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Activation of Neuronal Ensembles Via Controlled
Synchronization

Gualberto Solis-Perales, and Juan Gonzalo Barajas-Ramize

Abstract: In this contribution we present the activation of neuronaembles of Hindmarsh-
Rose neurons by controlled synchronization. The main prolonsists in to impose a particular
spiking-bursting behavior in all the neurons of the netwovie consider a network where the
neurons are in its resting state, it is desired that the msurioange their resting state to a particular
behavior of activation, dictated by a neuron called therszfee neuron. The goal is reached
by controlling some neurons in the network controlling otilg membrane potential (electrical
synapse). The key feature of the present contribution iskthaontrolling a small number of
neurons in the network a desired behavior is induced in allntburons in the network despite
its network topology. The important parameters are therobgain and the coupling strength,
thus the activation of the network lays down on a comprométeveen the control gain and the
coupling strength.

Keywords: Neuron Activation, Synchronization, Complex Networksn@ol of Complex Net-
works.

1. INTRODUCTION entire network to track an arbitrarily chosen reference in a
synchronous manner [7].
In recent years, the study of dynamical networks has at-
tracted a lot of attention, due in part to the many interest- . .
nizing controllers for an ensemble of neurons, which are

ing problems and applications in electronics, neural sys- led t I b ¢ in 181 th
tems, social communities, diseases spreading, and biolog@ﬁIO |e_ tc') a sfma ITum |§r 0 neuro?s, 'E [ ] the s%/nd-
ical systems to mention just a few. Dynamical networks chronization of smail-world heuron neworks IS presented,

pose many challenges extending from the interplay amon however, the st?/nt\?ronltzr?tmn IS carrleSd out by rr:teans of ¢
their dynamical and structural components until problems € synapses between the neurons. Some results presen

on establishing models that capture their key topologicalﬂl]g syr;]chro:hlzanon ﬁemee{' ngurotnz_lr:j a netwcl)lrk t[g]
features, to determine the stability of their collective be [ ]W ere Ihe synchronization 1s studied as a coflective
havior [1,2]. The reader is directed to [3-5] and refer- activity obtalne.d by varying certain parameter§ in the neu-
ences therein, for a detailed review of applications and im_lro?hr_nodel,tthbe ![ncommgt():_urr?nt ‘f?m? the coupltlrr:g stringth.
portant characteristics and classifications of complex net N this contribution the objective IS 1o IMPose the Spiking-
works problems. For instance, a problem in this context bur_stlng gctmty on the ensemble of neurons \.Nh'Ch arein
is the synchronization of networks with strictly different their resting state_ by means of a controller which pr_owdes
nodes, it was reported that through proper coupling mod_theladvantage oflmposllng any othe_rneuron be.hawor.. The
ifications a network with nonidentical nodes can achieve active state of neurons is characterized by multiple spikes

synchronous behavior on a common chaotic attractor [6].WhICh is caused by the interactions of slow and a fast

An interesting point is that the resulting synchronized col processes. These features of the active state in neurons

lective behavior is determined by the dynamical character-2'€ well documented in biology, for example the neurons

istics of each node, the structure of their interconnestion in the thalamus in spike-burst activity produce periods of

and their coupling strength. These observations indicatedrows'_nesfs’ Inattentiveness or_sleep [11]; anothere>_<ampl
f oscillations produced by spike-burst synchrony in the

that a desired behavior can be induced into a synchronizeé’ . . .
dynamical network by properly choosing these network neurons is the s_Iow osc_lllatory behavior of neurons that
features. Then, a controller can be designed to force thenaturally oceurs in sleeping mammals 11-16}.

In this proposal we focus on the design of synchro-
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quired a controller for each neuron. Some published re-n <« 1); andxi4 represents an even slower current dynam-
sults deal with the synchronization of neuronal networks ics (with 8 < n < 1) which models the calcium exchange
considering as many controllers than the number of neu-between the intracellular stores and the cytoplasm. As it
rons in the network, moreover, they synchronize two equalwas mentioned, the main idea is to impose a particular pat-
networks with the same topology by means of controlling tern in the network using a classical controller, therefore
each neuron in the response network [18], [19], [20]. In we are interested in reactivating the neurons in the net-
our proposal we assume that the neurons in the networkvork or induce the spiking-bursting activity in the mem-
are in a silent state, with the end of illustrate the activa- brane potential as illustrated in Fig. 1.

tion, but can be considered other behavior of the neurons.
Then, applying the synchronizing controller to some neu-
rons, a desired pattern of activation can be imposed in the
entire network. We show that a simple classical controller
can practically impose a pattern of activation on a ensem-
ble of HR neurons.

