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Novel delay-dependent stability criteria for
uncertain discrete-time stochastic neural networks
with time-varying delays

Mengzhuo Luo and Shouming Zhong

Abstract—This paper investigates the problem of exponential sta-
bility for a class of uncertain discrete-time stochastic neural network
with time-varying delays. By constructing a suitable Lyapunov-
Krasovskii functional, combining the stochastic stability theory, the
free-weighting matrix method, a delay-dependent exponential stabil-
ity criteria is obtained in term of LMIs. Compared with some previous
results, the new conditions obtain in this paper are less conservative.
Finally, two numerical examples are exploited to show the usefulness
of the results derived.
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I. INTRODUCTION

ECENTLY, the dynamics of neural networks have been

extensively studied, this is mainly to the great poten-
tial applications in varies areas such as signal processing,
pattern recoganization, static image processing, associative
memory and combinatorial optimization [1,2] As is know
to all, dynamical behaviors of neural networks are the key
to the applications, and the achieved applications heavily
depend on the dynamic behaviors of the equilibrium point
for neural network, therefore, stability is one of the most
important issues related to such behavior. In practice, time
delay is frequently encountered in neural networks. Due to
the finite speed of information processing the existence of the
delays frequently causes oscillation, divergence, or instability
in neural networks.In recent years, the stability problem of
time-delay neural networks have become a topic of great the-
oretic and practical importance[3-7,27,29-30]. This issue has
gained increasing interest in applications to signal, artificial
intelligence.

It is worth pointing out that most neural networks are con-
cerned with continuous-time cases. Since discrete-time neural
networks play a more important role than their continuous-
time counterparts in today’s digital life, moreover, in imple-
menting and applications of neural networks discrete-time neu-
ral networks also take a more crucial key than their continuous-
time counterparts in that discrete-time analog is often establish
to investigate the dynamical characteristics with respect to
digital signal transmission [8]. Therefore, both analysis and
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synthesis problem for discrete-time neural networks have been
extensively studied and a great number of important results
have been reported in the literature[9-14,28] and the references
therein.

It is worth noting that the synaptic transmission is a noisy
process brought on by random fluctuations from the release
of neurotransmitters and other probabilistic causes in real
nerves systems. So the stochastic disturbance is probably
the main resource of the performance degradation of the
implemented neural networks. Therefore, the stability for
stochastic neural networks with delay have attracted increasing
interests and some results related to stochastic disturbances
have been published [16-18,20-23,26,31]. In [16] authors have
studied the robust exponential stability problem for discrete-
time stochastic neural networks, where the LMI approach was
developed and a weak assumption on the activation function
was considered. Meantime, in [22] authors combined the free-
weighting matrix method and established the delay-dependent
stability conditions, which proved to be less conservative
than [16]. Recently, [17] presented several improved delay-
dependent stability results for discrete-time stochastic neural
networks by delay partitioning ideal, but it is our observation
that there still exists room for further improvement by con-
structing rational Lyapunov functionals which motivates the
present study.

In this paper, the problem of stability analysis for un-
certain discrete-time stochastic neural networks with time-
varying delays is investigated. By using the discrete-time
Jensen inequality, free-weighting matrix method, some suffi-
cient conditions are established to ensure the stochastic neural
networks are globally exponential stability in the mean square,
which proved to be less conservative than previous results.
Finally, two numerical examples are given to demonstrate the
effectiveness of the proposed results.

Il. PROBLEM STATEMENT

Consider the following uncertain discrete-time stochastic
neural networks (DSNNs) with time-varying delays described

(x (k =7 (K))) €y
+0 (k,x (k)2 (k — 7 (k))) w (k)

where z(k) = [z1(k), z2(k), - -+, 2, (k)]T € R™ is the neuron
state vector, f(z(-)) € R™, denotes the neuron activation
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function, C (k) = C + AC(k), A(k) = A+ AA(k),
B (k) = B+AB (k), A, B € ®"*"™ are the connection weight
matrix and the delayed connection weight matrix, respectively.
C = diag(c1,ca, -+, cn) With |¢;] < 1, describes the rate with
which the ith neuron will reset its potential state in isolation
when disconnected from the networks and external inputs.
C (k), A(k), B (k) are the uncertainties of system matrices
of the form

