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A Constrained Evolutionary Computation
Method for Detecting Controlling Regions
of Cortical Networks

Yang Tang, Zidong Wang, Huijun Gao, Stephen Swift, and Jirgen Kurths

Abstract—Controlling regions in cortical networks, which serve as key nodes to control the dynamics of networks to a desired state,
can be detected by minimizing the eigenratio R and the maximum imaginary part o of an extended connection matrix. Until now,
optimal selection of the set of controlling regions is still an open problem and this paper represents the first attempt to include two
measures of controllability into one unified framework. The detection problem of controlling regions in cortical networks is converted
into a constrained optimization problem (COP), where the objective function R is minimized and o is regarded as a constraint. Then,
the detection of controlling regions of a weighted and directed complex network (e.g., a cortical network of a cat), is thoroughly
investigated. The controlling regions of cortical networks are successfully detected by means of an improved dynamic hybrid
framework (IDyHF). Our experiments verify that the proposed IDyHF outperforms two recently developed evolutionary computation
methods in constrained optimization field and some traditional methods in control theory as well as graph theory. Based on the IDyHF,
the controlling regions are detected in a microscopic and macroscopic way. Our results unveil the dependence of controlling regions on
the number of driver nodes [ and the constraint r. The controlling regions are largely selected from the regions with a large in-degree
and a small out-degree. When r = + oo, there exists a concave shape of the mean degrees of the driver nodes, i.e., the regions with a
large degree are of great importance to the control of the networks when [ is small and the regions with a small degree are helpful to
control the networks when [ increases. When r = 0, the mean degrees of the driver nodes increase as a function of /. We find that
controlling o is becoming more important in controlling a cortical network with increasing /. The methods and results of detecting
controlling regions in this paper would promote the coordination and information consensus of various kinds of real-world complex
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networks including transportation networks, genetic regulatory networks, and social networks, etc.

Index Terms—Cortical networks, synchronization, controllability, evolutionary computation, constrained optimization

1 INTRODUCTION

COMPLEX networks can be used to model real-world
systems and have attracted research interests from the
fields of biology, social and technical society [1], [2], [3], [4],
[5], [6]. Among others, synchronization of complex networks
of coupled oscillators has been the subject of intensive
research activity [7], [8]. In particular, synchronization of
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distributed brain activity has been found to play a vital role
in neural information processing [9], [10], [11], [12]. The
experimentally observed evidence has revealed that certain
brain disorders, such as schizophrenia, epilepsy, autism,
Alzheimer’s disease, and Parkinson’s disease, are relevant to
abnormal neural synchronization [10].

In recent years, the analysis of the anatomical connectiv-
ity of the mammalian cortex, such as human, cat, and
monkey brains, has shown that large-scale cortical networks
reflect typical characteristics of small-world networks and
hierarchy, e.g., high clustering and short path length [13],
[14], [15], [16]. In addition, hub regions, which are thought
to play pivotal roles in the coordination and transportation
of information in neuronal networks [17], [18], [19], have
been identified using graph theory such as degree,
betweenness centrality (BC) and motif structure [17], [20].

In physical, social, and biological networks, the require-
ment of regulating the behavior of large ensembles of
interacting units is a common feature [21], [22], [23].
Controllability of complex networks is an intuitive notion
of control, capturing a capability to lead a network’s state to a
desired goal by suitable manipulation of a few input
variables [21], [22], [24]. Based on the idea of feedback
mechanism, some vertices in the networks serve as reference
sites, leaders, or pacemakers [25], and regulate all the other
vertices in the networks toward desired states. In [24], the
pinning control of complex networks has been investigated
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based on the degree information and eigenvalue analysis.
Then, by defining the pinning controllability of a network in
terms of the spectral properties of an extended network
topology, the roles of coupling gains and the number of
pinned nodes were illustrated in [21]. More recently, by
utilizing control theory and assuming linear dynamics in
each vertex, the results of “structure controllability” show
that, in both model and real systems, the driver nodes tend to
avoid the high-degree nodes [22], [23]. Unfortunately, it is
still not clear how to identify the locations of driver nodes
and represent the coupling between the desired state and the
driver nodes, especially for a directed and weighted net-
work. In addition, the existing results concentrated on how to
minimize R (the ratio of the largest real part of the
eigenvalues of the connected matrix and the second smallest
real part of the eigenvalues of the connected matrix) while
neglecting o (the largest absolute value of the imaginary part
of the eigenvalues of the connected matrix), which might
induce unavoidable conservativeness. Moreover, how to
embrace two measures of controllability R and ¢ into a
framework to evaluate synchronizability and controllability
of complex networks exactly is still open and remains a
challenging problem [22], [26], [27], which is the first
motivation of this paper.

As a special complex network, the cortical network of
cat brain is a typical directed and weighted network. It is
of great importance to investigate the controllability of
cortical networks for the following two reasons: 1) it is
widely thought that the ultimate proof of our under-
standing of social, natural, or technological systems is
shown by our ability to control them efficiently [22], [23],
[28]. As a typical weighted and directed natural network,
the detection of controlling regions of cortical networks
will be helpful to grasp how to control a natural system
efficiently; 2) controllability is of special relevance with
synchronization [21], which plays a significant role in the
processing of high-level information in brain networks
[15] and is useful for investigating their dynamical
properties [20]. This paper is aimed to further understand
the processing of high-level information in a neuronal
network to avoid abnormal synchronization in typical
neural diseases such as schizophrenia, epilepsy, autism,
Alzheimer’s disease, and Parkinson’s disease, which is the
second motivation of this paper [10].