The rest of the manuscript is organized as follows: Sec-
tion 2 describes the problem of the activation of a net- =
work of neurons; Section 3 presents the procedure to im-
pose the activation pattern on the neural ensemble via the
controlled synchronization; in Section 4 numerical simu-
lations are presented to illustrate the activation of the ne
work and finally, Section 5 closes the contribution with
some concluding comments.

Membrane Potential

2. PROBLEM DESCRIPTION
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2.1. Model of a Single Neuron

Each node in the network is a neuron and is described
by the D HR model [21], which is an extension of th®3
model reported by Hindmarsh and Rose [17]

Fig 1: Spiking-bursting activity of the HR neuron (refer-
ence), this is the desired activation pattern.

X = y—a—bxe+1-z
y = c—dxP—y (1) On the other hand, in order to obtain a resting state in
zZ = r(sx—x%)—-2 the behavior of the HR neuron, the parametes varied,

thus the influence of the fast currentin the neuron is dimin-
ished and the spike-burst regime is reduced or suppressed
and then the operation of the neurons become a fixed point
as presented in Fig. 2. In this way some of the neurons in

The 4D model is considered due to its facility to be im-
plemented electronically and all its potential applicatio
in syntectic biology and the model is given by the set of

equations the network reproduce a silent behavior and then the col-
: 5 lective behavior is an equilibrium point. Therefore, the
X1 = axz+ X - Yy — Ozt main problem is to activate the neurons in the network by
Xz = &~0%;—X2— {xia means of a controller which imposes a particular behavior
iz = N(=%3+S(xi1+h)) ©) in the controlled neurons.
Xia = O(=a+1 (X2+K))
Vi = I'X

. 2.2. Ensemble Description
wherex; = (xil,xiz,xi3,>q4)T € D c R%is the vector states S script

of the i-th neuron andD is the subspace for all admis- We consider a group of neurons described by (2) cou-
sible x;, parameterst,3, vy, 9, €, 0, {, n, 6, 9, 1 and pled via their electrical activity represented by the mem-
K, are constant parameters which embody the underlyingorane potentiaki;. In the reminder of this contribution
current and conductance dynamics in this polynomial rep-we will consider that this is the unique form of communi-
resentation of the neural dynamié¢s= diag[1,0,0,0] is cation between neurons in the ensemble. Therefore, the
the output matrix and indicates which state in the systemi-th neuron transmits the currery to the j-th neuron

is the output, for neuron systems the output is the currentthrough the connections of the network, this current is al-
produced by the membrane potential (electrical synapsepebraically added to the currents coming from all other
represented by;1; X2 represents the “fast” current, while neurons to form the incoming external electrical activity.
X3 represents the “slow” current of the ion dynamics (with Then, the state space description of a network with N lin-
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Membrane Potential

Fig 2: HR model in its resting state, it is stabilized at an
equilibrium.

early and diffusively coupled HR neurons is given by:

N
% =F(x)+cy Zjrx ®)
=1

wherex; are the state vector of theh neuron on the net-
work; F : D — R is a smooth vector field representing the
dynamics of thd-th neuron. The inner coupling matrix
is of the forml" = diag|[1, 0,0, 0] and the connections de-
scribing the topology are given by the Laplacian matrix
L = {4} € RN*N if there is connection (coupling) be-
tween thei-th and j-th neurons then?}j = .%ji = 1 for
i # ] otherwise.Z}; = .Zj}i = 0 and the diagonal elements
satisfiesZii = — 3 ;i %

As stated in the introduction, the imposition of an ac-

tivation pattern in the inhibited ensemble is desired. Thejs not controlled an& € R™" is the gain matrixK;

o
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Fig 3: Network topology considered for the ensemble of
HR, whereus, uz anduy4 are controllers applied in
the nodes 1, 3 and 14. neurons.