[C(k), A(k), B(k)] = HF (k) [N1, No, N3] (2)

where H and N; are known real constant matrices of appro-
priate dimensions, F (k) is the unknown time-varying matrix
function satisfying FT (k) F (k) < I,Vk € NT, then the
system (1) can be rewritten as

z(k+1)=Cx(k)+ Af (x (k) + Bf (x (k — 7 (k)))
+Haq (k) +0 (k,x (k) (k-7 (k) w (k)

q1 (k) = F (k) p1 (k)

p1 (k) = N1z (k) + Naof (x (k) + N3f (z (k — 7 (k))) @)

7(k) is time-varying delay and satisfies
0<7 <7(k)<m 4

where 7; and 7 are positive integers representing the lower
and upper bounds of the time-varying delay. Now we introduce
the 75 = 72371 + min{ (1727 1’0}, obviously, 7 (k) € [, 70]
or 7(k) € (70,72]. So from this partition, our conditions
should be considered as two cases.

In the DSNNs (3), 0 (-,-,-) : ® x R* x R™ — R" is the
noise intensity function vector, w (k) is scalar Wiener process
with

Elw(k)]=0 E[*(K)] =1 El(w(i)] =0 i#]
(%)
In order to obtain our main results, we introduce the
following assumptions and definition.
Assumption 1. For any z, y € R, © # y,

I < fi(l'gzigi(y) < l;l‘ (6)

where [, lj, are some constants.
Remark 1. The above assumption on the activation function
was originally proposed in [9], and wildly used in many
papers, see [18,20,21].
Assumption 2. The DSNNs in (3), the activation function
satisfies f (0) = 0.

According to the Assumption 2, it is obviously that = (k) =
0 is a trivial solution of the DSNNs in (3).
Assumption 3. There exists a constant matrix G > 0, and is
assumed to satisfy

6T (kyx (k) (k — 7 (K))) 6 (k. () = (k — 7 (k)))

zk) 1T )
= x(ka(k))} {m(kfr(k:))]
G Gy
Gs |

Throughout the letter, we shall adopt the following defini-
tion.
Definition 1. The discrete-time stochastic neural network with
time-varying delays (3) is said to be exponential stable in the

where G =

mean square if there exist two scalars o >0 and 0 < 8 < 1
such that

Elle @] <at sw Ella@I] @

—T12<s

The following Lemmas are needed to develop our main
result.
Lemma 1.[12] For any constant matrix M € R"*"™ M =
MT >0, integer ro > r; such that the sums in the following
are defined, the

—(ra—m+1) ;Zz 2T (i) Mz (i)

S—QifF@)MQif@O ©

Lemma 2.[32] Given constant symmetric matrices 31, X, X3
where ©3; = %7 and ¥y = X7 > 0, then £, + 2155153 <0

holds if and only if:
] <0 or [ 22 s } < 0.

¥, X7
Y3 =3
Lemma 3.[25] For any matrices Z; > 0,2y > 0, M, T with
appropriate dimensions, such that following matrix inequalities
hold.
[ MzZEMT M ]

Mt oz, |20 {

TZITT T
T g, } =0
9)

I1l. MAIN RESULT

Now, for presentation convenience, in the following we
denote

I'y :diag(ll_,lz_,-~~,l;)

Ty = diag (17,13, ,1})

Fy=diag (1715, 1505, 1,1

F, = diag 15;117 l;;rl; e l;;li
Theorem 1. Suppose that Assumption 1-3 hold. Then
the DSNNs (3) is globally robust exponential stable in
the mean square if there exist positive-definite matrices
P,Q;(1=0,1),F;(i=0,1,2),7; (i = 1,2), diagonal ma-
trices D, (i =1,2), K > 0,L > 0, positive scalars ¢ > 0,
and for any matrices S;,7;, M; (i =1,2,---11) such that
following LMIs hold.

