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Abstract: Intuitionistic fuzzy sets (IFSs) are generalization of fuzzy sets by adding
an additional attribute parameter called non-membership degree. In this paper, a
max-min intuitionistic fuzzy Hopfield neural network (IFHNN) is proposed by com-
bining IFSs with Hopfield neural networks. The stability of IFHNN is investigated.
It is shown that for any given weight matrix and any given initial intuitionistic
fuzzy pattern, the iteration process of IFHNN converges to a limit cycle. Further-
more, under suitable extra conditions, it converges to a stable point within finite
iterations. Finally, a kind of Lyapunov stability of the stable points of IFHNN is
proved, which means that if the initial state of the network is close enough to a
stable point, then the network states will remain in a small neighborhood of the
stable point. These stability results indicate the convergence of memory process
of IFHNN. A numerical example is also provided to show the effectiveness of the
Lyapunov stability of IFHNN
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1. Introduction

In [1-3], Atanassov extends Zadeh’s fuzzy sets to intuitionistic fuzzy sets (IFSs) by
adding an additional attribute parameter called non-membership degree. IFSs are
shown to be superior to fuzzy sets in, for example, semantic expression and inference
ability [4]. Various theoretical and applied researches have been performed on
IFSs, such as fuzzy topology [5—7], multi-criteria fuzzy decision-making [8-10],
clustering [11,12], medical diagnosis [13,14] and pattern recognition [15-17].
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Fuzzy neural networks combine fuzzy concepts and fuzzy inference rules with
the architecture and learning of neural networks, and have been successfully applied
in system identification [18], intelligent control [19-21], pattern classification [22]
and expert system [23,24], etc. Since IFSs have proved to be more powerful to
deal with vagueness and uncertainty than fuzzy sets, some researchers have also
investigated the combination of IFSs and artificial neural networks [25-29]. In [29],
an intuitionistic fuzzy feedforward neural network (IFFFNN) was constructed by
combining feedforward neural networks and intuitionistic fuzzy logic, and some
operations and two types of transferring functions involved in the working process
of IFFFNN were introduced. In this paper, similar to fuzzy Hopfield neural net-
works [30-33], a max-min intuitionistic fuzzy Hopfield neural network (IFHNN)
is proposed by combining IFSs with Hopfield neural networks. The stability of
IFHNN is investigated. It is shown that for any given weight matrix and any given
initial intuitionistic fuzzy pattern, the iteration process of IFHNN converges to a
limit cycle. Furthermore, under suitable extra conditions, it converges to a stable
point within finite iterations. Finally, a kind of Lyapunov stability of the stable
point of IFHNN is proved, which means that if the initial state of the network
is close enough to a stable point, then the network states will remain in a small
neighborhood of the stable point. These stability results indicate the convergence
of memory process of IFHNN. A numerical example is also provided to show the
effectiveness of the Lyapunov stability of IFHNN

The rest of this paper is organized as follows. Some basic concepts of IFSs
are collected in Section 2. IFHNN is defined and described in Section 3. A few
stability results of IFHNN are given in Section 4. Section 5 presents a numerical
example. Some brief conclusions are drawn in Section 6. Finally, proofs of the
stability results are provided in an appendix.

2. Preliminaries

Atanassov generalizes Zadeh’s fuzzy sets to IFSs:

Definition 1 M Let X be a given set. An intuitionistic fuzzy set A is an object
having the form

A= {< l',,uA(Jf),’}/A(J?) > |I € X};
where the functions pa(z) : X — [0,1] and va(z) : X — [0, 1] define the membership

degree and the non-membership degree respectively of the element x € X to the set
A, and for every x € X, 0 < pa(x) +ya(zx) < 1.