Different from the above results of controllability of
networks, in this paper, the controllability and the detection
of controlling regions of cortical networks are transformed
into a single objective optimization problem with a
constraint, i.e., a constrained optimization problem (COP).
However, the traditional easy enumeration method or
degree-based methods in [21], [24], [29] cannot be simply
applied to deal with the proposed problem. For handling
the locations of driver nodes of cortical networks and
designing their control gains under constraints, the evolu-
tionary computation method emerges as a promising one.

Evolutionary algorithms (EAs) are population-based
search approaches that take their inspiration from natural
selection and survival of the fittest in biological society.
Recently, EAs have been well utilized in studying multi-
objective synchronization, controller design for synchroni-
zation of two coupled systems and inferring gene regulatory
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networks in [6], [30], [31]. The use of EAs for constrained
optimization problems has been significantly increased in
the past 10 years, leading to the development of constrained
optimization evolutionary algorithms (COEAs) [32], [33],
[34]. COEAs consist of two major parts: a search algorithm
and a constraint-handling approach. The performance of
COEAs depends largely on these two components. The goal
of the search algorithm is to enhance the exploration and
exploitation abilities of the population, while the constraint-
handling approach is devoted to incorporate the constraints
into the EAs. Recently, the constraint-handling approaches
using multiobjective optimization concepts have drawn
increasing attention due to their satisfactory efficiency [34],
[35], [36]. Although the performance of the methods in [35],
[36] has been verified to show promising performance by
comparing with a number of well-known COEAs, there still
remains much room to improve the search algorithm,
thereby enhancing the entire search performance of the
algorithm, which is the third motivation of this paper.

Motivated by the above discussion, in this paper, the
two measures of controllability of cortical networks R and
o are embraced into a unified constrained optimization
framework. Then, an improved dynamic hybrid frame-
work (IDyHF) optimization approach is developed to
handle the problem of identification of controlling regions
in cortical networks. Through an appropriate encoding
scheme, the selection of driver nodes and the design of
their control gains are dealt with the proposed IDyHF. The
effectiveness of the proposed method is analyzed and
validated by several simulation examples. Some interesting
findings about the relevance of the number of driver
nodes, the controllability and constraints, are revealed by
our proposed method. This paper will not only help us to
understand the information processing of a typical
biological network as a neural network of cat, but also be
conducive to further understanding the controllability of a
weighted and directed network. The main contributions of
this paper are summarized as follows:

1. To the best of authors” knowledge, this paper is the
first attempt to transform the controllability problem
of a directed and weighted cortical network into a
constrained optimization problem, in which mini-
mizing R serves as the objective function and
minimizing o is viewed as a constraint. Therefore,
the impacts of both R and ¢ on controllability are
taken into account simultaneously, which has not
been addressed in the references so far;

2. an improved dynamic hybrid framework is pro-
posed, which performs better than two other
recently developed COEAs and methods from
control theory;

3. the controlling regions are identified by the IDyHF
in a microscopic and macroscopic way;

4. some interesting findings regarding the controlling
regions, the number of driver nodes, and the
characterization of eigenvalues are illustrated.

The remainder of this paper is organized as follows: In
Section 2, some preliminaries and problem formulation are
briefly outlined. The encoding scheme of EAs and IDyHF is
presented in Section 3. In Section 4, numerical examples and
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comparisons are provided and discussed. Conclusions are
given in Section 5.

2 PROBLEM FORMULATION

In this section, some representative references regarding cat
graphs [13], complex networks [8], evolutionary computa-
tion methods [32], and controllability [21] are provided here
for a clear presentation. The details of cat graphs are
provided in [19], [37].

2.1 Notations and Cat Graph

Throughout this paper, | € [1, N] stands for the number of
driver nodes of a network, where N is the network size.
Odm(-) denotes the characteristic function of the set M,
ie., 6pm(i) = 1if i € M; otherwise, 60(7) = 0. Define a graph
by G = [V, €], where V = {1,..., N} represents the vertex set
and &€ = {e(4,7)} is the edge set. The graph G is assumed to
be directed, weighted and simple (without self-loops and
multiple edges). Let the weighted and directed matrix G =
[ngj]%zl be the adjacency matrix of cat graph G, which is
defined as follows: for any pair i # j,g;; < 0 if e(3,7) € &;
— ¥ 4 9i(i=1,2,...,N). One
can convert the adjacency matrix G into the Laplacian
matrix L by neglecting the weights over the networks. For
any pair i#j,l; =—1 if e(i,j) € & otherwise, [;; =0.
liy = — Zﬁill# lij, (i=1,2,...,N). The output-degree
kout (1) = — Zj\/:“ 4;lij of a node i is the number of efferent
connections that it projects to other nodes, and its input-
degree k(i) = — Zjv:u £ lji, is the number of the afferent
connections it receives.

Hereafter, the cat corticocortical network, which shows
the anatomical connectivity, is employed as an example for
a complex network. The cerebral cortex of a cat can be
partitioned into 53 cortical regions (N = 53), connected by
about 830 fibers of different densities into a weighted and
directed complex network as shown in Fig. 1. This network
has been found to exhibit typical small-world properties,
i.e., short average path length and high clustering coeffi-
cient, indicating an optimal coordination for effective
interarea communication and for achieving high functional
complexity [17]. The cat cortical network also exhibits a
hierarchically clustered organization [37]. Recent studies
have shown that there exist four topological clusters that
widely agree with four functional cortical communities:
visual cortex (16 areas), auditory (seven areas), somato-
motor (16 areas), and fronto-limbic (14 areas). Here, the
topological clusters are also referred to communities or
modules. The connection matrix G of cortical networks is
both weighted and directed, which is more general than an
unweighted or undirected connection matrix studied in
most of the existing well-studied works regarding controll-
ability of networks [24], [29], [38].

otherwise, g¢;; =0. gi =

2.2 Controllability of Cortical Networks
In the following, let a reference evolution/state (desired
state) be as follows:
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Fig. 1. The brain cortical network of the cat. The weighted adjacency
matrix is shown (red: three dense, green: two intermediate, blue: one
sparse). The matrix shows the partition of the network into four main
modules (communities) of modally related areas: visual, auditory,
somatosensory-motor, and fronto-limbic.
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= f(s(1).