I70F)

P<pl &Smu=L26h=<@lQ”>>o
Q13
(10)
El +H1]1 (7‘1)H{+H2[2 (Tl)Hg \/TQ_TOM 0
VT2 — T()MT —Zl <
(11)
El +H1]1 (TQ)H’{“FHQIQ (To)Hg \/7'2—7'0]\/[ 0
T = oMY ~Z <
(12)
EQ+H513 (7‘0)H§+H4[4 (To)HZ \/7'0—7'1T 0
VToO — 7'1TT —ZQ <
(13)
=y + 1315 (Tz)Hg+H4I4 (TQ)HZ V1o — 1T 0
VTo — 7'1TT 722 <
(14)
where
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Eia,1) = E201,1) = CTPC — P+ pG1 + 212Q0 + 0Q11
+E0 + E1 + EQ — 26F1K + 26F2L + &‘NiTNl — F1D1
+(ra—70)(C =D 2 (C = 1) + (12 — 70) p1G

+ (10— 71)(C = D" Zo(C = 1) + (10 — 71) paGi

Eia,2) = B2 = PGz + (12 — 10) p1G2

+ (10 — 71) p2Go Bo3) = —S1+T1 Eia3 =51

Eiqe =M Exaa=-T1 Eigs =5 -
E201,5) = S1
E1(1,6) = B2(1,6) = CTPA+ 0Q12 + 0K — 0L

+ (7'2 — 7'()) (C - I)T Z1A+ (TO — 7'1) (C — I)T Zy A
+Fy Dy +eN{ Ny

51(177) = 52(177) = CTPB —+ ENlTNg
+(r—70)(C =D Z1B+ (10 —m)(C—-1)" Z,B
51(1,8) = 52(1,8) CTPH + ( To — To) (C — I)T Z\H
+ (To — T1) (C — I) ZQB

E11,9) = E2(1,9) = 51 E11,10) = E2(1,10) = =51
:1(1 1) = :2(1 1y =51

E12,2) = E2(2,2) = pG3 — Qu1 + 2I'1 K — 2I'2L

+ (12 — 10) p1G3 + (10 — 11) p2G3 — F1Ds

Ei2,3) = =52 Epe3) = —S2+ T2 Zy24) = M2
:2(2 2y =-T> S5 =5 — My Eyps5 =152
~1(2 7 = ~2(2 n=-Qu—K+L+FD,

~1(2 9) = ~2(2 9) = 52 Ey(2,10) = Za(2,10) = —52
~1(2 11) = Za2,11) = 52

Eis3) = —S3— 53 —Fy

52(373) =-S3-ST - E1+ T3+ TF

~1(3 y=-S+M; Ey34=-5—(I3-TF)
~1(3 5)=S3—SF — M3 Epis) =83 — 5S¢ +T¢
E13.6) = —Se Eoi6) = =S¢ + T4

Eign =—5F  Epn=-ST+TF

Eias) =53 Eops =-53 +T¢

:1(3 9) = S9T + 53 Eas,9) = =95 +T§ + 53
~1(3 10) = 510 S B0 =S+ T — 53
~1(3 =-S5 +58s Bz =-SH+TH+Ss

Eia) = —Eo+ My + M ZEou ) = —Eo — (Tu+TF)
Eias) = S1— My+ MI Ey 5) = Sy — 5T

Siae) = M§ Zoue = —T¢ Eiun =M

o =17 B8 = Mg Eos) = —T§
Ei4,9) = Mg + Sy Eo4,9) = —Td + 54

Eia10) = My —Ss  Esaio) = —Tiy — Sa

iy =ME + 81 Bouany =-TH+ 5
Eiss) = S5+ 535 — B2 — Ms — My

Eos,5) = S5 + S5T —FEy Eise = SGT —

52(5,6) = Sg 51(577) = S? - M7T E2(5,7) = S’?
Eis8) = Sg — Sa(5.8) = Ss

Eis) =55 — Mg +5S5  Eg59) =55 + 55
Eis10) = Sto — My — S5 Ea(s,10) = Stg — S5
Eisa1y =Sh — ML + S5 Eas11) =St + 55