Specifically, when the given set X is finite, say, X = {z1, z2,..., 2}, IFS A can be
expressed as a so-called intuitionistic fuzzy vector:

A= (< MA(xl)”YA(xl) >, < MA(x2)77A(‘r2) >y < UA(l‘m)a’YA(xm) >)-

Definition 2 2 Let A = {< z,pa(z),va(z) > |z € X} and B = {< z, up(z),
vp(x) > |z € X} be two IFSs. Then, their conjunction, union and complement are
defined respectively as

1) ANB={<z,pa(x) A pup(x),va(x) Vyp(x) > |V € X};
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2) AUB = {< z,pa(z)V up(x),va(x) NyB(2) > [Vo € X};
3) A={< z,va(x),pa(x) > |Vr € X}.

Definition 3 %3 Let X and Y be two given sets. An intuitionistic fuzzy relation
R fromX toY is an IFS of XX Y characterized by the membership function pugr(z,y)
and the non-membership function yr(x,y), denoted by

R = {< (z,y),pr(z,y), m(r,y) > [z € X, y € Y},

where the functions pr(x,y) : X XY — [0,1] and yr(z,y) : X x Y — [0, 1] satisfy
0< uR(mvy) +’7R($7y) < ]-: fOT‘ every (:U,y) e X xY.

In particular, when the given sets X and Y are finite, say, X = {z1,xa,..., 2} and
Y = {y1,y2,--.,Yn}, the intuitionistic fuzzy relation R from X to Y can be denoted
by an intuitionistic fuzzy matrix R=(7;;)mxn, where r;; =< pr (2, y;), 7R (i, y;)>.

Some operations and properties of intuitionistic fuzzy matrixes are defined be-
low (cf. [35,36]).

Definition 4 Let R = (< HURij)> VRij >)m><n and Q = (< HQij> YQij >)m><n be
two intuitionistic fuzzy matrizes. Write R C Q, if puri; < pqij and YRrij = YQij»
fori=1,2....mandj=12,...,n.

Definition 5 Let R = (< pRij, YRij >)mxn 0nd S = (< fisij,Vsij >)nx1 be two
intuitionistic fuzzy matrizes. The max-min composite operation “o” of R and S is
defined by

n

RoS = (< \/ (urir A tisks)s [\ (Vrix V ¥ski) >)mxt-
k=1 k=1

Property 1 Let R, xn, Snxi and T« be intuitionistic fuzzy matrizes. Then the
maz-min composite operation of intuitionistic fuzzy matrizes satisfies the associa-
tive law, i.e.,  RoS)oT =Ro(SoT).

Definition 6 An intuitionistic fuzzy matric R = (< wij,vij >)nxn 5 said to be
reflexive, if pi; =1 and v; =0, fori=1,2,...,n.

Property 2 If an intuitionistic fuzzy matric R = (< fij, vij >)nxn 15 reflecive,
then, there holds R* C RFH for k =1,2,..., where RF*1 = R¥ o R.

3. Intuitionistic Fuzzy Hopfield Neural Network

Intuitionistic fuzzy Hopfield neural network (IFHNN) is a combination of IFSs and
Hopfield neural networks. The basic processing units of IFHNN are intuitionistic
fuzzy units, i.e., the input, output and weight signals are all IFSs. In this study,
similar to fuzzy Hopfield neural networks [30—-33], a max-min IFHNN is constructed.
The inner operations involved in the working process of this IFHNN are based on
the max-min composite operation mentioned in [29], and the linear transfer function
f(x) = x is used as transferring function for the output nodes. The network consists
of n processing units which are connected with each other (cf. Fig.1). Both the

463



Neural Network World 5/2011, 461-472

w.
Wi 22

—
A

Y |
\]

Fig. 1 Structure of IFHNN for four units.

input and output signals of the network are intuitionistic fuzzy vectors and the
weight matrix is an intuitionistic fuzzy matrix denoted by W = (w;;)nxn, where
wi; =< i,V > stands for the weight from the ¢-th unit to the j-th unit. If the
initial state of the network is an intuitionistic fuzzy input pattern

X(O) = (< lqu(O)v'YXl(O) >, < NXQ(O)a'YXQ(O) PEEERTRN MXn<0)77Xn(O) >)7

then, the network iteration process is as follows:

Xit) = X{t—-1)oW
= (< /le(t)a’YXl(t) >, < ;U'XQ(t)v’YXQ(t) >0 < MXn(t)7’an(t) >)7(1)
where
pxi(t) = \/ (exu(t = 1) A pa)
k=1
n
yxi(t) = N\ (rxr(t = 1) V),
k=1
and t = 1,2,..., are the discrete time steps. The network will iterate repeatedly

according to (1) until a steady state is reached. The final output pattern X (co) is
taken as an association of the input pattern X (0).