The above differential equation is general enough to
represent extensive real-world complex systems such as
social networks, biological systems, and other natural
systems [23].

The diffusively coupled array of identical systems with a
feedback controller is written as

dai(t) >
7 flzit) — ¢ > gijh(z
” (1)
—cﬁM() i(h(s(t)) = h(zi(t))),
)Nﬂ
where z;(t) = [z (t), zi2(t), ..., zin(D)]" €R® (i=1,2...,

N) is the state vector of the ith node/region/area and
flxit) = [fi(wi,t), ..., folai, t)]" is a continuous vector func-
tion. n denotes the dimensional size of each node. c is the
global coupling gain of the networks. In the coupling term,
the node is connected through a generic output function
h(z;(t)). The coupling matrix G describes the information
about the cortical networks topology, as described in Fig. 1.
Let p, = p, —l—],up(j =v-1),(p=1,2,...,N), be the set of
eigenvalues of G and assume that they are ordered in such a
way that pj < ph <--- <pufy. k; are the control gains or
coupling strengths between the vertex and the desired state.
It is clear that 1 < 3V 6,(i) < N. The goal of pinning
control is to guide a cortical network (1) toward the desired
reference state s(t), i.e., z1(t) = xa(t) = -+ - = an(t) = s(¢).

In order to seek to assess the controllability of network
(1), we consider an extended network of N + 1 dynamical
systems y;, where y; = x; for i =1,2,...,N and yn41 = s.
Then, (1) can be rewritten as follows [21]:
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i=1,...,N+1,

where W = [W,;] € RVD*V+1 in the form of

Ar g2 an  —Om(L)k1

g A Gon  —Om(2)k2

gN1  gN?2 Av  —om(N)ky
0 0 .. 0 0

in which A; = gi; + 6m(i)ki. Let A, = A7 4 jA, be the pth
eigenvalue of W and assume that )\, is sorted as
AL <A < - < Ay, where AT = 0.

Similar to the analysis method of checking synchroniz-
ability of networks [21], the controllability can be evaluated
in terms of

R= A?V-*—l
DY

and
o= mﬁx {)\;}

The smaller R and o are, the easier the network is
controllable [21], [26]. Liu et al. [22] consider the controll-
ability of state transfer in the network, while this paper and
Sorrentino et al. [21] investigate the controllability of
synchronization. In [22], if a network is controllable, one
state can be driven by a proper control input to any state.
However, in [21] and in this paper, the smaller R and o, the
easier the network can be controlled to a synchronization
manifold. Besides, there are two main differences between
[22] and this paper: 1) The model considered here is
nonlinear, which is very typical in real-life but the model in
[22] is limited to a linear one; 2) The adopted methods are
also different. In [22], the controllability in control theory is
used whereas we use evolutionary methods and control
approaches to handle the controllability problem.

2.3 Problem Transformation into a Constrained
Optimization Problem

In previous works, ¢ is usually neglected, since o is very
small in most of the coupling graph and thus has only
minor impacts on synchronizability [27] and controllability
of the network. However, this assumption might induce
unavoidable conservativeness and cannot reflect the actual
synchronizability and controllability of networks. In addi-
tion, in some special networks, e.g., normalized Laplacian
matrix, the value of o is comparable to that of R. In this
paper, we transform the controllability of cortical networks
into a constrained optimization problem, in which optimiz-
ing R is regarded as an objective and minimizing o is
viewed as a constraint, since usually R plays a more
important role in measuring controllability of networks
than o. In the following, we first give some preliminaries of
the constrained optimization problem and then transform
the controllability of cortical networks into a COP.

In general, the constrained optimization problem is
formulated as follows: find the decision variables = =
(z1,...,2p) € R to minimize the objective function
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min

Fij(z),z€QCS,

where () is the feasible region and S is the decision space
defined by the parametric constraints L; < z; < Uj,i =
1,2,...,D. z should satisfy m constraints including u
inequality constraints

QJ(T) < 07] = 1,27...,1,6,
and ¢ = m — u equality constraints
Hi(z)=0,j=u+1,2,...,m.

In general, the degree of constraint violation of a vector = on
the jth constraint is defined as

(o) — max{0, Q;(z)},
Mj(z) = {max{o, |Hj ()|},

1<j<u,
uil<j<m. D
Then, ¥(z) = 3 7, Mj(x) reflects the degree of constraint
violation of the vector z.

Therefore, based on the above analysis, we consider
three cases in this work:

1. The first case is formulated as follows:
AN

Ay (5)
subject to : Q1(z) <0,

min R =

where Qi(z) =0 —r,r=4o00. The first problem
means that the problem considered here is uncon-
strained and one should only minimize R as small as
possible. Hence, there is no need to use COEAs to
solve the first case. EAs for a single objective are
strong enough to tackle this problem.

