
simulations, we found that the ratio of the number of nodes utilizing a particu-
lar Boolean function that are active on dynamical attractors to the number of all
nodes utilizing that function depends solely on the function’s canalization properties.

Canalization describes the ability of a function to have its output fully determined
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by a subset of its inputs, thus rendering the remaining inputs irrelevant. That is,
all functions with the same canalization properties have the same likelihood of be-
ing active. Thus, there is a symmetry between all Boolean functions with the same
canalization properties. Using an analytic model of the critical dynamics involving a
stochastic pruning process that is able to accurately reproduce our numerical results,
we showed that the symmetry between nodes that have output functions with the

same canalization properties becomes explicit.

Symmetry of Boolean networks was contrasted with the symmetry underlying
the adaptive networks dynamics of a game that governs the evolution of the output
functions in a way that causes the network to self-organize to a critical state. It
was previously shown that classes of functions exist for this evolved state. For large
networks, these classes are orbits of the Zyklenzeiger symmetry group, which is dis-
tinct from the canalization preserving symmetry group. For finite-size networks, a
breaking of the Zyklenzeiger symmetry is known to occur, which causes the function
classes to split. Other symmetries that may underlie other types of dynamics of
Boolean networks, such as threshold adaptive dynamics, [63] could manifest them-
selves through similar methods of analysis that compare the frequency with which
the various heterogeneous output functions are utilized by the nodes involved in the
dynamics. Symmetries of Boolean network dynamics that appear in this way will
always reflect point group symmetries, since Boolean functions are discrete and fi-
nite. In more general types of heterogeneous complex systems, however, symmetries
among the heterogeneous components can also be continuous. That is, if instead of

heterogenous Boolean functions, heterogeneous continuous functions are assigned to
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the nodes of the network, the underlying symmetry may be reflected by continuous
symmetry groups. It would be interesting to extend the ideas and tools developed

in this chapter to the more general cases of systems with continuous symmetries.

Finally, we note that in the analysis of the critical dynamics of Boolean networks
presented here, we appealed to a prior understanding of the dynamical process in
order to explicitly see its symmetry. Such prior understanding, however, is not
required. In fact, our approach to understanding heterogeneous complex systems
through analyzing the symmetry of the behavior of different components may find
its greatest benefit when used in empirical analyses of the behavior of experimental
complex systems for which there is no understanding at the outset. In these cases, as
we discussed, a direct empirical study of the behavior of the heterogeneous network

components on the various dynamical attractors can be made.

In the next chapter we consider a generalization of Boolean networks to investi-
gate wether they have the same symmetry of critical dynamics. If the same canal-
ization preserving symmetry governs their dynamics, this would suggests that all of
these systems and models are in the same universality class of heterogenous complex

systems.
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Chapter 4

Symmetry of critical discrete

multi-state network dynamics

4.1 Introduction

In this chapter, in order to show that the methods we developed to characterize
heterogeneous complex systems are general and can be applied to models beyond
Boolean networks, we study the critical dynamics of a class of models that are a
generalization of Boolean networks, multi-state networks [107]. First, we investigate
the criticality condition of multi-state networks with a new method to describe the
phase space of multi-state networks. Then, we find the symmetry of dynamics of
the critical state based on the distribution of the functions assigned to the active
nodes of the network. Based on the same pruning process used for Boolean networks

in chapter 2 and 3 that searches for the active nodes of the network, we can also
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predict the distribution of different function types on the active nodes of the network.
We show that the same canalization preserving symmetry, as in Boolean networks,

controls the critical discrete multi-state networks dynamics.

From a statistical mechanics point of view, random Boolean networks can be
seen as variation of the Ising model where the topology is no longer a lattice, but
interactions are now directed, random, and non-local. The number of interaction
partners, K, is still fixed. The generalization of Boolean networks to multi-state
networks is analogous to the generalization of Ising model to Potts model on lattices.
The big difference is that in both the Ising and the Potts model one can readily
write down and solve the Hamiltonian, while for multi-state networks and Boolean
networks since the interaction between units are directed and typically asymmetric
a Hamiltonian (energy function) does not exist [49]. The dynamical properties of
multi-state networks can be approached in terms of damage spreading [92]. It is
known that, like Boolean networks, they show a phase transition at some critical
point which depends on the ensemble of functions assigned to nodes of the network
and on K [107]. There are two dynamical phases: chaotic and frozen. A perturbation
of one node’s state propagates on average to more than one node at one time step
in the chaotic phase, while it spreads on average to less than one node in the frozen
phase. At the critical point the damage spreads on average to a single node per time

step.

For simplicity, we start with ternary networks where the possible number of
output states per node is three, S =3, and then generalize our results to to multi-

state networks with larger S.
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4.2 Criticality condition

Multi-state networks are a class of discrete dynamical systems. The outputs of the
nodes of the networks take values in discrete, finite sets and develop in discrete time

steps. At each time step, the value of a variable is determined by an update rule
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Figure 4.1: Ternary plots showing the phase diagrams of MSNs with S=3 (ternary
networks) with K = 2 and K = 3 in-links per node. All the points in the grey
area inside the equilateral triangles are all possible biases that are the solutions of
the equation p + ¢ + r = 1.The circles are the criticality circles. All points on the
circle and inside the triangle are critical points of the network. While, (p, ¢, r)-tuples
inside a criticality circle lead to chaotic dynamics, those in the remaining cusps of
the triangle lead to frozen dynamics. For the case of K =2 ternary networks, the
contact point of the criticality circle and the ternary plot is the critical point of the
corresponding Boolean network. For instance, the point (x,y)=(0.5,0) in the ternary
graph is (p, ¢, 7)=(0.5,0,0.5) in the pgr space according to Eq. 4.4. This is the critical
point of a Boolean network with K =2 in-links per node. The two possible output
values of this Boolean function can be either {0,1} or {0, 2}, or {1, 2}, depending on
what biases p and r are toward.

that deterministically depends upon the values of some of the other variables at the

5



previous time step, much like the Boolean networks dynamics.

Ternary networks are discrete multi-state networks where each node can have
three possible states, for instance o; € {0,1,2}. Each node receives K in-links
randomly chosen from the N nodes of the network. Self-links and multiple edges
may be forbidden or not. We do not consider self-links and multiple edges, but it
does not change the results reported here. Also, a ternary function, a function that
has three possible output states, is assigned to each node of the network. If the
functions are chosen randomly form the set of all possible ternary functions as well,
then the network is called random ternary network. Overall there are 33" function
types. In general, for a multi-state function with S states, there are S5 possible
function types. The functions determine the value of their assigned nodes at each
time step. The variables of a node’s function are the previous-time-step values of
K nodes which give in-link to that node. The functions of the network not only
determine the dynamics of the nodes, but their distribution also determines the

dynamical phase of the network.