follows

XRet (1) = AXret (1) + f (Xret (1)) @)
%i(t) = Axi(t) + f(x (1) + 3y LX) (1) + i

whereA is the matrix for the linear part of the neuron sys-
tem, Xget (t) is the state vector of the reference system,
which is not influenced by the rest of the systemss the
input vector control to theth system f(x(t)) is the non-
linear vector field lumping the nonlinearities of the sys-
tems and satisfigsf (xi) — f(xj)|| < @l/x — x;||, for some
positive @, .7 j are the entries of the Laplacian mattix
which describe the network topology. This control feed-
back law is given ag; = 1iKie (t) whereg € D g(t) =

Xref () — X (t) describes the synchronization error between
the reference and thieth system,7; = 1 corresponds to
the case of a controlled system and= 0 if the system

proposed ensemble is illustrated in Fig. 3, note that theregiaglk;,0,0,0]. The controlled systems can be determined
are some nodes highly connected whereas many nodepy setting zero or one the elements of the diagonal matrix

only have one connection [22]. For the imposition of the

T =diag[11, T2, -+, In]. With this information and using

activation pattern we propose to control nodes 1, 3 andthe Kronecker product one can construnhadimensional

14. To this end, in the following section a controller is

proposed to force the entire network to follow a reference

membrane potential behaviotgs 1).

3. IMPOSING AN ACTIVATION PATTERN VIA

CONTROLLED SYNCHRONIZATION

The trivial case for imposing a pattern in a network is

when every system is controlled or forced to track a pre-

system considering (t) = [x(t)T,%0)T,--- ,xn(0)T]T

X(t) = Inxn @ AX (1) +F (X (1)) +cL T x(t)+ )

T @K (Xger (1) — (1))
whereZ (x (1)) = [f (xa(t)T, F(x2(t)) -, f O (1) T]"

is anN vector lumping the vector fields of the neurons and

Xref (t) = [Xret ()T, XRef (1), , Xret (1)T]". The design-

ing parameters are the coupling strengtand the feed-

scribed reference [18], [19], [20], therefore, the maireide back gainK such that the network synchronizes to the
is to controlp < N nodes in the network. This means that referencexges(t). The synchronization problem can be
controlling a small number of nodes, the synchronous be-viewed as a stabilization of a dynamical error system be-
havior is induced or imposed to the whole network. The tween the reference and the controlled systems in the net-
network description including the control input is given as work, thus, from (5) the dynamical error system is as fol-



lows

&(t) = Inxn @ Ae(t) + .7 (Xpet) — F (X (1)) +

cLoret)—Toket) O

now it can be defined a matrix functid¥y x for anyx, x €
D by
Wex(x— %) = f(x) — £(%] W)

where the matriX¥y € D is bounded and there exists a
positive constantr such that|| Wxx ||< a for anyx,X €

D. Condition (7) comes from the Lipschitz condition and
the mean value theorem [23], [24]. Therefore from (6)
and (7) the synchronization error system for the controlled
network is written as follows

e(t) = Inxn ® Ae(t) + d(e(t))e(t)+

(Lol ~ToKet) O
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whereW = Diag[ay, d,- -, an], now let us de-
fineQ=Inxn@A+WY+ (cLe T —T®K) thus
the derivative can be writing as

Vie) < e (IneP)Qe+e'Q"(In®P)e
< e {(In@P)Q+Q"(INn®P)}e

letR= (INn®P)Q+ QT (In®P) and sinceR =
R thusR = U*AU, whereU is a square unitary
matrix andA = Diag(A1,A2,- - ,Ann). Then

V(e)<e'Re<e'U*AUe< & A&< g||g| <0

where€'= Ueg, therefore, according to the Lya-
punov stability theory system (8) is asymptoti-
cally stable about the origin, hence the network
is synchronous and this complete the proof.

whered(e(t)) = Diag[Wye.; s —e1t): " » Pt et —en(t))- The previous Lemma provides conditions for the controlled

thus the synchronization between systems is achieved igynchronization of networks, and for the case of networks
system (8) is asymptotically stable at the origin. Note that Of neurons provides conditions for the imposition of a par-
the stability of system (8) depends on the value of the con-ticular behavior in the whole network. Moreover, the syn-
trol gains of the feedback control law and the coupling chronization between neurons is achieved even if the neu-
strength of the network. In the following Lemma a condi- fons behavior is not in the resting state, since the input in
tion to achieve synchronization is provided, however, the €ach neuron has the information required to stimulate the

choice of the controlled nodes and the determinatiop of Nneuron such that it follows its neighbors.

is not studied.