4. Stability Results

Definition 7 B7 If a sequence of states {P,P,,...,Ps} is generated by a feed-
back network with state transition operator F such that F(Py) = Ps, F(Ps) =
Ps,...,F(P;) = Pgy1,...,F(Ps) = Pi, and there does not exist a subsequence
with the same property in this sequence, then this sequence is called a limit cycle
and s is called the length of the limit cycle.

464



Long Li, Jie Yang, Wei Wu: Intuitionistic fuzzy Hopfield neural...

Definition 8 7 If there exists a state P of a feedback network such that, for the
state transition operator F of the network, F(P) = P holds, then P is called a
stable point of the network.

Definition 9 B840 Let A = (< par,va1 >, < faz, Y42 > -2 < fan:Yan >)
and B = (< pup1,v81 >,< WB2,YB2 >,...,< WBn,YBn >) be two intuitionistic
fuzzy patterns. Define the Hamming distance between A and B as

n
Z (lpai = Bl + |vai — vBil) -
i=1

H(A,B) =

N | =

Definition 10 B%37 Suppose that the intuitionistic fuzzy pattern P is a stable
point of the networks. P is said to be Lyapunov stable, if for any ¢ > 0, there
exists § > 0, such that for every initial intuitionistic fuzzy pattern X satisfying
H(X,P) <6, H(X(t),P) <e holds fort =1,2,..., where X (t) is the t-th iteration
state of the network.

Now, we are ready to present our main results. Some comments on these
theorems can be found in the next section, and the proofs are postponed to the
Appendix.

Theorem 1 For any given intuitionistic fuzzy weight matric W and any given
initial intuitionistic fuzzy pattern, the iteration process of IFHNN (1) converges to
a limat cycle.

Theorem 2 Suppose W is an intuitionistic fuzzy weight matriz of IFHNN with n
units. Then, the following statements hold:

(i) If W C W2, then the iteration process of IFHNN (1) converges to a stable
point within finite iterations.

(i) If W is reflexive, then the iteration process of IFHNN (1) converges to a
stable point within at most n — 1 iterations.

Theorem 3 Suppose intuitionistic fuzzy pattern P is a stable point of IFHNN (1).
Then, P is Lyapunov stable.

5. A Numerical Example

In this section, an illustrative example is given to show the effectiveness of the
Lyapunov stability of IFHNN. Suppose the intuitionistic fuzzy weight matrix of
IFHNN is

<08,01> <04,04> <0504> <03,05> <0.1,0.7>
<02,05> <09,00> <0.1,07> <04,04> <0.7,02>
W=| <00,06> <00,07> <07,02> <0.6,03> <0.4,05>
<05,04> <04,03> <0.0,08> <06,02> <0.20.7>
<0.7,02> <06,03> <0503> <03,05> <0.8,0.1>

It is easy to verify that W € W2, For the initial intuitionistic fuzzy pattern
X(0) = (< 0.2,0.7 >,< 05,02 >,< 0.3,04 >, < 0.7,0.1 >, < 0.4,0.5 >),
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the iteration process of IFHNN (1) converges to a stable point
X =(<0.5,02>,<0.5,0.2>,<0.503 >,<0.6,0.2>,<0.50.2 >)

at the third step.

Next, we consider the Lyapunov stability of the stable point X. For this pur-
pose, we add a random noise in [—0.001,0.001] to the stable point X and end up
with a new initial pattern

X(0) = (<0.5009,0.2007 >, < 0.5001,0.1995 >, < 0.4993,0.3006 >,
< 0.5993,0.1995 >, < 0.4995,0.2009 >).