Functions can be defined by their output values. In order to define a ternary
function, similar to a Boolean function, the output values of all the possible input
sets, 3% for ternary functions, must be fixed. Table 4.1 shows a ternary function
with 2 inputs, K =2. When constructing the functions, one can bias the outputs
towards different values. For instance, a ternary function can have bias p towards 0,
bias ¢ towards 1, and bias r towards 2. This means that the probability that a given
function delivers 0 is p, ¢ is the probability that 1 is the function’s outcome, and 7 is

the probability that 2 is the outcome. Since 0, 1, and 2 are all the possible outputs,
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it is obvious that p 4+ ¢+ r=1.

Input 00 01 10 11 02 20 22 12 21
Output 0 1 2 0 0 2 2 1 1

Table 4.1: Example of a ternary function, S=3, and with 2 inputs, K =2.

The criticality condition for multi-state networks relates the average number of
in-links, K, with the average probability for the functions to yield two different values

for different arguments, P, [107]:

— 1

Kcrit - ? (41)

If S =2 this equation simplifies to the well-known criticality condition of Boolean
networks Eq. 1.4 discussed in chapter 1, which states that if the functions are chosen
with a magnetization bias p, the criticality equation guarantees that the ensemble of

networks is critical.

For §=3 the criticality equation becomes

2K [pg+(p+)(1—(p+9) = 1, (4.2)

where p and ¢ are the biases of the ternary functions, and r is replaced with 1 —
(p + q). Here, P in Eq.4.1 is replaced with pg + (p + ¢) (1 — (p+¢)). This is
because the average probability for the function to yield two different values for
different arguments is equal to the probability that the output of the function is o
times the probability that by changing the argument of the function the output is
something other than o. In order to get the average probability we should sum over

all o € {0,1,2}.

7



Figure 4.2: Phase diagrams of MSNs with S =4 with K =2 and K =3 in-links per
node. All the points in the grey area inside the tetrahedron are all the possible biases
solving equation p + q + r + t =1.The spheres are the criticality spheres. All points
on the sphere surface and inside the tetrahedron are critical points of the network.
While (p, g, r,t)-tuples inside a criticality sphere lead to chaotic dynamics, those in
the remaining cusps of the triangle lead to frozen dynamics. The intersections of the
criticality sphere and the tetrahedron are the criticality circles of the corresponding
ternary network, one on each side.

A convenient way to visualize the criticality condition of ternary networks is to
use ternary plots. A ternary plot or ternary diagram is a barycentric plot which
displays the proportion of three variables that sum to a constant. These plots are
widely used in physical chemistry, metallurgy, and other physical sciences to show the
compositions of systems composed of three species [106]. In the case of our ternary
functions the sum of the three biases is 1, p + ¢ + r =1. Therefore, all the points

inside the triangle in Fig. 4.1 are the solutions of this equation. In other words, all

the possible (p, g, r)-tuples lie within this triangle

The ternary plots are shown in terms of the coordinate axes x, and y. The (z,y)
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pair can be converted to the (p, g, r) triple as follows:

p = T— =

r = 1-(p+q

However, not all points of the ternary plot make a critical ensemble of networks.

Converting Eq. 4.2 to the xy-coordinates we get

(Dl

This is the equation of a circle in the ternary plots coordinates, where the radius of
the circle depends on K, the average number of in-links of each node. We call it
criticality circle because all the points that are on the circle and inside the triangle
correspond to critical biases. The points of the intersection of the triangle with the
criticality circle correspond to the case where one of the biases is 0. In fact, all of
the points on the edges of the triangle are the ones where one of the biases is 0. If
one of the biases is 0 it means that the function has only two possible output values
or in other words it is a Boolean function! It can be easily shown that these critical
points are exactly the ones that are predicted by the criticality equation of Boolean
networks, Eq. 1.4. Figure 4.1 shows two 2D ternary plots, each of them corresponding

to a different value of K, and hence different radius.

Ternary diagrams can be easily generalized to higher dimensions. In general, crit-
ical biases are given by the points on a (S —1)-sphere inscribed into a (S —1)-simplex,
where the radius of the sphere depends on K. If S=4, then the (S—1)-simplex plot
will be three dimensional. We will have a regular tetrahedron instead of the equilat-

eral triangle, and the criticality circle will become the criticality sphere. As before,
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the points that are on the surface of inscribed sphere correspond to the critical bi-
ases. This time there are four biases, since we have four possible states for each node.
Figure 4.2 shows two 3-simplex plots, each of them corresponding to a different value
of K. The circles formed by the intersection of the sphere and each of the triangular

sides, correspond to the criticality circle of the ternary networks, where S'=3.

4.3 Symmetry in function frequencies

Here, we want to use the ideas and methods we previously applied to random Boolean
networks in chapter 2 and 3. We want to find a manifestation of the symmetry of
the dynamics of the critical multi-state networks, and compare it with that of the

random boolean networks.

We start with ternary networks with two in-links per node, where S = 3 and
K =2. Again, since active nodes determine the network dynamics, we look at their
behaviors. For the nodes which are active even after a transient time, we count which
ternary function occurs how often. In other words, we find the function frequency
on the active nodes of the network. To make sure that the overall number of each
function type is not correlated with number of that function on the active and frozen
nodes, we divide it by the overall number of that function type. Figure 4.3 shows
the ratio of the functions used by active nodes divided by the ones used by the total
nodes of the network. We know from the Boolean case that the update functions are
generally utilized with different frequencies and nodes with different functions can

play different roles in the dynamics of a network [56].

80



0.99 — | =

direct simulations
deterministic equations

-—- stochastic equations

0.98

0.97

0.96

©
\O
K

active/initial ratio
o
o
()]

0.92

0.91

1 | 1 | 1 | 1 | 1 | 1 | 1 | 1 | 1 | 1
2000 4000 6000 8000 10000 12000 14000 16000 18000
function number

=
Nl
98]
S B R S N
I

0.9

Figure 4.3: Function ratios for ternary networks with N =1000 nodes, K =2 in-links
per node and biases p = ¢ = 1/6, averaged over an ensemble of 107. The (black)
crosses are the results of direct simulation an ensemble of 107 network realizations,
the (solid) orange line is solution of the deterministic equations, the (dash-dot) red
line is the numerical solutions of the stochastic equations including a noise term.
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In Boolean networks, a pruning process of the nodes of a network allows to nu-
merically determine the average number of active nodes with each function type in a
stepwise procedure [61, 68]. The pruning process is discussed in details in chapter 2

and 3. Here we use the same process to determine the active nodes of the networks.

