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Abstract
The advantages of CMAC neural network are
fast learning convergence, capable of mapping

nonlinear functions quickly due to its local
generalization of weight updating, simple architecture,
easily processing and hardware implementation. In the
training phase, the disadvantage of some CMAC
models with a larger fixed learning rate is the unstable
phenomenon. The smaller learning rate would cause
slower convergence speed. In the aspect, we propose
grey learning rate for training phase. We incorporate
the grey relational analysis with the number of
training iterations to get an adaptive learning rate for
better response. In addition, a serious problem of
learning interference reduces learning speed and
accuracy. The idea is that the error correcting must be
proportional to the inverse of learning times and
trained input area for the addressed hypercube. An
area-time credit assignment adopts the idea to provide
fast and accurate learning effects. This paper proposes
a novel learning framework of CMAC for the best
performance. From the simulation results, it is clear
that the proposed algorithm provides more accurate
and fast convergence.
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1. Introduction
Cerebellar Model Articulation Controller(CMAC)
was first provided by J.S. Albus in 1975[1][2]. The
CMAC model has

/I~ D%*ﬁﬂ )

good capability of local
generalization and simple structure for hardware
implementation [3].

In the relational theories of CMAC, Thompson

and Kwon presented that neighborhood sequential



training and random training methods were two
training policies to accelerate the learning rate and
accuracy of CMAC model[4]; In the improved
architecture of conventional CMAC, Yeh and Lu
performed grey relational analysis and adaptive
quantization about learning space of CMAC [5][11];
Lee~ Chen and Lu presented a hierarchical CMAC that
utilized hierarchical architecture and non-uniformly
quantized input

space for the application of

classifier[6]. Lin and Chiang had proposed the
convergent features of CMAC [7].

In the related research of learning rate and
accuracy, Su ~ Tao ~ Hung[8][10] and Lu ~ Chang[9] all
made use of credit assignment to reform the learning
strategy of CMAC. They performed credit assignment
to distribute learning errors and enhanced the training
speed of conventional CMAC. Su ~ Tao and Hung
presented a solution of credit assignment in
accordance to learning times, it could accelerate the
learning speed but result in the unstable phenomenon.
Lu and Chang considered credit assignment to the
mapping hyper cubes of input states and neighborhood
states in each training time for increasing learning
speed and accuracy but got only little improvement.

In the training phase of conventional CMAC, the
learning errors were dispatched to mapping memory
cells of input states by uniform distribution. There
were existent effects of learning interference to reduce
learning rate and accuracy in the training phase
[11[4]1[8][9]. Our goal of research is to reduce the
influence of learning interference and expects to reach
the best learning speed and output accuracy. In this
paper, we propose a novel learning framework that
merges the concepts of area-time credit assignment
and grey learning rate in the CMAC model that is
really made to reach better performance. In the
training phase, we compute the grey relational

coefficients for each input state after current iteration

and consider the number of learning iterations to get

an appropriate grey learning rate for better response.
The idea of area-time credit assignment is adopted to
provide fast and accurate learning by distributing
credits proportional to the inverse of learning times
and trained input area of the addressed hypercube.
Such a learning scheme can reach expected target in
our paper.

The rest of this paper is organized as follows. In
Section 2, basic concepts of CMAC model is briefly
introduced as part of the proposed approach. In
Section 3, a novel learning framework of CMAC
model is thoroughly discussed. Experimental
simulation results are presented in Section 4. Finally,
conclusions are described in Section 5.

2. Basic Concepts of CMAC model

The basic structure of conventional CMAC
model is shown in figure 1. The CMAC model defines
a series of mapping procedures and repeats the
training process to achieve learning objective. The
first, it needs to determine the domain of learning
space, then quantizes the learning space into many
discrete states that are input states of the CMAC
model and are represented to a set S in figure 1. Each
input state is mapped from indexed memory A to
corresponding real memory cells W that store the
information of input states and are summed into actual
output value. If the halting condition is not true then
take the error of actual value and desired output value
to update the contents of mapping memory cells W by
uniform distribution. Repeat the above training phase

to reach correct output values.
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Figurel. Basic structure of CMAC model