51(6,6) = 32(676) =ATPA +60Q13 — D1 + ENQTNQ
—+ (7'2 — 7'0) ATZ1A + (7‘0 — Tl) ATZQA

51(6,7) = 52(6,7) = ATPB + €N2TN3

+ (7'2 — 7'0) ATZ1B —+ (TO — 7'1) ATZQB

E1(6,8) = Bo(6,8) = ATPH + (72 —70) AT ZH

+ (10 — Tl)ATZQH E1(6,9) = Eas, 9 = Se

~1(6 10) = -2(6 100 = =56 Z1(6,11) = Z2(6,11) = 56
B = ~2(7 7y =BTPB — Q13— Dy +¢eN{ N3
+ (7'2 — TQ)B Z1B + (7'0 — 7'1)B ZsB

Ei(7,8) = Zo(7,8) = BT PH+( T —10) BT Z1H

+ (10 — 7'1) BTZ,H E17,9) = Z2(1,9) = S7

~1(7 10) = ~2(7 10) = =57 Eir.11) = Zar, 1) = S7
—‘1(88)——*2(88) HT PH*EJr(szO)H ZH
+(r0o—71)HTZoH  Eq(s,9) = Ea(s,9) = Ss
Z1(8,10) = Z2(8,10) = =S8 Z1(8,11) = Z2(8,11) = I8
E1(9 9) = E2(9 9) = —%Qo + 5o+ 53

~1(9 10) = ~2(9 10) = —S9 + 510

~1(9 1) = ~2(9 1) = 59 + Sn

=1(10,10) = Z2(10,10) = Qo — S0 — ST,
E1(10,11) = Z2¢10,11) = 510 -S4

10111 = Z2a11,11) = —=———Qo + S11 + ST,

o=

S:[Sfasga"'asﬂ] M:[MlvMQv"'leTl}T

T* [Tf, 1L, Th]" 6=m -7 +1
=1[0,—1,1,0,0,0,0,0,0,0,0]"

H2 =10,1,0,—1,0,0,0,0,0,0,0]"

I3 = [0,1,0,0,—1,0,0,0,0,0,0"

H4 =0, 71,0,1,0,0,0,0,070,0};

- [070707[7_170,070707070

]
<1>2 =1[0,0,1,-1,0,0,0,0,0,0,0"

Proof: Consider the Lyapunov-Krasovskii functional as
follows:
v1 (k) = 2T (k) Px (k)
k—1

nk)= ¥ T’ ([)Que()
k—1 Jkil_Tl = k—11 k—1
Y Y 2T () Qor (i) + S T (1) Qo (i)
j=k—72 1:; ) jTIc To+1 t=j
k= x (i x (1)
wlk) =2 { e WJ @ { F (x (i) ]
S S 0 z (i)
ToE a0 } @ [ £ (i) }

vy (k):j,g T (i) Eox (i) + kil a? (i) By (i)

i:kal
k—1
+ Y o (0) Baa (i)
i=k—1o

> (f(e@@) — Tz (i) Kz (i)

i=k—71(k)
+<r2x<'> fa ()" La (i)
o Y z< (x (i) — Ty (i) Kz (i)
j=k—72+1 i=j

+ Tz (i) — f (2 (1)) Lz (i)
T (i) Zin (4)

Vs (k') =2

L XS 0z =6y -o

then along the solution of DSNNs (3), we have

E (Avy (k) < E (27 (k) (CTPC — P) z (k)
+227 (k) CTPAf (z (k) + 22T (k) CTPBf (z (k — 7 (k)))
+22T (k) CTPHq (k) + fT (z (k) ATPAf (x (k))
+2f7 (x (k) ATPBf (x (k — 7 (k)))
+2f7 (x (k) AT PHq, (k)
+fT (z (k-7 (k) BTPBf (z (k —
+2f T (x (k — 7 (k) BT PHaq (k) +