As before, to calculate the average number of each function type during the
pruning process we need to set up a system of urns. If we use the urn system blindly,
we should set up an urn for each type of function, and for ternary networks with
even 2 inputs per node it will be at least 33" =3%" = 19683 urns. Instead, we exploit
the symmetry that we see in Fig. 4.3. There, we can see that functions group into
classes that occur with the same frequency. The functions that are in the same class
are dynamically equivalent. Therefore, we consider each class of functions as one
entity, and write the change in the average number of functions in these classes. It
should be emphasized that one would get the same results if instead they looked at

each of the 19683 functions separately.

For the ternary networks with two in-links per node there will be 11 urns. There
are b original urns and 5 intermediate ones. The 5 original urns correspond to the
five classes of functions seen in Fig. 4.3. When a node receives a frozen input it
might become frozen or not. If it becomes frozen it is moved to the frozen urn, but
if does not freeze it will be moved to an intermediate urn. The nodes that are in
the intermediate urns have already received a frozen input in the previous steps, and
have functions that have effectively less open inputs. In the case of K =2, there is
only one intermediate step, therefore, one intermediate urn for each original urn. If

K was three there were two intermediate steps, and so on.
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We can write down the following set of equations for the change in the average

number of nodes in each urn:

N 2 9N, N
ANQZ—QWZ ANgKl :éf—QTKI
N 3 9N, N
AN, = —2W3 ANag, = & TS - ‘”TK
N 4 2N, N
AN, = —2#‘ ANug, = ¢ TA‘ - % (4.5)
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In the above equations, AN; is the change in the average number of nodes in
the ith class, and AN;k, shows the change in the average number of nodes in the
intermediate urn associated with the class i. The N;s, and N;k,s show the average
number of nodes in each urn, and N is the total number of nodes at each step. Since
in this case K =2, this means that there is a probability of 2x1/N that a node in each
of the original urns receive a frozen input from all N possible choices and leaves the
original urn. That is why the change in AN;=—2N,/N. For each intermediate urn,
the change in their average number of nodes is of the form (1 — P;;)-2N;/N — Nk, /N.
This means that of the 2/V;/N nodes that have already received a frozen input and

have become effectively a K =1 ternary function, 1 — Py; of them does not become
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frozen and end up in the corresponding intermediate urn, and P;; of them become
frozen and are moved to the frozen urn. Also, all the nodes in the intermediate
urns will become frozen upon receiving another frozen input, appearing as —N;g, /N
term. The pruning process stops when the effect of all the frozen nodes on the other

nodes of the network has been considered, i.e. Np < 0.

s (EE B 1 BT I

Po 1 0 0 0 0 0
Pj 1 4/6 3/6 2/6 1/6 0
Class
Size 3 54 264 2484 7128 9750

Table 4.2: The 6 different canalization preserving classes of ternary functions with
K =2, along with the corresponding canalization values Py and P;, and number of
functions in each class. A geometric representation of a sample function from each
function class is also shown.

P;s are the canalization values of the functions. Table 4.2 shows the canalization
values of the ternary functions with two inputs per nodes. In the table, a sample
function is chosen from each of the function classes with the same canalization value.
The canalization values of the ternary functions, like Boolean functions [84], can be
easily calculated by looking at their geometric representation. Each ternary function
can be represented with a different coloring of a hypergrid. The dimension of the

hypergrid depends on the number of in-links per node, K, and the color of a grid

point corresponds to the output value of the function for that particular input set,
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which is in fact the coordinates of that grid point. Increasing S results in having
more coloring for the grid points. A function with S possible output states requires

S different colorings for the grid points.

Figure 4.3 shows the results of solving Eq. 4.5 and comparing it with direct sim-
ulations. As it can be seen in the figure the numerical solutions of Eq. 4.5 does not
predict the direct simulation results precisely. This is because we have not considered
the effects of fluctuations which can be done using the method applied to random
Boolean networks in chapter 2 and 3. A noise term is added to the deterministic
equations. Since the number of nodes in the frozen urn becomes very small at the
end of the process, the effects of fluctuations is large in that urn. Therefore, we add a

Gaussian noise term with zero mean and variance one to the equation for the frozen

urn [61]. We have

42Ny Nag, 3 2N3+N3K1+2 2N,
6 N N 6 N N 6 N

Nyg, 1 2N5  Nsg,
—_ 1+ = -1 4.6
+ N * 6 N - N N & (46)

ANp

where (€)=0, and Var(¢)=1. It should be noted, however, that unlike the critical
Boolean networks where the adding the Gaussian noise term leads to accurately
predicting the direct simulation results [56], for ternary networks we get the best
fit by multiplying a coefficient of 0.55 to the Gaussian noise term. The error bars
on this coefficient are not clear, and given the existence of statistical and potential
systematic errors the possibility of 0.5 as the coefficient is not excluded. Figure 4.3
compares the results of direct simulations and the deterministic equations with and

without fluctuations.
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Equation 4.2 and can be generalized to higher S (and K). In general, critical
biases are given by the points on a S — 1-sphere inscribed into a (S—1)-simplex
where the radius of the sphere depends on K. An S-simplex is a generalization of a
triangle in S dimensions. A similar pruning process can also be set up to calculate

the frequency of different function types on the active nodes.

We should also note that as S increases from 2 the effects of fluctuations become
less important. In fact, if we solve the equations governing the average number of
nodes in different urns for S=4, with and without the effects of fluctuations, we find
that the difference is of the same order as of the S =3 networks (~0.1). This may
mean that as S increases the fluctuations in the system cancel each other out and

the mean-field results become more accurate.

4.4 Summary

We can conclude form this chapter and the previous two chapters that canalization
preserving symmetry controls the critical discrete multi-state networks dynamics, as
well as critical random Boolean networks dynamics. We learn that critical dynamics
leads to a symmetry of the multi-value functions in a very similar way as it does
for Boolean networks: Both numerical simulations and analytics suggested that the
ratio of active nodes with particular Boolean function depends on the function’s
canalization properties. For a critical discrete multi-state networks with S possible
states per node (S >3), there are 2x.S canalization preserving classes that determine

a symmetry of the dynamics of the critical state. The canalization values of these
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classes depend on the value of K as well. If we fix K =2, for instance, then there

are two canalization values for each class, Py and P;. These values will be (from

the highest to the lowest): (P, P1)=(1,1), (0, 52), (0, £2), ..., (0, 55), (0, 0).
All the functions that have the same total canalization value (P, + Py) constitute
a symmetry class, and occur with the same frequency on the active nodes of the

network if normalized by the initial number of those function on all the nodes of the

network.