2. The second case can be written as

T
ANt

A (6)
subject to : Q1(z) <0,

min R =

where Qi(z) =0 —r,r € (0,+00). Here, we just use
a representative number r = 0.1, which can distin-
guish the case II from the case I and the case III. The
second case is to minimize R as well as make the
inequality constraint feasible.

3. The third case is formulated in the following way:

Ny
A (7)
subject to: Hy(x) = 0,

min R =

where Hi(x) = o —r,r = 0. The third case indicates
that one should minimize R and suppress o = 0. In
this way, the effect of o can be neglected completely.

2.4 The Approaches for Determining the Locations
of Driver Nodes

In this section, the following strategies for detecting the

locations of driver nodes or controlling regions are taken

into account:

1. Degree-based scheme. The driver nodes are selected
according to out-degree information k., in an
ascending or a descending way. The two schemes
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are called the ascending and the descending degree-
based scheme, respectively.

2. Betweenness centrality-based scheme. Similar with
the degree-based scheme, a descending and an
ascending BC-based scheme are used here.

3. Closeness-based scheme. Two types of closeness-
based strategies, i.e., the descending and the
ascending closeness-based strategy are employed.

4. Node importance-based scheme. The node impor-
tance for undirected networks has been proposed in
[39]. It is worthwhile to point out that few works are
devoted to the node importance for directed net-
works. We consider two measures of node impor-
tance for the cortical network, which are widely
used in characterizing synchronizability of a direc-
ted network. The first one is to minimize 2 of G
upon sequential removal of nodes, which is’ called
U= #—based scheme. The other one is to minimize
S = nfax,,{uj,} of G upon sequential removal of
nodes, which is called S-based scheme.

5. Evolutionary algorithm-based scheme. Constrained
optimization evolutionary algorithms are used to
select driver nodes and design their control gains.

Similar with the work in [21], in the degree-based, the

BC-based, the closeness-based, and the node importance-
based schemes, the control gains in all the nodes are
assumed to be identical and are gradually tuned.

3 IMPROVED DYNAMIC HYBRID FRAMEWORK AND
ITs ENCODING SCHEME

3.1 IDyHF

In [35], a dynamic hybrid framework (DyHF) was proposed
which includes a global search and a local search. In the
global and local search models, differential evolution (DE)
acts as search algorithm, and Pareto dominance used in
multiobjective optimization works as a constraint-handling
technique to compare the individuals in the population. The
DyHF transforms a constrained optimization problem into a
biobjective optimization problem F(z)= (F(z),%(z)) by
treating the degree of constraint violation (z) as an
additional objective. Consequently, the original objective
function F(z) and the degree of constraint violation ¥(x)
should be taken into consideration simultaneously when
comparing the individuals in the population. A scientific set
of experiments and solid comparisons have validated the
effectiveness and performance of the DyHF, which is very
promising to deal with real-world problems [35].

As discussed in the Introduction, COEAs include a
search algorithm and a constraint-handling technique. In
this paper, we retain the constraint-handling technique of
the DyHF due to its efficiency and make some modifica-
tions on the part of the search algorithm. The modifications
concentrated on the part of global search in the DyHF. The
global search scheme in the DyHF utilizes a simple
mutation and a crossover scheme from the traditional DE.
However, the scheme adopted in [35] is too simple and thus
it is not adaptive to fit the search circumstances. Therefore,
we adopt a recently developed self-adaptive differential
evolution (jDE) to generate offspring to enhance the global
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search scheme, which can efficiently adjust the control
parameters in differential evolution and thus adapt to the
search situations [40]. The experiments have shown that the
jDE is easily implemented, has the ability of a good
convergence speed, and a good search accuracy.

Since the main algorithm structure of the DyHF, the local
search scheme, and the constraint handling technique are
retained in the IDyHF, we do not repeat the details here.
The global search model proposed in this paper focuses on
exploring more promising regions and refining the overall
performance of the population, which adopts the following
framework:

e Step 1. Each target vector z;( = 1,2,..., NP) in the
population P is utilized to generate a trial vector u;
through the mutation and crossover operations of
the jDE. The control parameters of jDE is updated
according to the self-adaptive scheme [40].

e Step 2. Compute the two objectives, i.e., F(x) and
the X(z), for the trial vector w;.

e  Step 3.Ifu; dominates x;, the trial vector u; will replace
the target vector z;, else no replacement occurs.

By using the trial vector to remove the inferior target
vector, the update of the population P is achieved through
Pareto dominance. It is clear that our modification of the
DyHF is simple and easily implemented; however, the
experimental results in the next section show the perfor-
mance is encouraging and promising. Another point that
should be taken into account is that IDyHF is based on
DyHF and therefore its complexity is similar to DyHF,
which can be referred to [35]. All evolutionary methods
with an elitism method such as IDyHF can be ensured to
find the global optimum with probability 1 if the number of
generation is infinity. For more details concerning the DyHF
and the jDE, we refer the readers to [35], [40], and the
appendix, which can be found on the Computer Society
Digital Library at http://doi.ieeecomputersociety.org/
10.1109/TCBB.2012.124.

3.2 The Encoding Scheme

In this section, an appropriate encoding scheme is used. It
consists of two components with the equal dimension size I:
the first one is an integer search space to denote the
locations of driver nodes; the second one is a continuous
search space to represent the control gains of driver nodes.

