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ABSTRACT ,
Two improvements of Bidirectional Associative Memory are proposed in

order to apply to character recognition. ' ‘
First one is the addition on least error learning to minimize recognition error.
Second is the definition of initial connection based on each clustering center.
As a simple result of simulation, this model is superior to conventional BP
model in the iteration time of learning and the ability of generalization.

* This method, which discriminates a character by pulling into an attractor, is
considered as a new recognition approach.
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1. Introduction

Human brain has a superior ability for dealing with incomplete
information. As a technical realization of this ability, Bidirectional Associative
Memory are suggested [1][2]. But this model has both advantages and
disadvantage, e.g. flexible data supplement for incomplete information and
the pattern discrimination criterion depending on patterns themselves
[31[4]1[5]. On the other hand, as a view of pattern recognition, Back
Propagation (BP) model is promising and there are good results for many
applications. Funahashi points out the theoretical ability of BP model [6], and
Kawahara/lIrino expand the idea for “SPAN”, which is a setting method of the
good initial connection value for a layer model [7]. Katagiri also explains the
relation between BP model and Vector Quantization method (VQ) by
introducing the metric representation like SPAN. BP model is understood to
have the advantage of pattern discrimination criterion by least error, but itis
trapped into a bad local minimum in many case, and spend much time for
learning as disadvantages.

In this paper, | consider a recognition process as an interactive process
between input and output patterns, and propose Least error Bidirectional
Associative Memory (L-BAM) model which utilize advantages of both BP model
and BAM model complementarity in order to apply BAM model to pattern
recognition. The improvement points are the addition of least error learning
like BP model to self-organization learning of BAM model, proof of the
stability of learning, and the way to set the initial connection value in order to
decrease the crosstalk. As a simple result of character recognition, L-BAM is
superior to BP model in the iteration time of Iearmng and the data
complementary ability (generalization).

L-BAM is considered as a nonlinear discrimination method by pulling into
an attractor. This method can be expected as a new type of clustering.

2. L-BAM

In the conventional BAM model, the connection value is adaptively updated
by learning, but the output error can not anytime minimized, since the
learning method is self-organization learning like Hebbian learning based
correlation between input and output. In chapter 2.1, | propose L-BAM model
where the least error term is added with teacher signal to conventional BAM
model, holding the local processing like Hebbian learning. Next, in.chapter
2.2, 1 prove the stability of an energy function in learning phase, in chapter 2.3,
show the meaning of the energy function.
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2.1 Proposal of L-BAM

L-BAM is a two layer network of symmetrically interconnected neurons (as
shown in Fig.1). There are N neurons in A = {a,,...a,}, P neuronsin B =
{b,.....b,}, and the NxP connection in M = {mu}- In this model, there are two
phases, recognition phase and learning phase. In the recognition phase,
interactive association between input and output is executed until the
convergence. In learning phase, the connection value is also updated during
the interactive association (Eq 2-3). The activation value of each unit is an
arbitrary continuous value in [ -1, 1 ], and the teacher signal is given into

output layer (to B). In learning phase, the dynamics is specified in the
following.

T4, =-a+ ZJ.S(bJ.)mij : (2-1)
th, = - b + Z8(a)m; + (T,-S(b)) | (2-2)
Tty = - my + S(a)S(b) : (2-3)

(for i=1,.,N, j=1,..,P)
In this notation, * is time differential, a, and b, is the inner state of input unit
and output unit respectively, m; is connection value of between input and
output, t and t_ are time constants of memory forgetting(x<t ), S(x) is
monotonous increasing differential function like sigmoid function and decides
the output value of each unit. On equation 2-2, the third term (T, - S(b)) ) is a
unique additional term in order to minimize recognition error.

Input

Fig. 1 L-BAM model
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2.2 Lyapunov function and its stability.

According to [1], | show that the following energy function E is converged
on an local minimum of it without causing oscillation and chaos. In this
approach, a combination of self-organization learning and least error learning
with teacher is considered similar to energy learning method of Kawato[9] and
self-organization with teacher of Sakaguchi[10].

E = (self-organization energy) +(least error ene‘rgy) =E;+ E; (2-4)
- Eg =% f2i Sx)xdx+Z; [ S'(x)x dx - EiZjS(ai)S(bj)rnij+2i2jmij2 /2 (2-5)
E; = Z,(T;-S(b) /2 ' (2-6)

By the Eq (2-1) ~ (2-3), time differential of the energy function E is the
following. In this notation, ” * ” shows time differential and “’ “ shows
space differential.