Lemma 1. If there exist control gain&, a cou- 4. SIMULATION RESULTS

pling strengthc and given an appropriate matrix
I, for everyg € D, Aj(e) < —o with j =1,2,
---,nN, o > 0, wherei;(e) is thej-th eigenvalue
of the matrix

With the previous results we consider the network ar-
rangementillustrated in Fig. 3 with = 30 and with three
controlled nodes. The parameters for the neurons in the
nodesar§ =3;y=1;6=099;1 =0;,e=101;,0 =
5.0128;{ = 0.0278;n = 0.0021;S= 3.966;h = 1.605;

6 =0.0009;% =0.9573;1 =3.0; kK = 1.619. The parame-
tera = (1+A)ag with 0 < A < 0.1 andag = 1, produces
the resting behavior in some neurons. The synchroniza-
tion error system is given by

(IN®@P)(Inxn @A+ P(e(t)) + (cLl =T ®K)) +
(Inxn @ A+ D(e(t) + (LT —T@K) T (In®P)
with P € R"™" some positive definite matrix,

then the synchronization error system (8) is asymp-
totically stable at the origin, which implies that

the systems in the network (4) are asymptotically &1 = Q62— 0e3+ (BXos 1 — Vet 1)~
synchronized. (Bxizl _ Vfiq’l) —tu ’ '
: 2 2
Poof. Choose the candidate Lyapunov function &2 —@2— {4+ (—OXger 1 + 0X7) )
é3 = -—-nes+nSen
V(e)=e'(In@P)e &s = —69es+0ia;

From this system we proceed to determine the largest eigen-
value of the matriR= (Iy® P)Q+ QT (Iy®P), for values

of c € [100Q 5000 and for the gain matriX = diag[ki, 0,

0,0] with k; € [100Q350(9 is applied to the nodes 1, 3
and 14, as illustrated in Fig. 3. Then with this set up, the
control gains and the coupling strength are determined nu-
merically following Lemma 1, thus the largest eigenvalues
for several values of the control gains and the couplings
are illustrated in Fig. 4. From this graph the largest eigen-
value isAmax = —0.0012 for the control gaink; = K, =

K3 = 3500 andc = 5000 and then there exists a constant
—0 > Amax, Such that the synchronization error is asymp-
totically stabilized at the origin. Once we have the control

Thus its time derivative is

V(e) T (In®P)e+& (Iy®P)e

e (IN®P)(Inxn @ A+ D(e(t))+
(cLal —T®K))et+e (Inxn @A+
d(et)) +(cLal -TeK) T (INn@P)e

now considering the boundednessiiie(t)) we
have

Ve < e (IN®P)(Inxn®A+ W+
(Lol —TwK))e+el (Inn @A+
Wickel -TeK)(IneoP)e
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Fig 4: Largest eigenvalulx of the matrix R which de-

fines the stability of the closed-loop system, the
color bar represents the intensity of the largest

eigenvalue.
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Fig 5: Synchronization behavior of the controlled neu-
rons,x1,1, X;,3 andx,14 are the membrane po-
tentials of the neurons which synchronize with the
reference potential.
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Fig 6: Synchronization error behavior of each neuron in
the network, since the error remains close to zero,
the synchronization in all neurons is achieved, the
color bar represents the error value.

gains and the coupling strength, we consider that the en-
semble is synchronous in an inhibited behavior, in other
words, the ensemble is uncontrolled. The idea is to in-
duce the desired behavior in the ensemble by controlling
three neurons. Therefore, the controllers are connected at
timet > 2000. Clearly, the ensemble is reactivated, and
the spike-burst behavior is present in the whole ensemble
with control gain; = K3 = K14 = 3500 and the coupling
strengthc = 5000 as illustrated in Fig. 5, where after the
connection of the controllers the behavior of the neurons
in the whole network follows the signal referencgs ;.