In order to illustrate our encoding scheme, an example
for the encoding scheme is given and explained. For the
sake of simplicity, I = 2 nodes are selected as driver nodes
and thus the dimension size D of the population is
D =2x1[. The parameter constraints are adopted as
L;=0,U; = N. Let an individual be = = (21,2, z3,24) =
(51.1,8.7,21.9,4.2). Since the node index is an integer, the
round operators are performed in the first part of each
individual and thus z = (51,9,21.9,4.2). The encoding
denotes that the regions (nodes) ¢ = 51 and ¢ = 9 are chosen
as driver nodes and injected with feedback controllers,
ie., 6p(51) =1 and §,¢(9) = 1. In addition, the second part
of encoding means that the control gains of regions 51 and 9
are 21.9 and 4.2, respectively, which indicates that x5 =
21.9 and k9 = 4.2. From the above discussion, the encoding
scheme is very simple and easily implemented. The
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evolutionary computation algorithms adopted in this paper
can use this encoding scheme to locate the position of driver
nodes and determine their control gains.

The advantages of using COEAs to study the controll-
ability of cortical networks and identify the controlling
regions are obvious and discussed in the following. The
search range of each dimension is assumed to be the same
and written as Az = (U; — L;). In order to find the driver
nodes from N = 53 as a function of I/, one has to locate [
driver nodes out of N vertices. Then, there are Cj\ distinct
combinations. For instance, there exist 9.0 x 10'* combina-
tions when [ = 25. It is impossible to adopt a Brute-force
method to select the driver nodes. In addition, even if the
locations of driver nodes are known a priori, the problem is
then reduced into an I-dimensional continuous optimiza-
tion problem. In [21], [41], by simply assuming the control
gains of each driver node to be identical, the control gains
are tuned gradually with a step size ¢, which will give rise
to unavoidable conservativeness.

4 MAIN RESULTS

In this section, several examples are presented to confirm
the performance of the IDyHF in comparison with two
COEAs and methods from control theory and graph theory.
The controlling regions are identified in a microscopic, and
macroscopic way, respectively.

To show the advantages of the IDyHF is suitable to treat
the controllability and identification of controlling regions of
cortical networks, the IDyHF is compared with two evolu-
tionary computation approaches the CMODE [36], and the
DyHF [35]. Note that the CMODE and the DyHF have been
recently developed and shown their advantages over some
well-known COEAs [35], [36]. In addition, the IDyHF is also
compared with other methods in the field of control theory
and graph theory, which are listed in Section 2.4.

Hereafter, COEAs will be repeated 10 times indepen-
dently for eliminating random discrepancy and terminated
when COEAs algorithms attain f, ,.x. The parameter setting
of the CMODE and the DyHF is according to [35], [36]. The
parameter setting of the IDyHF follows [35], [40]. The
maximum fitness evaluation f, max is set to femax =1 * D
and D =2x[ is the dimension size. n=12,500 is a
predefined constant, which is popular in evolutionary
computation area.

Comparisons of the IDyHF with the CMODE and
the DyHF

In the following, the reliability of evolutionary computation
methods is shown in terms of the mean value M and the
best value B of 10 runs. In COEAs, the best solution among
each running time is recorded. Since 10 times are used in
this paper, there exist 10 solutions for each algorithm under
different [. Using the recorded solutions, we calculate the
best value B and the mean value M of 10 runs under
different {. Both B and M of the solutions are of great
significance for measuring the reliability of the algorithm;
hence, we introduce as a combined measure

Q=B x M. (8)
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TABLE 1
Search Result Comparisons among Three Algorithms for
Different [ of Driver Nodes in Cortical Networks with a Network
Size N =53 and r = 0.1, See Fig. 1

CMODE DyHF DyHF

R 5 R by R s

M | 361718 0 | 303335 0 | 29.017 0

1=6 | B | 309949 0 | 285985 0 | 284976 0
Q | 334834 0 | 294533 0 | 28.7561 0

M | 221119 0 | 17924 0 | 160513 0

I=12 | B | 213298 0 | 157408 0 | 155056 0
Q| 217174 0 | 16797 0 | 157761 0

M | 18122 0 | 1413156 0 | 111256 0

1=18 | B | 159598 0 | 10.6539 0 | 10.6253 0
Q | 170066 0 | 122701 0 | 10.8726 0

M | 142728 0 | 11.0648 0 | 8706 0

1=24 | B | 12923 0 | 79463 0 | 73016 0
Q| 135812 0| 93768 0 | 7973 0

M | 11.9477 0 | 84731 0 | 7.0268 0

1=30 | B | 108937 0 | 69599 0 | 62412 0
Q| 114085 0 | 76793 0 | 6.6224 0

M | 108115 0 | 66889 0 | 52418 0

1=36| B | 99942 0 | 57471 0 | 47158 0
Q| 103948 0 | 62002 0 | 49719 0

M | 105946 0 | 81058 0 | 47643 0

1=42 | B | 92208 0 | 47948 0 | 3.9905 0
Q| 98838 0 | 62343 0 | 43603 0

M | 88032 0 | 61074 0 | 3.0804 0

1=48 | B | 86091 0 | 40594 0 | 27845 0
Q| 87056 0 | 49792 0 | 29287 0

The calculation of ) is given in (8). The best results among the three
algorithms are shown in Bold fonts.

It is obvious that @ should be made as small as possible. B,
M, and Q) of the solutions are listed in Table 1. In addition,
the degree of violation ¥ is also presented. The number of
driver nodes is increased from 6 to 48 with a step size 6. The
best results among the three algorithms are presented in
Bold fonts. From Table 1, it can be observed that ¥ can
achieve zero in three algorithms with different {, which
indicates that all the three algorithms can find feasible
solutions. Since all the results are feasible, we only focus on
the objective value R. It can be easily seen that the IDyHF
performs best among the three algorithms, especially the
dimension size D is large. The DyHF performs a little better
than the CMODE and worse than the IDyHF. The IDyHF is
the most powerful algorithm among these algorithms, since
it is equipped with the jDE. The mechanism will help the
IDyHF to explore the search space with good accuracy and
high convergence speed. In the following, we use the
IDyHF to carry out all the following simulations.