Then, the iteration process of IFHNN (1) converges to

X = (<0.5009,0.2000 >, < 0.5001,0.1995 >, < 0.5000, 0.3000 >,
< 0.5993,0.2000 >, < 0.5001, 0.2000 >)

at the second step. This shows that when the initial state of the network is close
enough to a stable point, the network states remain in a small neighborhood of the
stable point.

6. Conclusion

A max-min intuitionistic fuzzy Hopfield neural network (IFHNN) is proposed by
combining IFSs with Hopfield neural networks. In addition, the stability of IFHNN
is investigated. It is shown that the iteration process of IFHNN always converges
to a limit cycle for any given intuitionistic fuzzy weight matrix W and any given
initial intuitionistic fuzzy pattern. In particular, it converges to a stable point
within finite iterations if W C W2, and even within n — 1 iterations if W is
reflexive, where n is the number of the network units. Finally, a kind of Lyapunov
stability of the stable point of IFHNN is proved, which means that if the initial
state of the network is close enough to a stable point, then the network states will
remain in a small neighborhood of the stable point. These stability results indicate
the convergence of memory process of IFHNN.

Our work in this paper is preliminary. Investigation on more profound proper-
ties and applications of IFHNN might be promising. For instance, in comparison
with ordinary Hopfield neural networks, one may consider the following problems:
1) Determine the network weight matrix by using given training patterns. 2) Con-
struct a functional such that the state sequence of the network is a minimization
sequence of the functional. 3) Prove more profound convergence theorems of the
iteration process. 4) Find practical applications of the network.

Appendix

Proof of Theorem 1: Let M = {a1,as,...,an} and @ = {b1,ba,...,b,} stand for
the sets of membership degree and non-membership degree of every element of W,

[P

respectively. By the definition of the max-min composite operation “o”, we know
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that the membership degree and non-membership degree of every element of W¥,
for K = 1,2,..., are taken from the set M and @, respectively. Therefore, there
are at most finite different matrixes in the matrix sequence {WF|k = 1,2,... },
which means that identical matrixes will appear in the matrix sequence {W*|k =
1,2,...,} after finite composite operations. Thus, there exist two positive integers
ko and ki, such that Wko = Wk Assume without loss of generality that kg <
k1. Then, the matrix sequence {W¥|k = 1,2,...,} converges to the limit cycle
{Who Wkotl Wki=11 Thus, for any initial intuitionistic fuzzy pattern X (0),
we have
X (k1) = X(0) o WH = X (0) o W* = X (k),

i.e., the iteration process of IFHNN (1) converges to the limit cycle { X (ko), X (ko +
1),...,X(k; —1)}. Theorem 1 is thus proved. O

Now we are in a position to present two lemmas to be used in our proofs of
Theorem 2 and Theorem 3.

Lemma 1 Given n x m intuitionistic fuzzy matrizes A, B and m x [ intuitionistic
fuzzy matrizes C, D, if ACB and C C D, then AoC CBoD.

Proof. Let A = (< paij,vaij >), B = (< uBij, 7Bij >), C = (< pcij, Yois >)
and D = (< ppij, Ypij >). It follows from A C B, C C D and Definition 4 that
EAi; < UBijs VAij = VBij, Hcij < ppij and Yoi; > pej for any ¢, j. Thus, we
have for any 7, j

\ (naix A perg) <\ (uBin A o) (2)
k=1 k=1

and " "
/\ (vAik V YCkj) > /\ (7/Bik V YDKj)- (3)
k=1 k=1

The combination of (2), (3) and Definition 4 leads to A o C C B o D. O

Lemma 2 Assume that h > 0, that a;, b; € [0,1], and that |a; — b;| < h for
1=1,2,...,n. Then, the following two inequalities hold:

\n/ai—\n/bi <h
=1

i=1

n n

Nai= \b

=1 i=1

< h.