An instance of two dimensional CMAC is shown

in Figure 2. The input variables S1 and S2 are



quantized into 21 units that are named as elements
from number 0 to number 20. The width of each
element is the resolution of quantization. The discrete
elements are input states in the axis. A block is
composed of 5 elements. There are 21 elements that
are divided into 5 blocks including 4 complete blocks
{A, B, C, D} and 1 residue block {E} in the S1 axis.
The L1 layer is formed with blocks {A, B, C, D, E}.
The L2 layer could be formed with the L1 layer by
shifting one element, and by the way would reach 5
layers. The same art of composition is in the S2 axis.
The mapping block is a hyper cube in the S1 axis and
S2 axis. Total hyper cubes are real memory cells that

store relational information about input states.
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Figure2. The memory cells of two dimensional
CMAC
If there are Nh hyper cubes and each input state
is made use of Ne hyper cubes, then the actual output
is shown in the equation (1). The y, is the actual

T

output of input states, a  is indexed vector, and w

is memory cell vector.
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CMALC is one class of supervised learning neural
network models. In learning phase, the error of actual
and expected output value is accorded to regulate and
train the memory cells of CMAC by uniformly

updated. The relation is shown in the equation (2).
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In the above equation(2), s is an input state, w;

is the hyper cube of number j in the training time of

number i, a_ ; is an index of input state s and hyper

a . . . .
cube of number j, (y —a’w'™) is learning error, «is

learning rate, and each input state is made use of Ne
hyper cubes.

In the structure of CMAC model, the hyper cubes
are shared by many relational input states, and
neighborhood states share more hyper cubes. There
are existent effects of learning interference to reduce
learning speed and accuracy in the training phase
[1][4][8][9][10][11]. The smooth functions have less
influence of learning interference but other nonlinear
functions have important influence.

3. A Novel Learning Framework

The goal of our research is to reduce the
influence of learning interference and expects to
increase learning speed and accuracy. We apply the
concepts of credit assignment[8][10] and combine the
adaptive regulation of learning rate in accordance to
grey relational analysis of input states and the number
of training iterations in the CMAC model that can
really reach better performance than the past CMAC
models.

3.1. Grey relational analysis

Grey relational analysis [11] is a kind of
similarity measure method. This analysis scheme is
essentially believed to have captured the relationship
between the main factor and the other reference
factors in a given system. Due to this feature, grey
relational analysis can be applied to relate the
reference sequence to the comparison sequences,
which can show some degrees of satisfaction to the
reference one, such that the best comparison sequence

can be determined. Hence, Grey relational analysis is



a simple approach to analyze the similarity of the
considered sequences. Assume that a single reference
sequence is given by x, :{xo(l),x0(2),...,x0 (n)}
and m comparison

x, ={x, (1), x,(2)x;(n} , i=12,., m, then the

sequences are

grey relational coefficient between x, and x; at

the k-th state is defined as follows.

A, vEm,, (€))
GRC  (x,(k), x,(k))= G
where  GrC (x()(k)’xi(k)) is termed the grey
relational  coefficient, A, (k) =|x, (k) = x,(k)

£0(0,1] is the distinguishing coefficient to control
and A

max min H

the resolution between A

A . =max max Ay (k),and A, =min rnkinAo,. (k).

max

By this definition, each grey relational coefficient will
satisfy o < GRC (x, (k), x,(k)) <1-

3.2. Grey learning rate

After continuous training phase, the contents of
hyper cubes could be approximate to correct value. If
the learning rate of CMAC is set to larger value, then
CMAC could be fast convergence, lower accuracy and
in the unstable phenomenon. If the learning rate of
CMAC is set to smaller value, then CMAC could be
slower convergence and better accuracy. As previous
demonstrations, we investigate a new adaptive
technique for learning rate on the basis of grey
relational analysis in our paper.

Assume that the input space is partitioned into n
states and the desired function p to be learned is
known, then the desired output of a specific input state,
say s, , k=l2,.,n , can be mathematically
expressed as p(k) . Gathering these n desired outputs
can form a reference sequence as follows.
Y = {5(1), 5(2),..., p(n)} . To analyze the grey relation
between the desired outputs and the actual one, the
comparison sequence here is generated by the actual
of CMAC at every

Y ={y1), y(2),..., y(n)}

output state, denoted as

follows. According to

equation (3), the grey relational coefficient at state s,
for a single comparison sequence can be easily

rewritten as

5 ' 4
GRC (y(k), y(k)) = W 4)