4.2 Comparison of the IDyHF with the Schemes in
Section 2.4

In this section, the IDyHF is compared with other schemes in
Section 2.4. The control gains of these methods are
considered to be identical in each dimension and tuned by
a step size 0.1 gradually, except the IDyHF. Note that the
methods 1-4 in Section 2.4 only focus on minimizing R and ¢
is neglected, except the IDyHF. The best solutions in 10 runs
of the IDyHF under different [ are used to yield the following
results. In the following, we only consider the third case in
Section 2.3, i.e.,, = 0. r = 0.1 will produce similar results.
The comparison of different  will be presented in Section 4.5.

From Fig. 2a, the IDyHF performs better than the other
methods in terms of R in most of cases, and the IDyHF
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Fig. 2. Optimizing R with different schemes and r = 0 as a function of /. (a) Comparison of R with different schemes as a function of i. (b) Comparison

of o with different schemes as a function of [.

works worse than a few methods in terms of R in some
cases, since all the other methods do not take the index of o
into account. It indicates that although a few methods are
better than the IDyHF on R in some situations, they are not
successful in having feasible solutions as a function of [, as
seen from Fig. 2b. In order to satisfy the constraint as much
as possible, the IDyHF has to encounter the situation that it
loses the accuracy of R. From Fig. 2a, at the very beginning,
the descending BC-based method performs best. When [
increases, the descending degree-based strategy, the des-
cending BC-based strategy, and the ascending closeness-
based strategy are getting worse. In converse, the ascending
degree-based strategy, the ascending BC-based strategy,
and the descending closeness-based strategy are becoming
better. Although U and S can characterize the synchroniz-
ability of networks suitably, they cannot be simply applied
to study the controllability of networks, since the controll-
ability problem considered here is a combinatorial optimi-
zation problem. And the optimal combinations of driver
nodes is largely dependent on the number of driver nodes I.

From Fig. 2b, it can be found that the IDyHF always
performs best than the other methods in terms of ¢ and
when [>2, o always attains zero using the IDyHF.
However, other methods cannot work well in terms of o,
since they are only concentrated on minimizing R without
considering a constraint. From Figs. 2a and 2b, one can also
find that the values of o are smaller than R, especially when
lis small. This is consistent with the findings in [26], [27], in
which max, {4} can be neglected in studying synchroniz-
ability of complex networks in most of the cases. It is also
worthwhile to point out that, when [ — N, the effect of ¢
cannot be neglected, since R is getting smaller and the value
of R is comparable to the value of o. Therefore, o should be
taken into account for measuring the controllability of
networks, especially when [ is large.

4.3 Identification of Controlling Regions Using the
IDyHF—A Microscopic Way

In Figs. 3a, 3b, and 3¢, the mean values of the degree, BC
and closeness information of driver nodes by various

methods as a function of [ are depicted, when r = 0. It can

be found that the mean values of driver nodes selected by
the IDyHF are intermediate, belonging to the range of mean
values of the ascending and the descending degree-based
schemes, which are less than the mean value of network
degree. As [ increases, the mean values of driver nodes
selected by the IDyHF are getting larger and then converge
to the mean value of network degree. Moreover, the
standard deviation of the degree of the driver nodes
selected by the IDyHF is relatively stable as a function of
l. For a clearer presentation of which nodes should be
selected as driver nodes, details of the degree and BC of
driver nodes as a function of [ are provided in Fig. 4. From
Fig. 4, when [ is small, no regions with a large degree or BC
are chosen as driver nodes. With increasing I, the driver
nodes are picked from the regions with a small degree and a
large degree at the same time. This tendency is much clearer
as | increases, as seen from Figs. 3a, 3b, 3¢, and 4. In the
latter stage, the driver nodes are distributed evenly in the
networks. In summary, one should pick more nodes with a
large degree as [ increases, while the nodes with a small
degree should also be chosen.

In the following, the dependence of R, A\, and Xy, on [
is investigated. From Fig. 5, it is observed that R(l) 177,
which is useful to predict R when knowing [ a priori. In
addition, one can see that in order to minimize R with a
small [, A} should be enlarged as much as possible, while
Ay, should be suppressed near a constant value. With a
large I, both Ay ,, and X, grow exponentially and the
growth of the amplitude of A; is larger than that of A}, ;.
The finding indicates that A} plays a more important role to
enhance controllability than Xy ,. Fig. 5 also displays that
the shape of R is largely dependent on X,. When | — N,
Ay & ANy, 1, which gives rise to R~ 1. To summarize, in
order to enhance controllability, one should put more
efforts on enlarging \j than reducing A}y, ;.