E =B+ B,
=Z.4,Sa)a; + Z;b, S(b)b, ‘
-EZ,{48@)S(b)m; + bS'(b)S(a)m,; + S(a)S(b)) rh; }
+ZZmahn, - Z.(T,- S(b) bS'(b)
=-2.4S5(@@){-a+ ZjS(bj)mij}
- ;b §'b) {- by + ZS(@my + (T;-S(by)))
-T2 {-m + S(a)S(b) }
= -1Z,8(a)a? -t E S(b)b? -t BTm? =0 . (2-7)

The lyapunov function is stable with 4.2 = bj 2 =1h2=0,since E is obviously
bounded. The stable point depends on the initial values of input inner state
and connection value. Each local minimum stable point of E shows
respectively recognition state in the memory.

2.3 Interpretation of each term of the energy fu nction

Each term of the energy function is interpreted by the following. Obviously,
E; in Eq (2-6) shows least error energy. According to Eq (2-1) ~ (2-3) and
assuming S(x) as sigmoid function, the first and second terms of Eg in Eq (2-5)
show forgetting Short Term Memory (STM) of each element, so as to make the
inner state of each element to zero. The third term of them shows competitive-
coorperative term between each input- output element and the connection,
and-the forth term of them shows forgetting Long Term Memory (LTM) in the
connection not to emit the value.
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Actually we must decide a rate of self-organization energy Egto least error
energy E,.. Inthis case, the Eq (2-2) and (2-4) are updated by the following.
E=Eg+ BE, (2-47)
th; = -b, + IS(a)m; + B(T;-S(h)) (2-2)

B should be decreased as the learning process. At the early stage of learning, B

should be large to have a strong effect of least error learning, but as the later

A stage near the convergence, pshould be smalier and smaller to have the effect

of minute adjustment by self-organization. This method is mathematically
similar to Penalty Function Method.

3. Learning algorithm
After this section, the notation of variable a,, bj, m;; is changed to I, Oj, Wy
respectively.

3.1 Learning algorithm

Step0: Setting of parameters
Set the following parameters to proper value.
learning rate: B > 0, variation of p: 0< B’ <1, recognition accuracy: e > 0,
time constant of forgetting: ¢, t

Step1: Setting of each input pattern
Set each input pattern S(Ik) in order, and initialize output inner value to
zero. Iterate Step2 - Step6 fork = 1, ..., Krespectively.

Step2: Main process '

Each inner state and connection value is sychronously updated as following.

AL = {-I, +%,_P S(O,)w, } At/< (3.1)
AO, = {- 0, +Z,_,N S(I)w, + B(T,-S(0,)) } At/ (3.2)
Aw, = {-w, +S(I,)S(0,) } At/ (3.3)
I =1 +AL (3.4)
0,= 0, + AO, , ' (3.5)
Wi = w, + Aw,, . (3.6)

. for all 1,]
Step3:  Decision of convergence with teacher signal
If Ep = %,_,P(T,-S(0,))2 /2P Z ¢, thengoto Step2.
Stepd: Stop criterion
If Bisverysmall (< 1.0) orthereisno errorrecognition in all K-th patterns
as the recognition phasenote), stop the algorithm.
Otherwise, setf = Bxf, andgoto Stept.
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note): In the recognition phase, interactive association between input and
output is executed sychronously without the third term of Eq (3-2) , Eq
(3-3) and Eq ( 3-6) as least error learning. The stable convergency of
recognition process have already proved by B. Kosko [1].

3.2 Setting of the initial connection value :

The initial connection value is set by each clustering center in order that
output may represent a distance (similarity) between an input pattern and
each clustering center as prototype pattern like SPAN [7]. Each clustering
center is normalized with constant value VN to equalize inner product
distance to Euclid distance. Since the clustering center expression <Case1> is
better than the conventional correlation matrix expression <Case2>in regard
to the influence of crosstalk, Case1is adopted.
<Casel clustering center expression >

The distance between an input pattern S(I) and each clustering center C;
(G=1, ..., P)isshown by the following ( T means transpose).

d2 = (8- C)T(SM-Cj) = 2N (1-C,TSM/N)
0; =(1-42/2N)=CTSM/N = Z,_ NSI)C;;/N =L _~ SI)w;;
1
<Case2 correlative matrix expression>
Asin casel, output'is considered to represent the distance of an input and

clustering centers, but connection value is set by correlation matrix,
different from case1. ‘