The existence of the same symmetry for critical random Boolean networks dy-
namics and critical multi-state dynamics suggests that both of these models belong
to the same universality class of heterogenous complex systems. To investigate this
idea explicitly, in the next chapter we study a critical exponent of these two models

to see if indeed they have the same critical exponent.
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Chapter 5

Attractor length distribution of

critical multi-state networks

5.1 Introduction

In this chapter we explicitly show that a universality class of heterogeneous complex
systems exists by studying a particular scale invariant property of critical random
Boolean networks and random multi-state networks, and showing that its scaling be-
havior is the same for a range of models. We find a dynamical critical exponent, «,
for dynamical attractor length distribution of discrete state networks which include
random Boolean networks (RBNs) and random multi-state networks (RMN) [92].
The dynamical attractor length distribution is an important dynamical character-
istics of discrete state networks which gives us information about the dynamics of

the network. It is an example of a quantity that is scale-invariant at the critical
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point in discrete state networks. Universality of this dynamical behavior is shown

by considering three cases: dynamics of critical RBNs, dynamics on critical RBNs,

and the dynamics of RMNs.

The numerical simulation results for the three cases mentioned are presented.
We measure their critical exponent a at the large network size limit in addition to
the corrections to the scaling exponent in each case. Then based on the structural
properties of relevant nodes of RBNs at the critical point, we propose an analytical
plausibility argument that predicts the critical exponent describing the distribution
of attractor lengths of RBN. This argument is then generalized to other discrete
state networks. Finally, we propose some fundamental features that characterize

this universality class of heterogenous complex networks.

5.2 Numerical simulations

A dynamical feature of discrete state networks is that the sequence of the states of
a network of size N is eventually periodic. As discussed in chapter 1 this directly
follows from the facts that (i) the overall number of possible states, 2V, is finite and
(ii) the dynamics of the state of the nodes are deterministic. A repeating sequence of
T states is called an attractor of length T' [35]. There can be one, or more attractors,
each of which has a basin of attraction corresponding to the region of the state space
from which the dynamics eventually collapses onto that attractor. The dynamics of
the network after the transient phase can be quantified by the number of attractors

v, their lengths 7}, and the size of their basins of attraction A; with j=1,2,... v.
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The topic of determining the average attractor length (T') and the average number
of attractors (v) in critical RBNs has a long history [58, 13, 7, 90]. It has been proven
that both of these quantities increase with network size N faster than any power-
law [88, 61]. However, determining the attractor length distribution has received less
attention. This quantity is particularly important though, because it can be used
to characterize different phases of dynamical behavior [12]. At the critical point,
predicting the attractor length distribution will lead to the calculation of a critical

exponent.

A numerical algorithm to study the attractor length distribution of Boolean net-
works was proposed in [20]. Using that algorithm and studying networks of up to
N~10° nodes, the authors found that the attractor lengths are power-law distributed
for unbiased random Boolean networks with K =2 in-links per node. Another study
deals with biased random Boolean networks with K =4 in-links, where the outputs
of the Boolean functions of the nodes are biased towards 1 or 0 [13, 12, 11]. For
this case also a power-law attractor length distribution was found numerically on
the critical line between the fixed and chaotic phases. This scale-free behavior is not
restricted to the dynamics of critical RBNs. The attractor lengths are also observed
to be power-law distributed in the self-organized stationary state of Boolean net-
works which is obtained when the nodes are competing in an evolutionary game [78].
In this game, the set of node functions F are evolved through a competition that
punishes the majority behavior, and it was concluded that the stationary state is in

fact critical [64, 63, 10].

These numerical findings suggest that there exists a class of complex networks
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Figure 5.1: The exponents of the power-law distribution of attractor lengths are
plotted for different network sizes of critical RBNs. It shows that «(N) — 1 goes to
zero for large network sizes. This means that critical exponent a(N) is 1 in the limit
of large networks. The fitted line has the slope of b = —0.31 4= 0.04 corresponding
to the correction to the scaling exponent in this case. The error bars are 2 times
standard deviation over network realizations.

with the same dynamical behavior. In this section we show computationally that all
the above cases in fact have the same critical exponent of attractor length distribution
and the correction to the scaling exponent is determined for each case. There are
large finite size corrections to the scaling exponent which is different for different
dynamics. Furthermore, the critical exponent of the random ternary networks, as a
first step of generalization of RBNs to multi-state networks, is found. This shows
that the breadth of the dynamics in this universality class is much larger than just

the critical RBNs dynamics.

Figure 5.1 shows how the critical exponent « changes for different critical random

Boolean networks of different sizes. The bias of the networks is adjusted to the critical
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bias to construct an ensemble of critical RBNs. Networks have been updated from
different random initial states. The equation a(N) — 1 ~ N(-0-312004) ghows the
relation between the exponent of the power-law distributions and the network size.
In order to calculate each exponent, Marquardt-Levenberg non-linear fitting [19] is
used on the logarithmic binned data. For all different network sizes the logarithmic
binning starts from 11, and the last data point which correspond to the attractor
length cut off is always omitted. Non-linear fitting is also used to measure the

equation for a(N). This fitting method is used for all the cases considered here.

The equation for a(/N) implies that the exponent approaches 1 for large network
sizes, and predict a critical of exponent of 1 for the dynamics of RBNs. It should
be noted here that we did these simulations for critical RBNs with K = 3 inputs
per node which is different from previous studies. Those studies suggested a critical
exponent of 1, in the large network size limit, for networks with 2 and 4 inputs per

node. The corrections to the scaling exponent depends on the number of inputs per

node, K.