In Fig. 6 the synchronization errors for each neuron is il-
lustrated, this indicates that the potential in each neirron
the network follows the reference signaks 1. It is ob-
served that the controllers activate the behavior in the net
work, and for the effect of the coupling between nodes the
network synchronizes to the reference neuron. There are
two aspects that should be mentioned, the first concerns
with the control gains such that the controlled neuron is
forced to track the reference signal in such a way that the
controlled neuron behavior is propagated to uncontrolled
neurons in the network. The second aspect is related to
the coupling and the topology of the network, in this case
the coupling strength between neurons is difficult to ma-
nipulate therefor, the synchronization can be obtained via
the control gains, in the same way the structure of the net-
work is uncertain but it is considered a certain static struc
ture to illustrate the activation scheme. Compared with
existing results, the synchronization is achieved using a
reduce number of classical controllers, whereas some of
the results use many controllers as the number of nodes in
the network [18], [19], [20]. On the other hand, a similar
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result uses less controllers than the number of nodes, how-
ever use an adaptive control scheme is proposed [25], the
adaptive controllers increase the order of the system and [7] W. Yu, G. Chen and J. L, “On pinning synchroniza-
the computational cost, since it is required to dynamically
adapt the parameters of the control system.

5. CONCLUSION

chaotic nodes'Comm. in Nonlinear Sci. and Num.
Smulation, vol. 14, no. 6 pp. 2528, June 2009.

tion of complex dynamical networksAutomatica,
vol. 45, no. 2, pp. 429, February 2009.

[8] Ch.Li, and Q. Zheng, “Synchronization of the small-

world neuronal network with unreliable synapses,”
Phys. Biol. vol. 7, no 3, pp. 036010, 2010.

In this contribution we presentthe induction of adesired [9] C. Bérgers, and N. Kopell, “Synchronization in Net-
behavior into a network of inhibited neurons. The main

idea was to control some nodes in the network through

which the synchronous behavior is propagated to all the

neurons in the network. The propagation effect is pro- [10]
duced by the interconnection of the nodes in the network

and due to the coupling strength. The controller used in
this contribution was a classical proportional gain, how-

ever, some other control technique can be applied to ob{11]

tain a better performance. The main contribution consists
in general terms in the activation or re-synchronized of a
network of neurons in a different synchronization man-

ifold which can be established a priori, this means that a[12]

neuronal ensemble can be synchronized with any behavior
dictated by any other artificial or biological neuron [21];

this can be done via controlling some nodes in the network[13]

and such a controller and the reference neuron in practical
terms could be implemented in an electronic circuit. The

result is somewhat conservative since the controller per{14]

formance for tracking is very limited, a future contributio
is to design another class of controllers. On the other hand,
some challenging tasks remain, for instance, the number
of controlled nodes, which nodes in the network are to be
controlled, how to control an evolutive network, etc.

[1] T. Pereira, J. Eldering, M. Rasmussen and A. [16]

(2]

(3]

(4]

(5]

(6]

REFERENCES

Veneziani, “Towards a theory for diffusive cou-
pling functions allowing persistent synchronization,”
Nonlinearity vol. 27, no. 3, pp. 501, March 2014.

P. S. Skardal, J.Sun, D.Taylor and J. G. Restrepo,
“Effects of degree-frequency correlations on net-
work synchronization: Universality and full phase-
locking,” Europhys. Lett., vol. 101, no. 2, pp. 20001,
January 2013

R. Albert and A.L. Barabasi, “Statistical mechanics
of complex networks,Rev. Mod. Phys., vol. 74, pp.
47, January 2002.

X.F. Wang and G. Chen, “Complex Networks:Small-
World,Scale-Free and Beyondl/EEE Circs. and
Sys. Magazine, , vol. 3, pp. 6, First quarter 2003.

S. Boccaletti, V. Latora, Y. Moreno, M. Chavez and
D-U Hwang, “Complex networks: Structure and dy-
namics,” Physics Reports, vol. 424, no. 4, pp. 175,
February 2006.

G. Solis-Perales, E. Ruiz-Velazquez and D. Valle,
“Synchronization in complex networks with distinct

(15]

(17]

(18]

(19]

(20]

works of Excitatory and Inhibitory Neurons with
Sparse, Random Connectivitiyeural Computation
vol. 15, pp. 509-538, 2003.

C.D. Acker, N. Kopell and J.A. White, “Synchro-
nization of Strongly Coupled Excitatory Neurons:
Relating Network Behavior to Biophysics]’ Com-
put. Neurosci. vol. 15, pp. 509-538, 2003.