7 (k)
qf (k) HT Hq, (k)

1176



International Journal of Engineering, Mathematical and Physical Sciences
ISSN: 2517-9934
Vol:6, No:8, 2012

wlaw B ] [* & ][ D
E (Avy (k) < E (21227 (k) Qoz (k)

1 k-1 ) k—1 )
LY TG Y )
3 i:kal
k=1 k=1

LY ) Y a)

i=k—T1o
k—11 k
R S 02> x(z‘))
i=k—71o+1 i=k—7o+1
E(Avs (k) < B (27 (k) 0Q112 (k)
+227 (k) 0Quaf (z (k) + f7 (2 (k) 0Qus f (= (k))
*IT( 7 (k) Quz (k — 7 (k))
=227 (k — 7 (k) Qu2f (x (k — 7 (k)))

—fT (2 (k- ( )))Qle( (k—7(k))))
E (Avy (k) = E («7 (k) (Eo + E1 + Ea) x (k)
—27 (k —79) Fox (k —10) — 2T (k — 1) E12 (k — 1)

—zT (k- 7'2) Esx (k— 7'2))
E (Avs (k ( (x(k ) — Iz (k)" Kz (k)
—QfT( ( (’f z (k-7 (k))

]

+2aT (k — 7 (k) 1K (k 7 (k)

+26 Doz (k) — f (z (k)" La (k)
27 (@ (b = 7 (k) Lo (k= 7 (k)
—27T (k—71(k)T2 Lm(k—r(k:)))
E (Avs (k) = E (10 — 1) 0" (k) Zan (k)
T T

(ma =) () Zin (B) =

k—1—1¢ - )

= > n (i) Zin(i)
i:kaz

Case one:
k—1—7,

- X
i=k—10
k—1—71

- 2

i=k—7(k)

S ORI

if m <7 (k) <, then
k—1—7(k)

0t (i) Zon (i) = —

i=k—10

0" (i) Zan (i)

0" (i) Zan (i)

(- G -m) X T () Zn )
i=k—7(k)
k—1—7(k)
—ﬁ (ro—71(k)) > 7]T (i) Zan (i)

i=k—T1o
k—1—7(k)

(- ) X 0" @) Zn )

i=k—T1o
<& (k)L (7 (k) TIT € (k)
+&7 (k) Mo Iy (7 (k) TS € (K)

where
Iy (7 (k) = _TOTZTI W(T(k‘)—ﬁ) Zo
IQ(T(k ): *#‘Fﬁ(Tg*T(kﬁ)) ZQ
&0 (k) = [z7 (k) 2" (k — 7 (k) 2" (k —7),
et (k= m), 2" (k= 1), fT(x(k))
=)l (), 5 a7,
S oaT@, AT
i=k—To i=k—To+1

Now from the Lepma 3, we know that
k—g—l[w] {lelMT MHM]”
et | 0(0) M7 7

that is

7}; €7 (k) M2y M€ (k) + 26T (k) M (i)
+n" (i) Zin (i)
= (ra — 7o) €7 (k) MZy M€ (k)

12T (k) M ]:gj_l n (i)
=) 2 ) >0

i=k—
From the deflnltlon of the n (i), obviously we can have

following equality

k—T1o—1
2¢” (k) M (m(k—m)—x(k—m)— > n(i)> =
i=k—T1o

that is equivalent to the
k—10—1
> n@)=0
i=k—T1o
then combination the above discussion, we can have the upper
bound of the E (Avg ék:))
FE (AUG (k)) < FE (7'0 — ’7'1) 77T (k?) ZQT] (k)
+ (12 = m0) 0" (k) Zin (k) + €" (k) I Iy (7 (K)) IIT € (k)
+ET (k) L (7 (k) TIE (k)
+ (12 —70) €T (k) MZ7 MTE (k) +267 (k) M®1& (k)g
In order to derive less conservative results, we add t
following zero equation with free-matrix S
26T (k) S (x(k—1m) —x(k—71)
S oa@- Y a0
+ T (1) — x (2
1=k—11 1=k—T12 (15)