We have also measured the attractor length distribution of the networks that
have been evolved to criticality through an evolutionary game [78]. In this game
nodes get a negative score at a given time step, if they have the same output as
the majority of the nodes. After some time steps, called an epoch, the node with
the highest negative score is penalized by replacing its assigned Boolean function
by another randomly chosen one. After a number of epochs the network reaches a
steady state. In order to study the attractor length distribution of these networks

at the steady state, we use the same attractor finding method as for the dynamics
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Figure 5.2: The exponents of the power-law distribution of attractor lengths are
plotted for different network sizes of the evolutionary game introduced in Ref. [78].
a(N)—1 goes to zero for large network sizes, showing that the critical exponent a(N)
goes to 1 in the limit of large networks. The exponents for each case are calculated
using the same method as for random Boolean networks dynamics and critical ternary
networks. The slope of the red fitted line is b = —0.39 & 0.06 corresponding to the
correction to the scaling exponent of the game. The error bars are 2 times standard
deviation over network realizations.

of RBNs. The networks are updated from 1000000 random initial states, after they
have reached the steady state, and the length of the attractors are then measured.
Again, the attractor length distribution obeys a power-law distribution, this time
with a different exponent than what was reported for a similar network size in the
other two cases. Figure 5.2 shows the exponents calculated for different network sizes
with the equation a(N) — 1 ~ N (0392006 yelating the exponents with the network
size. Interestingly enough, it can be seen that for large network sizes the exponent

a approaches 1.
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Figure 5.3: The ensemble-averaged probability distribution of the attractor lengths
of K =2 critical random ternary networks of size N =300. It is averaged over 10 000
networks. The cut-off of length of the attractors is 10 000, and all the attractors not
found after 10000 updates are considered to have this length. The red line shows
the fitting curve on the graph, and has the slope of —1.54 +0.07. The error bars are
2 times standard deviation over network realizations.

Figure 5.3 shows the average attractor length distribution for an ensemble of
K =2 critical random ternary networks. Ternary networks are multi-state networks
where each node has 3 possible output values, 0, 1, and 2 for instance. Critical
random ternary networks can be constructed by biasing the output values of the
functions to the appropriate critical biases [107]. The critical biases of 1/6, 1/6, and
2/3 are chosen from the criticality circle introduced in chapter 4. Since there is no
fundamental difference between the output values 0, 1, and 2 we impose a symmetry
among them, by randomly biasing the output values of the functions to each of these

values. In other words, bias 1/6 is randomly chosen to be toward 0, 1, or 2.

We used the method described in [63] to find the attractor lengths of the network
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Figure 5.4: The exponent of the power-law distribution of attractor length is plotted
for different network sizes of critical random ternary networks. It can be seen that
a(N) — 1 goes to zero for large network sizes. This shows that critical exponent is 1
in the limit of large networks. The slope of the fitted line which shows the correction
to the scaling exponent is b = —0.27 4+ 0.02. The error bars are 2 times standard
deviation over network realizations.

for each initial state. From Fig.5.3 it can be seen that the attractor length distri-
bution is power-law distributed, P(¢) = Cyf¢~*™) with an exponent that depends
on the network size. This is in fact true for all the cases we consider here. These
simulations have been repeated for different network sizes. For all network sizes we
obtain power-law distributions of the attractor lengths with different exponents, as
is depicted in Fig.5.4. This finding suggests that there are finite size corrections to
the scaling behavior. The equation for the exponent «(NN) approaches 1 for large
network sizes, and predict a critical of exponent of 1 for the dynamics of random

ternary networks.
These numerical results confirms that the attractor length distribution of critical
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random Boolean networks follow a scale-free distribution. Also, simulations showed
the same dynamical behavior for the self-organized critical state of the evolutionary
game played on random Boolean network, and for random ternary networks. More
importantly the critical exponent is 1 in the large network size limit for all these dif-
ferent cases. The question that naturally arises is why this critical exponent is 1, and
what are the common properties of these different systems leading to this universal
behavior? In the next section we tackle these questions from a more analytical point

of view.

5.3 An analytic explanation

Here we first analyze the attractor length distribution of critical random Boolean
networks. We argue that the critical exponent of 1 is the consequence of structural
and dynamical properties of random Boolean networks at the critical point. We
propose a plausibility argument built based on these properties and show that it
correctly captures the behavior of dynamical attractors of critical random Boolean
networks and predict the critical exponent. Furthermore, we claim that this is a
plausible method for describing the dynamical attractor length distribution of all
networks in this universality class because of their expected properties at the critical

point.

In order to do this, we are going to consider the relevant components of the
network. From previous work it has been shown that the set of relevant nodes can

be partitioned into components that are disjoint subgraphs of the network, called the
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relevant components [60]. The dynamics of each relevant component is independent

of the others.

We are going to assume that all relevant components are simple loops. This is
supported by previous numerical findings that in the limit of large network sizes the
number of relevant nodes scales as N3 with the number of nodes N, where a finite
number of them have two relevant inputs and a vanishing proportion of them have
more than two inputs [68]. From this, it follows that all relevant components except
a finite number of them are simple loops without additional links, also known as
simple components. In the limit of large network sizes, it is only the largest loop

that is not simple, i.e.it has additional cross-links [60].

Another assumption that we make in our argument is that in critical RBNs
the size of the basin of attraction does not depend on the length of the attractor,
which is supported by previous numerical findings [17]. We call this assumption the

equipartition of the basins of attraction assumption.

Finally, the third major assumption that we make is what we call length distri-
bution of simple loops assumption. It is based on an essential result from previous
studies is that the number of simple loops of length ¢ in the large network size limit,
N — o0, is Poisson distributed with a mean 1/¢ [34]. Using this result, the proba-
bility of having a loop of length ¢ can be approximated with 1/¢ (times a coefficient)

in the limit of large network size.

With these assumptions we want to calculate the attractor length distribution of

critical RBNs. Since the dynamics of a critical Boolean network after the transient
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Figure 5.5: Copy and invert functions.

times is determined only by the relevant nodes of the network, all possible attractor
lengths of a network realization can be calculated by combinatorics involving the
possible periods of the dynamics of the relevant components. More specifically, at-
tractor lengths of a network are the least common multiple (LCM) of the possible
periods of the relevant components of the network realization. For example, if there
are only two relevant components with possible periods m € {2,3,6} and m € {5},
then the possible attractor lengths of the network are T'€ {10, 15,30}. Since in the
large network size limit, all the relevant components except a finite number of them
are simple relevant components [60, 68|, we make the approximation that in the
thermodynamic limit, N — oo, all relevant components are simple loops, and only

focus on the possible periods of these relevant components.