W= Z, _ K S(Ok)(S(Ik))T/N
S(Ok))= CjTS(Ik)/N
are assumed. When key pattern S(I1) is given to input layer, then output s
O; = Z,_ N S(I})wy
=Z,_ N8Iz, _X S(Ojk) (S(Lk))/N
= 2,_,KCjTSk) T, _,N SIS k) / N?
= CjTSA)/N + E,, CiTS(Ik) T, _ N S(11)S(Ik) /N ? (3.8)
The first term of Eq (3.8) shows the distance between an input and clustering
centers as casel1, and the second term shows the crosstalk noise from other
patterns. In case1, the distance between input and only own clustering center
influences the inner state of elements at feedforward process, and the distance

between input and other clustering centers influences the inner state of
elements at backward process. '

. wy= Cj,/N | (3.7)
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4. Simulation of character recognition .

Through a simulation of character recognition identify the parameter
properties of L-BAM, L-BAM model is compared with BP model in recognition
accuracy and learning iteration time.

4.1  Objects for recognition
In this simulation, hand-written Japanease HIRAGANA characters made by

digitizer are used as objects. Five characters ” &, " \", " 5", " AU, B,

which have five variations respectively, by 16x16 dotted pattern (£0.95) is
used. The dimension of input layer is 256 and output layer is 5.

4.2  Method of simulation

L-BAM and BP are compared in the learning iteration time and the data
complementary ability by changing the parameters for the hand-written
character in both cases of using only one character and all the patterns for
learning. The simulation environment is constructed on Sun3 by using neuro-
simulator SunNet, which is public domain neuro-simulator software for Sun3
developed by Dr. Miyata at UCSD (he isin AT&T Bellcore).

4.3 Thesimulation result of L-BAM (as shown in Fig.2)

Before learning, the similarity once grows, but converges on a constant
value due to hysteresis; however after learning, the pattern can be
recognized[12][13]. Asthe results, the following points are identified.

i) Thevariation B’ shows a kindness of guidance. Without the case of unkind
guidance (small ') at Fig.2(a), learning iteration time does not almost
depend on f'.

ii) A large number of learning is needed in the case of large Tt (memory
dependence is strong) and small B’ (unkind guidance) at Fig.2(b).

iii) As the forgetting of LTM is larger (t_ is smaller), the learning iteration
time becomes fewer. ' '

4.4 Thesimulation results of BP (as shown in Fig.3) ,

The learning iteration time is investigated changing the learning step

' width:n and momentum:a . Each parameterisset as large as with the range of
no vibration [14]. A convergence is defined as recognition error smaller than

0.01, when the learning process is terminated. The initial connection value is

same as L-BAM at input-hidden, but connection of hidden-output is set by

correlation matrix between the recognition output pattern and the similarity

as distance for each cluster.
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iv) The learning iteration time is needed 10 times more than L-BAM, and
depends more strongly on the parameters than L-BAM.
v) A few patterns are always not able to recognize correctly in the case of

using only one variation character in learning.
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Fig. 2 Learning iteration times vs. variation p’ (L-BAM)
B =128,& =0.001, At = 0.1, vt = 10,S(x) = 2/(1 +e-10% ). 1.
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Fig.3 Learningiteration times vs. step widthny (BP) v
In both Fig.2 and Fig.3, (a) is the case of only one variation character for
learning, and (b) is the case of using all pattern for learning.
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5. Consideration

The time constant T controls the relative the synaptic plasticity in changing
the value of LTM. There are two bipolar cases, one has a tendency for
forgetting when t_ is small and the other has a tendency for stabilizing when
v islarge. Proper intermediate values of v are important to proper operation.
In a micro interpretation of physiology, the least-square error learning term of
L-BAM can be considered as a hetero-synaptic learning term. In a macro
interpretation, the input-ouput interaction might be considered as one of
models of the corpus callosum [15].

Several Neural Network models are described in [8]{16] including BP and VQ.
BP and VQ use two-dimensional clustering while L-BAM uses three-
dimensional clustering. L-BAM has also nonlinear clustering boundaries. So, if
the initial distance is small, the state of output approaches the correct output
in the basin of the attractor. We are investigating the ability of generalization
of this technique based on the basin of the attractor. Early results on small
amounts of test data are encouraging. We plan to test on a wide variety of
data in the future.
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