(0)

Proof. Inequality (a) has been shown in Lemma 2.2 in [30], and the detail of the
proof is omitted.

Next we prove the inequality (b) by induction on n. The inequality (b) is
evidently valid for n = 1. Let us suppose that (b) is valid for n = k, i.e.,

! !
Mai= A\b
i=1 i=1

=|a—b| <h,

where a = /\ a; and b = /\ b;. We proceed to show that (b) is also valid for
n=~k+1. Whenn—k—l—l

k+1 k+1

Ao Ab
=1 i=1

= |a/\ak+1—b/\bk+1|. (4)
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We analyze (4) by considering the following four cases.
Case 1:1If a > agy1 and b > by41, then

la A ags1 —bAbgt1] = |ag+1 — bgy1| < h.

Case 2 : If a > a1 and b < bgy1, then |a A agy1 — b Abgy1| = |ag+1 — b and
—h < agy1 — br+1 < agy1 — b < a—b < h. Thus, it is easy to get

la A ags1 —bAbgs1| = lags1 — b < h.
Case 3:If a < agy1 and b < by41, then,
|a A aky1 —bAbgya]| =la—b] < h.

Case 4 : If a < a1 and b > bgy1, then |a A agy1 — b Abg1| = |a — bgy1| and
—h<a—b<a—>bgt1 < ags1 — b1 < h. Thus, it is easy to get

|G//\ Ap+1 — b A bk+1| = |ak+1 - b‘ < h.

The above discussions result in, for n =k + 1,

k+1 k+1

Ao Ab
=1 =1

Now we have shown by induction that the inequality (b) always holds. This com-
pletes the proof of Lemma 2. O

Proof of Theorem 2: The proof is divided into two parts, dealing with State-
ments (7) and (i7), respectively.

Proof of Statement (i). Using Lemma 1 and the fact W C W2, we have
WF C Wkt for k = 1,2,.... Therefore, the sequence of membership (resp.
non-membership) degree part is monotonically increasing (resp. decreasing) in the
intuitionistic fuzzy matrix sequence {W¥|k = 1,2,...}. Notice that there are at
most finite different elements in the sequence {W¥|k = 1,2,...}. Hence, there
exists a positive integer m such that W™ = W™+l For any initial intuitionistic
fuzzy pattern X (0), we obtain that

= |a/\ak+1 —b/\bk+1| < h.

X(m)=X(0)o W™ = X(0) o W™ = X (m + 1).

This means that X (m) is a stable point of IFHNN, i.e., the iteration process of
IFHNN (1) converges to the stable point X (m) at the m-th iteration. This proves
Statement (7).

Proof of Statement (i7). According to the fact that W is reflexive and noting
Property 2, we have for k =1,2,.. .,

WFC Wkt (5)

Write Wk = (< ,ui?j, ’yfj >). By the definition of the composite operation and the
fact that W is reflexive, it is easy to show that the membership degrees and the
non-membership degrees of the diagonal elements of W* (k = 1,2,...) are equal to
1 and 0, respectively, i.e., u¥ =1 and 4% =0, for i = 1,2,...,nand k = 1,2,.. ..
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Next we proceed to discuss the membership and non-membership degrees of the
non-diagonal elements of W™, where n is the number of the network units.
When i # j,

(ks A1)
1

(#ikl A ( \/ (Mk1k2 A #22_32)>>
1 ka=1

( \/ (Mkl A Hyky N MZ;f)) :
1 \k

co=1

k1

k

I
<= <]z <l

k1

Then, we can deduce by analogy that

pij = \/ (Hiks A ks A= N Bk ok o A k1)
1<k1,k2,....kn—1<n

= max N ( ik, s Bk kas* " " s Mhn_okn_15 Hkn_15) -
1<kn kpror B 1 <n (/’[/Z 1a/j/ 1K2» 7/1/ n—2Kn 17/’(‘ 1 1])

Here we have n + 1 subscripts ¢, k1, ko,...,kn_1,7. Thus, there must exist two
subscripts that are equal. We consider the following three cases.
Case 1 : There exists a subscript ks € {k1, ko, ...,kn—1} such that ks = j. Then,

n .
:u‘z] - 1<k kma}l(c <nm1n (:u‘ikla,u‘klk27 e aﬂkn_an_uNkn_lj)
SR1,R25-Rn—12>

: n—1
max MIN (fiky s Phykay " s ke 15) < My -
1<ky,k2,....ks—1<n (Hl 1o ik » K, U) Hij

Case 2 : If i = kg, things can be done similarly.