267 (k) M1 & (k) — 267 (k) M

k—11
+ > z2()]) =0
i=k—T7o+1
From the (6), for any positive-definite diagonal matrix D,
and Ds, it follows that

[ f?z(?:)) E[ FlTpl ?1? u g?m(?k):)) } =0
el
Pt rh) | 2
(16)

From (2) and (3), we know that ¢f (k)qi (k) <
p¥ (k) p1 (k), then there exist a positive scalar ¢ satisfying
the following inequality

e (pf (k) p1 (k) — af (k) q1 (K)) >0 (17)
that is
€ (IT (k) NE Nyz (k) + 227 (k) NENof (z (k))

+227 (k) N N3 f (x (k — 7 (k)))
+f7 (x (k) N3 Naof (x (k)
+2fT (x (k)) N§ N3f (x (k— 7 (k)))
+fT (x (k=7 (k) Ny Naf (z (k-
—qf (k) g (k) >0

(k)
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Now combining above discussion, we have a upper bound

* B(Ao (k) < B (€7 (k) (5 + Ty (r (k) TIT
+Io Iy (7 (k) 113) € (k)
Bt =E1+(n—m)MZ*MT
Then if we want to have
S+ L (7 (k)T + Mo ly (7 (k) TIE < 0

for i < 7 (k) < 79, which is equivalent to handle following
two LMIs by the convex combination theorem.

ET + I 4 (’7'1) H,{ + Il 15 (Tl) Hg <0

Er+ 141 (ro) TIT + ol (70) TIE < 0
that are equivalent to (11) and (12) hold by the Lemma 2.
Therefore, if the LMIs (10)-(12) hold, there exist a positive
scalar A, > 0 satisfying E (Av (k)) < =M\ E ||z (k)|°.

Case two: if 7o<7(k)<m
k—1o—1 k—7(k)—1
- X " @Zm@=— X 0" @) ZinG)
i=k—T2 i=k—T12
3 k—1o—1 T 7 )
Z()n (1) Z1n (4)
i=k—71(k
L k—7(k)—1
=5 (n—7(k) kZ n" (i) Zin (i)
k:r(k>f1
() =) @) )
1 S
e (12 =7 (k)) Z( )TIT (¢) Z1n (i)
i=k—T1(k
1 k—1o—1 T .
— (T (k) —70) kZ(k)n (i) Z1n (i)

< [.TT (k—1(k)) — zT (k— 7'2)] I3 (7 (k)
[ (k=7 (k) — 2 (k—72)]
+ [xT (k—m1) —aT (k-7 (k))] I, (7 (k))
[z (k—70) —x(k—7(k))]
= &7 (k) sl (7 (k)) I3 € (k)
+&7 (k) Iy Ly (7 () TTE (k)
With the similar method as coping in the case one by the
Lemma 3, we can have
E (Avg (k) < E (o — 1) n" (k) Zan (k)
+ (1o —m0) 0" (k) Zin (k) + €7 (k) T 13 (7 (k) TFE (k)
+& (k) Ty (7 (k) TTE ()
+ (10 — 1) § (k) TZy "TTE (k) + 267 (k) T®o£ (k)
Then under this condition,we have a upper bound as
E (Av (k) < E (€7 (k) (25 + 313 (7 (k)) 115
+1Laly (7 (k) TIT) € (K))
B3 =S4 (ro—m)TZ,'TT
Similar to the case one, if we want to have
25 + 315 (7 (k) T2 + Ty 0y (7 (k) ITE <0

for ;. < 7 (k) < 72, which are equivalent to handle following
two LMIs by the convex combination theorem.

S5+ Ual3 (10) T2 + Myl (0) T <0

E; + 11313 (Tg)Hg + 1141y (TQ)HZ <0
that are equivalent to (13) and (14) hold by the Lemma
2. Therefore, if the LMIs (10),(13) and (14) hold, there
exist a positive scalar A, > 0 satisfying E (Av (k) <
—XoE |z (k).

