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Comments on “The Multisynapse Neural Network and its
Application to Fuzzy Clustering”

Jian Yu and Pengwei Hao

Abstract—In the above-mentioned paper, Wei and Fahn proposed a
neural architecture, the multisynapse neural network, to solve constrained
optimization problems including high-order, logarithmic, and sinusoidal
forms, etc. As one of its main applications, a fuzzy bidirectional associative
clustering network (FBACN) was proposed for fuzzy-partition clustering
according to the objective-functional method. The connection between the
objective-functional-based fuzzy c-partition algorithms and FBACN is the
Lagrange multiplier approach. Unfortunately, the Lagrange multiplier
approach was incorrectly applied so that FBACN does not equivalently
minimize its corresponding constrained objective-function. Additionally,
Wei and Fahn adopted traditional definition of fuzzy c-partition, which
is not satisfied by FBACN. Therefore, FBACN can not solve constrained
optimization problems, either.

I. INTRODUCTION

In the above-mentioned paper, most existing partitional clustering al-
gorithms need closed-form solutions [1], [2]. To avoid such a problem,
Wei and Fahn proposed a “new” neural architecture, the multisynapse
neural network [3]. They claimed that it could “open a new door for all
the high-order optimization problems with constraints.” As one of its
main applications, a fuzzy bidirectional associative clustering network
(FBACN) was proposed for fuzzy-partition clustering according to the
objective-functional method in [3].
In the paper, they demonstrated the usefulness of FBACNbyapplying

it to four fuzzy clustering examples. The connection between the objec-
tive-functional-basedfuzzyc-partitionalgorithmsandFBACNis theLa-
grange multiplier approach. Unfortunately, the Lagrange multiplier ap-
proachwasincorrectlyappliedsothatFBACNdoesnotequivalentlymin-
imize its corresponding constrained objective-function. In order to show
their mistakes, we list the original objective functions with constraints,
the correspondingWei andFahn’s unconstrainedLagrangian forms, and
the correct unconstrained Lagrangian forms as in Table I.
In brief, we show in the following the inconsistence between Wei

and Fahn’s original goal and FBACN only by minimizing the objective
function of the FCM algorithm.
As for the objective function of the FCM algorithm, they designed

a computational energy function corresponding to FBACN as follows
[3, (23)]:
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The corresponding Wei and Fahn’s unconstrained Lagrangian form
is
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As noted in [1], minimization of (1) and (2) are equivalent when
taking � as a constant. However, a Lagrange multiplier � need be opti-
mized as a parameter in (2). For given v1; v2; . . . ; vc, the Lagrange
multiplier approach tells us that the necessary conditions for mini-
mizing (2) are
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The necessary conditions (3a) and (3b) can be easily simplified as

mum�1ik kxk � vik
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In general cases, the conditions 8i, 8k, kxk � vik 6= 0 hold, so it
is easy to see that (4a) and (4b) are inconsistent. Therefore, Wei and
Fahn’s unconstrained Lagrangian form is not correct with regard to the
objective function of the FCM algorithm.
However,Wei and Fahn took� as a predefined parameter in [3]. Con-

sequently, the necessary conditions for minimizing (1) or (2) should be
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we know that sk < 1. In theory, any correct iterative sequence of mini-
mizing (1) or (2) should converge to uik = 1=(��1kxk�vik
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), therefore c
i=1 uik < 1, which means

that the output of FBACN does not satisfy the traditional definition of
fuzzy c-partition. It is well known that when m = 2, minimizing the
objective function of the FCM algorithm results in

uik =
1

kxk � vik2
c
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�1 :

Therefore, minimizing (1) or (2) is not equivalent to minimizing the
objective function of the FCM algorithm. Notice that the original idea
of FBACN is not to minimize (1) or (2) but to minimize the objective
function of the FCM algorithm, it is obvious to draw a conclusion that
FBACN does not achieve its original goal.
As for FBACN, themost important part is layer 2, its architecture and

convergence both depend on one uniform parameter� forn constraints.
In other words, the corresponding Wei and Fahn’s unconstrained La-
grangian forms at most have a parameter more than its original ob-
jective functions with constraints. In order to do this, Wei and Fahn
ignored the difference between the Lagrange multiplier � and the orig-
inal parameter � in the objective functions [3, (58)] and [3, (59)], and
took such two parameters as the same. But correct unconstrained La-
grangian forms have no such “merit”. Therefore, there does not exist
a neural network like FBACN to minimize the correct unconstrained
Lagrangian forms.
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TABLE I
ORIGINAL OBJECTIVE FUNCTIONS WITH CONSTRAINS, CORRESPONDING WEI AND FAHN’S UNCONSTRAINED LAGRANGIAN FORMS, AND

CORRECT UNCONSTRAINED LAGRANGIAN FORMS

II. CONCLUSION

In this correspondence, we point out that the connection between the
objective-functional-based fuzzy c-partition algorithms and FBACN is
the Lagrange multiplier approach. Unfortunately, the Lagrange multi-
plier approach was incorrectly used so that FBACN is an illusion for
objective-functional-based fuzzy clustering with constraints. Addition-
ally, the FBACN does not satisfy the traditional definition of fuzzy
c-partition, either.
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Comments on “A Generalized LMI-Based Approach
to the Global Asymptotic Stability of Delayed Cellular

Neural Networks”

Hongtao Lu

Abstract—In this letter, we point out that the linear matrix inequality
(LMI)-based criterion obtained in the above paper for the global exponen-
tial stability of the delayed neural networks can be simplified to a simpler
but equivalent form and, thus, show that it is not necessary to have such
complex form of condition in the above paper. As a result, we also answer
the question raised by the author of the above paper.

Index Terms—Delayed cellular neural networks (DCNNs), global expo-
nential stability, linear matrix inequality (LMI).

In the above paper, the author obtained a linear matrix inequality
(LMI) based condition for the global exponential stability of the de-
layed cellular neural networks (DCNNs) described by the following:
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T , and yi(xi) = 0:5(jxi+1j� jxi�1j).
The LMI-based criterion established in the above paper is restated

as follows.
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