In a simple loop consisting of £ nodes, every node has exactly one input from the
preceding node with the closing condition s, 1 = s;. In this case, the behavior of
a node is determined by the input it receives from the preceding node which means
it is effectively a node with K = 1 in-links. None of the nodes in the loop can
have a constant Boolean function, because constant outputs would block the loop
and immediately lead to a fixed point attractor. Thus, there are only two possible
Boolean coupling functions to be assigned to each node, namely to copy or invert the

state of the predeceasing node [35]. Figure 5.5 shows the copy and invert functions.
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Loops are labeled either even or odd depending on the number of invert functions
they contain. Moreover, any odd loop can be mapped to a loop with only a single
invert function. This mapping does not change the number and the length of possible
periods of the loop [35]. Every synchronous update of a simple loop can be imagined
as an incremental rotation of the whole loop configuration. Therefore, in an even
loop with ¢ nodes, after ¢ updates the same configuration is reached again. In an
odd loop, on the other hand, because of the invert function, the same configuration

is reached again after 2¢ updates.

We should note however, that loops with a non-prime-number of nodes can have
shorter attractor lengths. For example, on an even loop with £ =4 nodes with only
copy functions a possible pattern is ‘0101" and it has a period of 2. In fact, for a
simple loop of length ¢ the possible shorter periods of the loop are elements of its
divisor set D({). (For an odd loop the possible shorter periods are twice the elements

of its divisor set.)

In order to continue we are going to introduce pseudo critical networks which
takes into account our assumptions, and allow us to calculate attractor length dis-
tributions for large network sizes. A given realization of a critical network can be
simplified using a set of loops of different lengths, each corresponding to a relevant
component. We call this set of loops a pseudo critical networks. As mentioned before,
since the dynamics of a critical RBNs after the transient times is determined solely
by the relevant nodes of the network, pseudo critical networks are all we need to
determine the distribution of the lengths of the dynamical attractors of the network.

Now, since the attractor lengths of the network are the LCM of the periods of the
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relevant loops, the attractor length distribution of a critical network will be the same
as the distribution of the periods of the loops of the pseudo critical network. There-
fore, first we need to find the probability of each of the possible periods of a loop
with a certain length, and then based on that calculate the probability distribution

of a given period in a pseudo critical network.

In order to find the probability of each of the possible periods of a simple loop,
let us assume that the loop is even with length ¢, and its set of divisors is D(¢). Since
every update of a loop is equal to a rotation of the sequence of the outputs of the
nodes on the loop, a loop of length ¢ with period ¢; € D(¥) is equivalent to a binary
string of length ¢ with period ¢; under cyclic permutation. Hence, the probability
that the loop has period /¢; is equal to the probability of having a binary sequences
with period ¢;. The number of binary sequences with period ¢; is known to be equal
to the number of binary Lyndon words of length ¢;. A binary Lyndon word of length
¢; is defined as a ¢;-character binary string which is lexicographically smallest among
cyclic permutations of its characters. The number of binary Lyndon words of length
¢; is given by

L) =5 3 w2
b deD(;)
where p is the Mobius function, and the sum runs over all the divisors of ¢;, d €

D(&:) [97].

The assumption of the equipartition of the basins of attraction leads to stating
that all attractors have the same probability of being reached given a uniform initial

state distribution. In equipartition of the basins of attraction assumption, we assume
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that all the unique binary strings of different period have the same probability of
being picked. In other words, the multiplicity of a period of a certain length is only
determined by the number of ways that a distinct binary string with that period can
be built, and not by also considering the cyclic permutations of each distinct binary
strings. This way we are not considering the transient times, and we are implying
that in order to calculate the probabilities of different periods, we do not need to
consider how many different ways we can end up on that attractor, but we just need
to know how many distinct ways we can build an attractor of a certain length. In
fact, this assumption is based on what was found for the relation between the size
of the basin of attraction and the attractor length of critical RBNs [17]. The basins
of attraction in the network state space correspond to a combination of outgoing
trees attached to simple loops in the state space. If all the attractors have the same
probability of being reached, all possible unique periods of the simple loops should
have the same probability of being reached since the attractor length of the network

is nothing but the least common multiple of the simple loops.

The possible periods of a simple loop are all the divisors of £. Given the equipar-

tition of the basins of attraction assumption, for an even loop we have

Ly ()

> La(ty)

L;eD(¢)

pn(E) =

EVEN

where p§'"(¢;) is the probability of having a period ¢i for an even loop of length ¢.

In the denominator, the outer sum is over all divisors of ¢, {; € D({).

A corresponding equation can be set up for an odd loop with the only difference

being that at each time step in addition to the rotation of the sequence of the outputs,
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the output values that pass through the only “invert” function are negated as well.
Hence, we have to change the possible periods in the equations to twice of what we

have considered for the even loops, ¢; € 2x D({).

Now we can calculate the probability distribution of a given period in a pseudo
critical network. The probability of having a period of length ¢ is equal to the
probability of having an even loop of either (1) length of ¢ with period ¢ or (2)
length ¢; with period ¢ where ¢ € D(¥;) plus the probability of having an odd loop
of either (3) length ¢/2 with period ¢ or (4) length ¢; with period ¢ where £ € D(¢;).
Furthermore, the probability of having an even (odd) loop of certain length and
specified period is equal to the probability of having a loop of the desired length

times the probability of having the specified period for that loop. Therefore, we have

P(6) =p(6). p{""(£) + Y p(t:). p7™" (£) (5.1)

4

n (<£+ Dimod 2) [pw/z). o (0/2) + 3 p(6). p;fdwm}

4
where the probability of having a loop of length ¢ is shown by p(¢). The factor
behind the third and forth terms guarantees that we add those terms only for even
s, otherwise, /2 is not an integer. Now using our last assumption, the length
distribution of simple loops assumption, the probability of having a loop of length /¢

can be approximated with 1/¢ (times a coefficient) in the limit of large network size.
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Plugging these into equation 5.1 we have:

even

P(0) ~ +Z 7 PSR ( (5.2)

((€+1)mod2>{ 6}2 o2 (0/2) ;gl o g/z]
LY

1 deD (0)

LY X e
t;eD(t G deD(¢
4 Z Qe/d
1 deD
KX Pl ST
eD(r t deD(¢;)

f/% Z M(d)2£/2d

deD(e/z)

> LY wap

£;€D(£/2) lj deD(£;)

g/% Z Iu(d)QZ/Qd

((e + 1)mod 2) 5}2

1
+ ((£ +1)mod 2) 3 . i
A Z Z QZj/d
lj deD(¢

Equation 5.2 can be simplified further. First, we should note that as the network
size becomes larger, the larger simple loops appear. In the limit of large loop length,
¢ — oo, we can approximate the binary Lyndon word of length ¢ with its first term

as
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Figure 5.6: The probability that the period of an even loop is equal to its length
(period=/, black) is compared to the probability that the period of the loop is equal
to its second largest divisor (period={/q where q is the first prime factor of ¢, dashed
red). The inset shows the ratio of these two probabilities. It can be seen that this
ratio goes to zero very rapidly. This implies that the most probable period of a
simple loop is its length and this probability approaches 1 very quickly.