Now combining the case one and the case two, we can easy

to know that if the LMIs (10)-(14) hold, we will have

E(Av(K) < —min (A, 2) Bl (0] (18)

Furthermore, with the similar method in the [18], we can
obtain that system (3) is globally robust exponentially stable
in the mean square. This completes the proof of the Theorem
1. |
Remark 2. In this paper, based on the convex combination
theorem, Theorem 1 proposes a delay-dependent stability
criterion for uncertain stochastic neural networks with time-
varying delays can be achieved by solving some LMIs. Free-
weighing matrices S;, M; and T; are introduced into the
LMI condition are to reduce conservatism for system (3).
Remark 3. By introduced 7y, we divided two Kinds of cases
to discuss our results at each subintervals 7, < 7 (k) < 79
and o < 7 (k) < 72, which is different from the method of
[16,22], the main advantage of this method is that it makes
full use of the information on the considered time-delay 7 (k),
meantime we through a numerical example show that Theorem
1 provide an improved result compared with the recent ones
in [16,22].

IV. EXAMPLES

In this section, we will give two examples to show the
effectiveness of the conditions given here.
Example 1. Consider the uncertain discrete-time stochastic

neural network (3) with:
08 0 04

—0.7

¢= 0 0.9} A= 0.1 0.005]

—-0.2 0.6 02 0

B = —0.5 —0.1J H= 0 0.5}

Ny =Ny = N3 =0.

The activation function satisfy Assumption 1 with T'; =
diag (0,0) and T's = diag (0.5,0.5) . Choosing G; = G2 =
0.0017 and G3 = 0.0027 in Theorem 1. Table 1 show
the corresponding maximum allowable value of 7 for given
71, one can see that stability criteria propose in this paper
significantly improve the existing results of [16,22], and the
feasibility is depicted as Fig.1.

Example 2. Consider the uncertain DSNNs with the following
parameters:

¢= 055 o(.)1 A= —06%125 06.224]
B = _()(.)6225 00.619 = 062 0(.)3

N = 085 —0(')%7 N2 = { —0(')%2 09635 }
No=| Sos ons | G1=Gr=Ci=0

The activation function satisfy Assumption 1 with T'; =
diag (0.1,0.2) and T’y = diag (1, 1.1). Obviously when G; =
G2 = Gs = 0 in the Theorem 1, which is equivalent to
the criteria of uncertain discrete-time neural networks (DNNSs)
with time-varying delays. For 1 = 2, by [13,14,12], the upper
bound of the time-varying delay = (k) is 6, 10 and 12, respec-
tively. By the Theorem 1 in this paper, we obtain 7 = 41.
Namely, when 71 = 2 and » = 41, the stability condition
in the Theorem 1 is applicable but those in [13,14,12] are
not applicable for this example. The further comparison is
listed in Table2, from which one can see that the criterion
proposed in Theorem 1 is less conservative than those obtained
in [13,14,12].
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V. CONCLUSION

In this letter,a improved delay-dependent global robust
exponential stability criterion for uncertain stochastic discrete-
time neural networks with time-varying delay is proposed.
A suitable Lyapunov functional has been proposed to derive
some less conservative delay-dependent stability criteria by
using the free-weighting matrices method and the convex
combination theorem. Finally, two numerical examples have
been given to demonstrate the effectiveness of the proposed
method.
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Fig.1. Dynamics response of system (3).

TABLE |
CALCULATED THE MAXIMUM T2 FOR GIVEN 71 FOR EXAMPLE 1.
1 2 4 6 8 10
[16] 4 6 8 9 11
[22] 11 12 14 16 18

Theorem 1 27 29 31 33 35

TABLE Il
CALCULATED THE MAXIMUM 72 FOR GIVEN 71 FOR EXAMPLE 2.
n 2 7 6 8 10
3] 6 8 10 12 14
[14] 10 12 14 16 18
[12] 12 14 16 18 20

Theorem 1 41 43 45 47 49
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