Case 3 : There exist two subscripts ks, k. € {k1,ka,...,kn_1}, such that ks = k.,
but they are not equal to ¢ or j. Assume without loss of generality that r > s.
Then,

n .
Mz]: 1<k k:ma)]i <n min (lh‘kl vy Mk 1k /’Lkrkterl sy Mk 1k /’Lk,,verrla' ) /’Lknflj)
SN R2y0n—1

< ; . . N < 1

= 1§k1,k£1,’1.?‘§€3,1§nm1n (Mzku sHko_1kys Mk:rkr,uru 7/’“6"71]) = /’1/1,]
To sum up, we always have 7 < u?jfl fori, 7=1,2,...,nand i # j. Analogously,
we can prove y;; > 7;;-71 fori, j =1,2,...,n and i # j. Then, we have W™ C
Wn~L. This together with (5) immediately leads to W™ = W"~L. For any initial
intuitionistic fuzzy pattern X (0) we obtain that

X(n—1)=X(0)o W ! = X(0)o W" = X(n).
This means that X (n — 1) is a stable point of IFHNN] i.e., the iteration process

of IFHNN (1) converges to a stable point within at most (n — 1) iterations. Now
Statement (i¢) is proved. And this completes the proof of Theorem 2.
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Proof of Theorem 3: Let P = (< up1,7p1 >, < fip2, VP2 >, -+, < [P, YPn >)
be a stable point of IFHNN, the network weight matrix be W, and the ¢-th iteration
state of the network be

X(t) = (< MXl(t)ale(t) >, < ;U'X2(t)7’7X2(t) >7 ey < ﬂXn(t)v’an(t) >)7

where t = 0,1,2... and X(0) is the initial intuitionistic fuzzy pattern. Write
W' = (< 5,9 >)nxn- Then, X(t) = X(0) o W', ie, for j =1,2,...,n

~.

pxj(t \/ pxi(0) A /’L;j) s Yxj(t) = ('YXi(O) \4 ’ij) .

i=1

Noticing that P is a stable point of IFHNN, we have P = P o Wt, i.e., for j =
1,2,....n

n n

npj =\ (upi M) ves = N (vpi V) -
i=1 =1

For given £ > 0, we choose § = ¢/2n. For any initial intuitionistic fuzzy pattern
X (0) satisfying H(X(0), P) < ¢, we have for i = 1,2,...,n,
luxi(0) — ppil <e/n, |yxi(0) = vpil <e/n.
Then, fori=1,2,...,n
lxi(0) A iy — ppi A it
1xi(0) + pf; — |pxi(0) — pul | kPt pi; — lppi — pll

2 2
o |exi(0) = i 4 e — gl | = [xi(0) — |
a 2
< Juxi(0) = ppi| <e/n. (6)

Analogously, it is easy to obtain that, for i =1,2,...,n

yxi(0) Vi — vpi Vsl < lvxa(0) — ypil < e/n. (7)

According to (6), (7) and Lemma 2, we have for j =1,2,... n,

n n
|p’X] p’P]| \/ /U‘XZ /\ p’z] \/ Hpi N :uz] < 6/”7
i=1 1=1
n
|’YXJ ’-YP]| - i V 71] /\ YPi V 'Y” < E/TL.
i=1 i=1
Hence,
1
H( ’ 52 |MX] MPj|+|'7Xj(t)—’}/Pj|] < €.

This completes the proof of Theorem 3.
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