and hence the probability that a loop of length ¢ has period /; is equal to

Lo(l) La(l) | Lo

L;eD(€)

pe(li) =

where in the denominator only the largest term, Lo(¢), is kept. Second, as Fig. 5.6
shows the probability that a loop has a period equal to its length is much larger than
the probability of other periods. In fact, using the above approximation for large
loops, the ratio of the largest period of a loop of length ¢, ¢, to the second largest

period of the loop, ¢/q, is equal to

pe(l/2) (77)2% ~ ol -t/2
pe() 200

where q is the first prime factor of . As Fig.5.6 shows, this ratio goes to zero
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Figure 5.7: Probability distribution of attractor lengths using Lyndon words enumer-
ation. Attractors of length up to 500 are considered. The data has been normalized
to present the probability distribution up to the cut-off of 500. We have logarithmic
binned the data from attractor length of 4 to the end. The red dotted line shows the
non-linear fitting on the data, excluding the last point. This point corresponds to
the cut-off of the attractor length. The reason that this point is suddenly decreasing
is because we are not considering loops with lengths larger than 500 which would
have contributed to the attractor lengths smaller than 500. The slope of the fitted

line is &« = —0.992 4 0.01.

quickly as ¢ becomes larger. Therefore, in the limit of large loop length (¢ > 10) we
can approximate the period of a loop with its length. Using these two results we can

simplify equation 5.2 as
P " (£) L ad

|y RN
22 + ((€+1)m0d2>{€/22

1
(

Figure 5.7 shows the behavior of P({) as a function of ¢ on a logarithmic plot.

It is in fact the numerical plot of Eq.2. It should be noted that data has been
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Figure 5.8: The histogram of attractor lengths of different dynamics: random
Boolean networks dynamics and the evolutionary game. The results are also com-
pared with the analytical predictions calculated based on the binary Lyndon words
enumeration. The analytical results are proportional to probability distribution. It
can be seen that the fluctuations between the even and odd attractor lengths is
present for all lengths if there is no logarithmic binning.

log binned. If we do not log bin the attractor length distribution, we will see the
oscillatory behavior corresponding to the difference between even and odd attractor
lengths. As it can be seen from Eq. 2, P(¢) is higher compared to the P(¢ — 1) and
P(¢ + 1) if ¢ is even. This is depicted in Fig. 5.8, where the oscillatory behavior is
present for the numerical simulation results of the RBNs and the evolutionary game

as well as the analytical calculations results.
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5.4 Summary and discussion

We have shown that a class of models of heterogenous complex systems exists that
displays universal critical scaling behavior. The same canalization preserving sym-
metry controls their dynamics and they have the same critical exponent for their
attractor length distribution. This confirms that these models are in the same uni-
versality class. This universality class of heterogenous complex systems consist of all

discrete state networks.

An analytical explanation based on the structure of critical random Boolean net-
works was presented to explain the scale-free behavior in Boolean networks. This
argument is based on the structure of relevant nodes of the networks, that determine
the dynamics of the networks. In large network limits these nodes form simple loops.
Therefore, by calculating the periods of these loops, the attractor of the network
can be determined as the least common multiple of these periods. The probabil-
ity of different periods of the loops can be computed by enumerating the binary
Lyndon words. Also, a new computational method, relevant component method,
is introduced based on the analytical understanding of the critical random Boolean
networks, which allows for computing the attractor distribution of networks in the

thermodynamics limit.

In general, only a full state space enumeration of the dynamics allows to ob-
tain the exact attractor distribution which is possible only for small system sizes.
This is true even if an intelligent pruning algorithm is used to disregard irrelevant

nodes and simulates only the dynamics of the relevant nodes for a given realization.
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For this reason, previous studies of the attractor length distribution have relied on
sampling which has its own potential problems [17]. One problem that can occur
when generating attractor-statistics by sampling of various network realizations is
undersampling. Undersampling occurs when simulations are done without any prior
knowledge about the structure of the state space. Another known problem with
sampling is that the frequency with which attractors are found depends on the size

of their basin of attraction [88].

Our new method has neither the problem of undersampling nor the problem of be-
ing biased by the basin sizes, and allows to effectively study arbitrary large networks.
This is because this method considers all the relevant components of the network,
and the lengths of the loops are randomly chosen based solely on their probability of
occurrence and this does not depend on the size of the basin of attraction. In other

words, if we use our assumptions these pitfalls can be avoided.

Also, the numerical results of the relevant component method were compared with
that of the direct simulations of critical random Boolean networks, the results of an
evolutionary game played on random Boolean networks, and direct simulations of
critical ternary networks. Ternary networks are discrete multi-state networks where
each node have 3 possible output values [107], and can be considered as the first step
to generalization of Boolean networks to multi-state networks. All variants of direct
simulation show that in the large network size limit the attractor length distribution
has a broad power-law distribution with a critical exponent of 1. There are finite size
corrections for all cases, but at the large network size limit they behave similarly,

and have the same critical exponent as we predicted analytically. We should mention
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that here we have reported the results for networks with K = 3 in-links per node,
but the we expect the results to hold for networks with other connectivities as well.
We expect the exponent of attractor length distribution of all critical discrete multi-
state networks to merge to 1, although the corrections to scaling are not the same

for different topologies and dynamics.

The fact that this critical exponent is the same through all these different net-
works and different dynamics is probably due to the structure of the critical net-
works, where relevant nodes to the dynamics of the network form simple relevant
loops. Therefore, all the models that have the same structure and symmetry of dy-
namics at the critical point should fall into this universality class. Networks with
discrete canalization preserving symmetry are in this class. In fact, it might be the
case that continuous models with this symmetry might be in this class, but we have

not studied these systems here.
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Chapter 6

Summary and discussion

In this work we studied statistical properties of heterogeneous complex systems. We
extended the ideas used in condensed matter physics to heterogenous complex sys-
tems. As prototypical examples of these systems we have looked at random Boolean
networks [58] and random multi-state networks [92]. Random Boolean networks are
mainly inspired by biology, but are useful as discretization of continuous systems
whenever all elements display a switch-like behavior with fast transitions between a
low and a high saturation value. These systems can range from biological systems
to social and economical systems as well. Multi-state networks are a generalization
of random Boolean networks where the the elements of the system can have more
than two discrete values. We looked at these heterogenous systems at the critical
point where the continuous phase transition happens. In condensed matter systems,

symmetry and universality becomes important at the continuous phase transition.