4.4 Identification of Controlling Regions Using the

IDyHF—A Macroscopic Way
By means of the IDyHF, the identification of controlling
regions of the cortical networks with different r as a
function of [ is illustrated. Denote
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N
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which qualifies the times of selection as driver nodes of
each node in cortical networks. Apparently, the regions

with a large & play a vital role in controlling cortical
networks. After the control of a cortical network with an
increase of [ (step size 1), we sort & under r = +oo,r = +0.1,
and r = 0. As mentioned in Section 2.3, when r = +o0, the
constrained optimization problem is reduced into a single
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objective problem without constraints. Therefore, there is no
need to use COEAs to handle the case of » = +oco. Here, we
use a recently developed evolutionary algorithm, i.e.,
adaptive deferential evolution (JADE) [42], for solving this
single objective optimization problem. When r = 0.1 and
r =0, the COPs are dealt with the IDyHF. The results are
shown in Fig. 6a in an ascending way and Table 2 in a
descending way. It can be checked from Table 2 that there
exists some minor differences for the pinned times of each
node in the three cases. It can be found that the regions with
a large & can be viewed as controlling regions and are
widely spread in four communities. Therefore, the cortical
networks can be controlled with high efficiency. Table 2
infers that the regions such as VPc and 2 are very important
to control the cortical networks. Meanwhile, the regions
such as 5AI can be neglected to serve as driver nodes. From
the controlling regions in all three cases, it can be found that
the controlling nodes are different from the usual hubs

L
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Fig. 5. R, X3, and X}, as a function of I, when r = 0.

detected by degree, BC, and motif-based methods in [17], in
which the hubs are usually selected from the nodes with a
large degree.

In order to illustrate which potential rules govern the
selection of controlling nodes, the degree differences Ak =
kin — kou of each region in the cortical network are shown in
Fig. 6b. From Fig. 6b, it can be observed that the controlling
regions are selected from the nodes with a large k;, and a
small k.

4.5 Comparisons of the IDyHF with Different r

In this section, enhancing controllability of cortical net-
works under different constraints r is investigated using
EAs. The comparisons of R and o are presented in Figs. 7a
and 7b. From Fig. 7a, JADE performs better than the IDyHF,
since JADE neglects the effect of 0. However, the differences
between the lines are close to each other, which also verifies
the performance of the IDyHF. Although the IDyHF
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Fig. 6. & and Ak is sorted in ascending way according to & when r = 0. (a) & of each node in cortical networks of cat. (b) Ak of each node in cortical

networks of cat.
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TABLE 2
Controlling Times and lts Community of Each Node Belonging to when Optimizing R under Different r
r =400 r=0.1 r=20
Node Name 3 Community Node Name 3 Community Node Name 3 Community
VPc 50 Auditory VPc 51 Auditory 2 48 Somato-motor
2 50 Somato-motor 2 48 Somato-motor VPc 47 Auditory
AMLS 48 Visual AMLS 45 Visual AAF 46 Auditory
21b 48 Visual 21b 45 Visual Sb 45 Frontolimbic
PS 48 Visual Sb 45 Frontolimbic Enr 45 Frontolimbic
2la 47 Visual AAF 43 Auditory PS 44 Visual
ALLS 45 Visual PS 42 Visual 21b 42 Visual
Sb 45 Frontolimbic ALLS 41 Visual AMLS 41 Visual
Hipp 45 Frontolimbic P 41 Auditory Hipp 41 Frontolimbic
AAF 44 Auditory Enr 41 Frontolimbic PLLS 40 Visual
Tem 42 Auditory Hipp 41 Frontolimbic p 40 Auditory
P 40 Auditory 21a 38 Visual ALLS 39 Visual
SIV 40 Somato-motor PLLS 37 Visual Tem 39 Auditory
3a 39 Somato-motor Tem 37 Auditory 3a 37 Somato-motor
1 39 Somato-motor 1 37 Somato-motor 1 37 Somato-motor
DLS 38 Visual DLS 36 Visual 21a 35 Visual
SII 38 Somato-motor SIV 36 Somato-motor 19 34 Visual
PSb 38 Frontolimbic 4 36 Somato-motor DLS 34 Visual
4 36 Somato-motor 3a 35 Somato-motor 4 34 Somato-motor
PLLS 33 Visual 36 35 Frontolimbic All 32 Auditory
All 33 Auditory PSb 34 Frontolimbic PSb 32 Frontolimbic
RS 32 Frontolimbic 19 32 Visual SIV 31 Somato-motor
PMLS 30 Visual SII 29 Somato-motor 36 30 Frontolimbic
20b 30 Visual RS 28 Frontolimbic 18 29 Visual
VLS 29 Visual 17 26 Visual SII 29 Somato-motor
PFCMil 29 Frontolimbic All 26 Auditory AES 28 Visual
Enr 29 Frontolimbic PFCMil 26 Frontolimbic 17 27 Visual
19 27 Visual 20b 25 Visual PMLS 26 Visual
3b 27 Somato-motor 18 24 Visual VLS 25 Visual
17 25 Visual VLS 24 Visual RS 25 Frontolimbic
SSAo 25 Somato-motor Ig 24 Frontolimbic 20b 24 Visual
18 22 Visual PMLS 23 Visual PFCMil 24 Frontolimbic
4g 21 Somato-motor AES 23 Visual SSAo 23 Somato-motor
Al 20 Auditory SSAo 22 Somato-motor Ig 21 Frontolimbic
PECI 20 Frontolimbic 3b 21 Somato-motor 35 21 Frontolimbic
36 20 Frontolimbic 4g 21 Somato-motor Al 19 Auditory
61 19 Somato-motor Al 20 Auditory 3b 19 Somato-motor
7 18 Visual PFCI 20 Frontolimbic 4g 19 Somato-motor
SSAi 16 Somato-motor 35 18 Frontolimbic PFCI 18 Frontolimbic
5Bm 14 Somato-motor 7 16 Visual 7 17 Visual
Ig 14 Frontolimbic EPp 16 Auditory 61 17 Somato-motor
6m 12 Somato-motor 61 16 Somato-motor 6m 17 Somato-motor
PFCMd 11 Frontolimbic 5Bm 16 Somato-motor Ia 15 Frontolimbic
AES 10 Visual SSAi 16 Somato-motor 5Bm 14 Somato-motor
Ia 9 Frontolimbic Cga 13 Frontolimbic SSAi 14 Somato-motor
EPp 8 Auditory 6m 12 Somato-motor EPp 13 Auditory
5BI 7 Somato-motor 20a 11 Visual Cga 13 Frontolimbic
Cga 6 Frontolimbic Ia 10 Frontolimbic PFCMd 12 Frontolimbic
35 5 Frontolimbic 5BI 9 Somato-motor 5BI 9 Somato-motor
5Am 4 Somato-motor CGp 7 Frontolimbic CGp 8 Frontolimbic
20a 3 Visual 5Am 6 Somato-motor 20a 7 Visual
CGp 2 Frontolimbic PFCMd 6 Frontolimbic 5Am 3 Somato-motor
5AI 1 Somato-motor 5AI 1 Somato-motor 5AI 2 Somato-motor