M. Steriade, D.A. McCormick, T.J. Sejnowski,
“Thalamocortical oscillations in the sleeping and
aroused brain,Science vol. 262, no. 5134, pp.679,
October 1993.

F. Amzica, M. Steriade, “Electrophysiological corre-
lates of sleep delta wave$lectroencephalgr. Clin.
Neurophysial., vol. 107, pp. 69, 1998.

E. Widmaier, H. Raff and K. Strangjuman Physi-
ology: The Mechanism of Body Function. McGraw-
Hill, 2007.

E.J.W. Van Someren, Y.D. Van Der Werf, P.R. Roelf-
sema, H.D. Mansvelder, and F.H. Lopes da Silva,
“Slow brain oscillations of sleep, resting state, and
vigilance,” Progress in Brain Research, vol. 193,
Chapter 1, 2011.

Y. Cissé, D.A. Nita, M. Steriade and I. Timofeev,
“Callosal responses of fast-rhythmic-bursting neu-
rons during slow oscillation in catsRNeuroscience,
vol. 147, no. 2, pp. 272, June 2007.

R. Jerath, K. Harden, M. Crawford, V.A. Barnes and
M. Jensen, “Role of cardiorespiratory synchroniza-
tion and sleep physiology: effects on membrane po-
tential in the restorative functions of sleefgeep
Medicine, vol. 15, pp. 279, March 2014.

J. L. Hindmarsh and R. M. Rose, “A model of neu-
ronal bursting using three coupled first order differ-
ential equations,Proc. R. Soc. London, Ser. B, vol.
221, pp. 87, March 1984.

C-J Cheng, T-L Liao, J-J Yan and C-C Hwang,
“Synchronization of neural networks by decentral-
ized feedback control,Phys. Lett. A, vol. 338, pp.
28, 2005.

C-J Cheng, T-L Liao and C-C Hwang, “Exponen-
tial synchronization of a class of chaotic neural net-
works,” Chaos, Solitons and Fractals, vol. 24, pp.
197, 2005.

W. He and J. Cao, “Adaptive synchronization of a
class of chaotic neural networks with known or un-
known parametersPhys. Lett. A, vol. 372, pp. 408,
2008.



Submission to International Journal of Control, Automation, and Systems

[21] R.D. Pinto, P. Varona, A.R. Volkovskii, A. Szlcs,
H.D.l. Abarbanel, and M.l. Rabinovich, “Syn-
chronous behavior of two coupled electronic neu-
rons” Phys. Rev. E, vol. 62, pp. 2644, 2000.

[22] A.-L. Barabasi, E. Ravasza, T. Vicsek, “Determinis-
tic scale-free network€Physica A, vol. 299, pp. 559,
December 2001.

[23] G.P. Jiang, W.K.S. Tang and G. Chen, "“A simple
global synchronization criterion for coupled chaotic
systems,Chaos, Solistons and Fractals, vol. 15, no.

5, pp. 925, 2003.

[24] D. Ichalal, B. Marx, S. Mammar, D. Maquin and
J. Ragot, “Observer for Lipschitz nonlinear sys-
tems: Mean Value Theorem and Sector Nonlinear-
ity Transformation,1 EEE Multi-Conference on Sys-
tems and Control, MSC'2012, 2012.

[25] Q. Song J. Cao, F. Liu, “Pinning synchronization of
linearly coupled delayed neural network®/athe-
matics and Computers in Smulations, vol. 86, pp.
39, 2012.

Gualberto Solis-PeralefReceived the B.S.
degree in Electronic Engineering from
the Faculty of Science from the Autonomous
University of San Luis Potosi, México

in 1995, the M.Sc. and PhD. degree in
Electrical Engineering from the Autonomous
University of San Luis Potosi 1999, 2002
respectively. His research interests in-
clude nonlinear control theory and its ap-
plication to control of complex systems and synchronizatio

of chaos. More precisely the control and synchronization of
complex networks and its application.

Juan Gonzalo Barajas-RamirezZReceived
the B.S. degree in Industrial Electronic
Engineering from the Tijuana Techno-
logical Institute, México in 1995, the M.Sc.
degree in Electronics and Telecommuni-
cations from the CICESE 1997 and the
PhD degree in Electrical Engineering from
the University of Houston in 2002. His
research interests include nonlinear dy-
namics and chaos, complex systems and synchronization of
chaos, dynamics of complex networks and its application.