In chapter 2, we studied the frequency of the Boolean functions assigned to the
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active nodes of critical networks. Active nodes, unlike frozen nodes, remain active
and their output states change as network is updated. Analyzing the frequency ratio
of the functions used by active nodes to the ones used by all node of the network
reveals a symmetry of critical random Boolean networks dynamics. It shows that not
all function types behave differently at the critical point. In fact, there are classes
of functions that occur with the same frequency, indicating a dynamical similarity
among the functions of the same class. We showed that there are 3 classes of functions
for K =2 and 10 classes of functions for K =3 critical random Boolean networks.
Furthermore, it was shown how using this symmetry beforehand could simplify the

analysis of the dynamics.

In chapter 3, based on the findings of chapter 2, we studied the nature of the
symmetry observed and described it in group theory language. It was shown that the
common characteristic of the functions that are in the same class is their canalization
values. Canalization [101] is a concept borrowed from developmental biology and in
this context, it shows how robust the functions are to the changes of their inputs.
For K = 2 networks we proposed a minimum symmetry group that describes the
symmetry observed, and we called it the canalization preserving symmetry group.
The general characteristics of the canalization preserving symmetry group were also

described for higher Ks.

In chapter 4, we investigated if there are other models, in addition to random
Boolean networks that have he same symmetry of the dynamics and are in the same
universality class. We considered random multi-state networks, as a generalization

of random Boolean networks, and studied their phase transition. We studied the
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criticality condition for random multi-state networks, and proposed a novel method
of visualizing the phase space of these networks. The canalization preserving symme-
try was shown to govern random multi-state networks dynamics as well. Although
random multi-state networks have different number of function classes compared to
random Boolean networks, the nature of the symmetry is the same, and the multi-
state functions that are in the same class have the same canalization values. This

suggests the existence of a universality class.

In chapter 5, we explicitly showed that a universality class exists by studying a
particular scale invariant property of critical random Boolean networks and random
multi-state networks, and showing that its scaling behavior is the same for a range
of models. We studied attractor length distribution of critical random Boolean net-
works and critical multi-state networks. Since the state space of the network is finite
and the dynamics is deterministic, the states of the network eventually fall on attrac-
tors. An attractor is a recurrent set of a network’s states. The number and size of
attractors are two key characteristics of the dynamics. We showed numerically (and
in agreement with previous research) that the attractor length distributions of these
critical networks obey power law distribution. We tracked this scale free distribution
in critical multi-state networks and other dynamics of random Boolean networks as
well, namely an evolutionary game played on random Boolean networks where the
networks self-organize to a critical state. In fact, for all of these cases in the limit
of large network size the exponent of the distribution is 1. In order to describe the
universality of this critical exponent, we proposed an argument based on the struc-

ture of critical networks and the importance of relevant nodes in determining the
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dynamics of the network. Based on this and using the Lyndon words enumeration,
we could predict the critical exponent of 1 in the limit of large network sizes. This

confirms the existence of a universality class.

In this work we have shown that the ideas of universality and symmetry from
condensed matter physics can be extended to heterogeneous complex systems. We
have succeeded in determining the symmetry of critical discrete states networks and
showing that it can be used as a useful approach in simplifying the analysis of the
behavior of heterogeneous complex systems at their critical points. We have also
found a universality class of heterogenous complex systems, and studied some of the

critical properties of the systems in this universality class [9].

6.1 Applications to real-world systems

We conclude this section by some discussion of the importance of critical heteroge-
nous complex systems in real world, and some speculations of how our work can be

used to help in real world systems.

Criticality has been shown to be important in many diverse complex systems in
nature. For example many active matter systems are critical or near critical. Active
matter describes systems whose constituent elements consume energy and are thus
out-of-equilibrium, and examples of which include flocks or herds of animals and
birds [27], and components of the cellular cytoskeleton. Other examples of complex
systems operating near criticality include solar flares [99, 79], rice piles [40], and

neural avalanches [16]. However, not all of the complex systems are considered as
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heterogeneous complex systems.

Gene regulatory networks are examples of heterogeneous complex systems. The
gene transcription networks of S. cerevisiae, E. coli, and B. subtilis, as well as the
network of segment polarity genes of D. melanogaster, and the network of flower
development of A. thaliana have been shown to operate close to criticality [7]. Gene
expression dynamics in the macrophage of innate immune system has been shown
to exhibit criticality [76] as well. A reason that these systems are critical might be
due to the evolvability and robustness. The organized expression of the different
genes in an organism is essential to sustain functionality under the random external
perturbations. To cope with such external variability, the dynamics of the genetic
network must possess two important properties: It must be robust enough to guar-
antee stability under a broad range of external conditions, and it must be flexible
enough to recognize and integrate specific external signals that may help the organ-
ism to change and adapt to different environments [7]. This compromise between
robustness and adaptability has been observed in dynamical systems operating at

the edge of transition between ordered and chaotic phase.

Another advantage might be that at critical points the phenomenon of critical
slowing down happens which means that the system takes more time to relax cor-
relations as it approaches its critical point. Critical slowing down allows the system
to generate a wide range of time scales, typically much larger than the natural time
scales of the system. This might be a useful mechanism for the system to process in-
formation and respond over longer times than the network dynamics would normally

allow [72].
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To extend our ideas to real world systems, first we need to realize if a system is
critical. If it is critical we expect some symmetries to play a role in its dynamics.
However, a single system possesses large fluctuations. Therefore, in this dissertation
we considered ensembles of networks. To do an ensemble analysis in an experimental
setting, we would need to consider an ensemble of different systems, and by consid-
ering the symmetry of their dynamics we could determine a fundamental nature of

their evolution.

For example, if the full connectivity data of gene regulatory networks of an en-
semble of biological organisms or even a particular subset of organisms were known,
our methods could be used. Unfortunately, current data is limited and an analysis of
this sort is not yet feasible. However, in the future, as the gene regulatory systems
of more organisms are mapped out such analysis should become possible. In that
case our methods would allow us to establish which symmetries control biological

evolution and help us understand fundamental features of nature.
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Appendix A

These are the mean-field equations for the average number of nodes in each of the
urns set up for Boolean networks with K = 2 inputs per node. The equations are

written for each of the Boolean function types shown in Fig. 3.1.
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Appendix B

These are the mean-field equations for the average number of nodes in each of the
urns set up for Boolean networks with K = 3 inputs per node. The equations are

written for each of the Zyklenzeiger function classes shown in Fig. 2.6.
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