Where o (k)= |yky- 50| » A

max

= max AL(k) >

By =min A, (k)-and 0<GRC (y(k), p(k) <1-

min

The grey relational coefficient, as defined in equation
(4), can not only reflect the relation between the
reference sequence and the comparison one at state s, ,
but also show the degrees of output error. That is to
say, the smaller the output error is, the larger the grey
relational coefficient is. The main feature using the
grey relational coefficient to stand for the degree of
variation of the output error is that it can be easily
computed at the end of each of learning iterations.
After a complete learning iteration, the error
information is examined. If the results are unsatisfied,
the learning rate will be adjusted based on the learned
information. The central idea of the proposed adaptive
strategy for learning rate is demonstrated as follows.
The actual outputs of all states can be easily obtained
after a complete learning iteration. Therefore, we can
utilize equation (4) to compute corresponding grey
relational coefficients. In the learning phase, the errors
of hyper cubes are also related to the inverse of
training iterations. This paper presents the adaptive
regulation of learning rate in accordance to training
iterations and grey relational coefficients in the
CMAC model. In the i-th training iteration, the grey
learning rate at state s, is defined as
grey _a(i k) =i 9o (5

Where is termed the grey relational

coefficient at state s, in the (i-1)-th training iteration.

Initially, and .The wvalue

orev a(l.k)=1

of equation (5) is depicted in the Table 1.

Table 1. The variation of



GRC (i —1,k)

; 0.1 0.3 0.5 0.7 1.0
2 0.93 0.81 0.71 0.62 0.5
3 0.9 0.72 0.58 0.46 0.33
4 0.87 0.66 0.5 0.38 0.25
5 0.85 0.62 0.45 0.32 0.2

3.3. Area-time Credit Assignment
A hypercube that includes more input states
would be more influence of learning interference. In
order to avoid such effects, the distribution of errors
into the addressed hyper cubes must be proportional to
the creditability of those hyper cubes. The important
information that can be used is how many times the
hyper cubes have been updated [8][10]. In our paper
also consider the trained proportion of input states in
the hypercube at current iteration. In a training
iteration, the feature is that the more input states in the
current hyper cube have been trained, the more
accurate the stored value is. Hence, the times of
updating for hyper cubes and the trained proportion of
input states in the hypercube can be merged as the
creditability of those hyper cubes.

We define

area _ time _ credit (j) @S the

follow equation

6
(f(Hxarea (H+D™ ©

m

z (f(c)*xarea (c)+1)"

area _ time _ credit (j) =

Where f(;) is the learning times of the j-th hyper

cube, and m is the number of addressed hyper cubes

for a state. Notice, that f(j)xarea(j) must include one

to prevent dividing by zero.
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Where grea(j) is the trained proportion of input states
in the j-th hypercube at present iteration.

Using the above idea, our paper modifies the

weight updating by area-time credit. It is shown that

equation (2) is rewritten as
i i-1 o T i-1
W;l) = wﬁ" ) +a &, Wy, —a wi™ Y irea _time _credit( ) (3

It is noted that the credit assignment scheme has
obvious effects in the early stage of learning.
3.4. A Novel Learning Framework

The equation (9) depicts area-time credit
assignment and grey learning rate for updating hyper
cubes. It changes from the learning rate a of equation

(8)to grey a(i,k) ofequation (5).
W =wi™ + grey a(i,k) @, [y, —a’ wi) Girea_time_credidj) )

Such a learning scheme is termed the
Area-Time-Credit CMAC. 1t is noted that the proposed
learning framework has fast and accurate effects in the
stage of training.
4. Simulation Results

In this section, the experimental results show the
performance of different CMAC models using two
examples with various functions. Time-Credit CMAC
is from references [8][10]. Area-Time-Credit CMAC is
the proposed approach of our paper.
The

distinguishing coefficient &=0.1. CMAC architecture:

Examplel. Objective function is sinx/x

Input states: 50. A state: 3 memory cells. Training
cycle: 10 times. Learning comparison: root mean

square error (RMSE).

Learning Comparisons for different CMAC models
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Figure3. Learning Comparisons for different
CMAC models
Example2.Objective function is z(x, y) = (x> = »*)sin 5x

for-1<x<1,-1<y<1



The distinguishing coefficient ¢=01 .CMAC

architecture: 57 elements in the axis. Input states:
3249(57*57). A Dblock: 7 elements. Hyper cubes:
567(7%9%9). Training cycle 10 times. Learning

comparison: root mean square error (RMSE).

Learning Comparisons for different CMAC models
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Figure4. Learning Comparisons for different
CMAC models
From the above simulations, it is clear that the
results can converge very fast to the neighborhood of
desired values and accurate enough, even in one or
two cycles.
5. Conclusions
This paper proposes an improved strategy which

is a novel learning framework of CMAC model by
incorporating credit dispatching error to memory cells
with grey learning rate in accordance to the number of
training iterations, grey relational analysis, learning
times and trained area of the addressed hypercube.
Above test results indicate that the developed method
can provide more accurate and good convergence. We
present a validly new scheme for CMAC model.
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