& can be seen from (9).

performs worse than JADE in terms of R, the IDyHF works
much better than JADE in terms of o, as seen from Fig. 7b.
With increasing I/, o obtained by JADE gradually turns
larger, which implies that only minimizing R will give rise
to an increase of o, when [ increases. In addition, the line of
R when r=0.1 is very close to that of R when r =0.
Meanwhile, it is also clear to see that there are differences
between the line of ¢ when r = 0.1 and the line of o when
r = 0. It is also worth mentioning that, when [ is very small,
e.g., | =1, the IDyHF cannot find feasible solutions and,
therefore, it produces solutions with the least degree of
constraint violation in the population. Once | exceeds a
threshold, the IDyHF is able to find feasible solutions and,

therefore, the feasible solutions with the least fitness will be
regarded as the best solution and presented. In summary,
the IDYHF can enhance the controllability of cortical
networks when [ increases, while keeping the solutions in
a feasible space as much as possible.

In the following, we also show the differences between
the driver nodes under different r. It is clear to see that the
mean values of degree, BC, and closeness under r = 0.1
and r = 0 are close to each other, as seen from Figs. 3d, 3e,
and 3f. However, there are apparent distinctions between
the mean values of degree, BC and closeness of r» = 0 and
those of r = +o0o0. In the case of r =+o00 and when [ is
small, one should choose the regions with a large degree,
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and then abruptly change to the regions with a small
degree with increasing I. There exists a clear transition
from the regions with a large degree to the regions with a
small degree when r = +o0, as seen from Fig. 3d. It is quite
different from the case of r =0 and r = 0.1, in which one
should always pick the regions with a small degree below
the mean degree of the cortical network. With increasing I,
the tendency of mean degrees of driver nodes increase
accordingly. In addition, it can be observed that one should
select the regions with a smaller degree in the case of r =
+o0o than the cases of r = 0.1 and r = 0, when [ exceeds a
threshold. This reveals that in order to only minimize R
with r = +o0, it is necessary to choose the regions with a
large degree at first, then select the regions with rather
small degrees. However, when minimizing R under a
constraint r, it is efficient to pick the regions with a small
degree as well as the regions with a large degree o, as seen
from Figs. 3d and 4. That is, the existence of constraint r
will result in a different control rule.

5 CONCLUSION

How to control a complex system is deemed to be crucial in
understanding natural systems. In this paper, the problem
of detection of controlling regions of a realistic cortical
network is first transformed into a constrained optimiza-
tion problem, which combines the two measures R and ¢
into one unified framework. Then, in order to deal with
this constrained optimization problem, an improved
dynamic hybrid framework is developed based on the
adaptive differential evolution and the DyHF. The IDyHF
does not only minimize R, but also seeks to find feasible
solutions to satisfy the constraint of o. Our experiments
have verified clear advantages of the IDyHF over the DyHF
and the CMODE. In addition, the comparisons of some
well-known methods, such as degree, BC, closeness, and
node importance-based methods are presented, which
illustrates the effectiveness of the IDyHF. By using the
IDyHF, the controlling regions are detected in a micro-
scopic and macroscopic way. The dependence of R, A, and
Ay, on [ is illustrated. More importantly, the relevance of
selection of driver nodes to the number of driver nodes !

and constraint of r is discussed. The impacts of  on the
controllability and selecting driver nodes are also dis-
cussed, as seen in Figs. 3d, 3e, 3f, 7a, and 7b. We have
found that the controlling regions depend on the number
of driver nodes, especially the driver regions with a large
in-degree and a small out-degree should be considered to
be driver nodes with priority. It is found that controlling o
is becoming more important in controlling a cortical
network with increasing I. Additionally, with increasing
of I, the regions with a large degree is becoming more
important. All the findings imply that the controlling
regions are different from the usual hubs in [17], [23], in
which the hubs in networks are usually selected from the
regions with a large degree [17], [19].

At the end, it is valuable to provide some future
discussions. First, one can develop more promising evolu-
tionary computation methods to handle the controllability
of cortical networks. Second, COEAs can be applied to other
realistic natural complex systems to unveil the potential
controlling rules. Third, it is of great importance to develop
more intelligent techniques such as genetic algorithms or
particle swarm optimization (PSO) [43], [44] for detection of
efficient controlling regions. This achievement would
require further explorations in neuroscience, in dynamical
complex systems, in EAs as well as in control technology
society. Fourth, the limitation of this paper is to linearize (2)
and how to present global controllability is a future research
topic [45], [46]. Finally, it is also interesting to extend our
results to study the observability and controllability of
cortical networks or multiagent systems [47].
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