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Abstract 
Recently, fuzzy systems are used in many fields and places. In order to apply the fuzzy system to wider fields, it is 
necessary to study the tuning methods of the fuzzy system. Some self-tuning methods were proposed so far. However 
these conventional self-tuning methods do not have sufficient capability of generalization. In this paper, we propose 
new self-tuning fuzzy inference. The fuzzy inference consist of membership functions that are expressed by spline 
junction. Descent method is applied to tune the membership functions and consequent parts. The effectiveness of the 
proposed methods is shown by some numerical examples. 
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1 Introduction 

In recent years, fuzzy systems such as fuzzy reasoning, 
fuzzy modeling, and fuzzy logic controllers are utilized in 
many fields as engineering, medical engineering, and even 
social science. Some fuzzy control system already can be 
seen in home appliance, transportation system, and so on. 
We also have been studying about the sensor integration 
system applied fuzzy inference.[l,2, and 3] 

Fuzzy system has a characteristic to represent human 
knowledge by some fuzzy rules. However the fuzzy system 
has some problems. In most fuzzy systems, the shape of 
membership functions of the antecedent, the consequent, 
and fuzzy rules were decided and tuned through trial and 
error by operators and their experienced knowledge, 
therefore it takes many times to decide and tune them, and 
it is very difficult to design the optimal fuzzy system in 
detail. This problem is more serious, when the fuzzy 
controller is applied the more complex system. 

In order to solve this problem, some self-tuning 
methods have been proposed such as Fuzzy Neural 
Network[4] that is applied the neural network method[5], 
fuzzy learning controller applying Radial basis function[6 
and 7], utilizing the genetic algorithm for deciding the 
shapes of membership functions and fuzzy rules [8], and so 
on[9]. 

These methods can learn faster than neural networks. 
However operator must decide 'the number and shapes of 
membership functions before learning, and the learning 
ability and accuracy of approximation are related to the 
number or shape of membership functions. Fuzzy inference 
with much membership function and fuzzy rules has high· 
learning ability, however there are some redundant rules or 
unlearned rules. The number of rules is product of the 
number of membership function for each input, and the 
number of rules is increased as exponential with increase of 
the input number. Therefore operators must pay attention 
to decide the structure of the membership functions. For 
this problem, the hierarchical fuzzy inference has been 
proposed to reduce fuzzy rules. However this method also 

has two problems. One is that the number of rules is 
increase d with increase of the input number. Other is that 
the operator must design the fuzzy inference considering 
the relation of each input because inputs are classified into 
some groups and the relation of each input is cut into off. 

[7 and 8] utilize Radial Basis Function and make a 
fuzzy inference adding a new rule for the maximal error 
point through learning process. Therefore, fuzzy rule 
depends on the learning data set and if the learning data is 
biased, there are some unlearning area. These methods also 
have the increasing fuzzy rule problem and adding of fuzzy 
rules are cause of consuming the calculation time and 
memory. These methods do not integrate or delete a fuzzy 
rule, only add a new fuzzy rule. 

Self-tuning fuzzy inference based on B-spline[IO] has 
been proposed[ll]. The characteristic of this method is that 
each membership function is utilized as B-spline and three 
membership functions is fired for one input and then the 
output is cl function. However for n input system, fired 
rules are increased as 3n and it needs much calculation. 
Learning is only carried out for the consequent part, and the 
learning ability is depends on the initial state because of no 
adding knot. 

In this paper, we propose a new type of self-tuning 
fuzzy inference. The membership function of the antecedent 
is expressed by the spline function. In [11], a membership 
function (B-spline) only covers a part of the input space. 
On the contrary, the input space of each membership 
function covers the whole space of each input variable, 
thus this fuzzy inference can be constructed by less 
membership function and fuzzy rules and the initial state 
problem does not arise and it is able to learn in short time. 
In order to enhance the learning ability, this fuzzy inference 
adds/deletes a new knot that can make the spline function 
more complex shape. The added knot affects little to the 
calculation time of inference. 

We describe the structure of the fuzzy inference based 
on spline function, it's learning method, the knot 
addition/deletion method, and show the results of numerical 
experiments. 
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2 Fuzzy inference based on spline 
function 

2.1 Construction 

The.fuzzy inference based on spline function proposed 
here have the consequent with numerical value. Note that 
input variables are defined as x 1, X2, .... , xn and estimated 
result as y, then the i-th rule of fuzzy inference is expressed 
as follows; 

Ruler If XJ is MiJ and x2 is Mi2 and ... and Xn is 
Min. then y is Wi (i =I, 2, ... , m) (1) 

where W i and M in means numerical value of the 
consequent of the i-th fuzzy rule and the membership 
function for input variable Xn of the antecedent 
respectively. 

The membership function of the antecedent M ij is 
expressed by the natural cubic spline function, and each 
fuzzy rule consists of some membership functions 
individually. The natural cubic spline function can be 
expressed by the value, here the value is the grade of 
membership, and the second derivative on the knot with 
the simple equation (2) [12]. Thus grade of membership of 
the i-th rule M ij against input XJ is the output Jlij of the 
natural cubic spline function which expresses M i}· 

(2) 

where Xi}k· f.lijk. and mijk means position of knot, grade 
of membership at Xi}k· and the second order derivative at 
Xijk respectively. Here, the grade of membership is limited 
as 0 to 1. Therefore a fitness of the antecedent of the i-th 
rule Jli is given by eq.(3). 

f.li = f.lil o f.li2 o o o Jlin 

then the result of estimation y is calculated by eq.(4). 

m 

'LJ.Li • w; 
y =..t:i-::>1 __ _ 

m 

'LJ.Li 
i=l 

(3) 

(4) 

In ordinary fuzzy system, each rule does not cover the 
whole input space, because each membership function 
takes a part of the input domain. Our proposed 
membership function takes the whole input space. 
Therefore each rule of the fuzzy inference covers the whole 
input space. 

Membership function of each rule implies the 
probability distribution map about the rule. Therefore it is 

difficult to express the probability distribution map like 
parity bit problem, because each learning data has 
contradictory learning data. The exclusive-or problem with 
2-input and an output is an example. Now we select the 
learning data (XJ, X2) as (0, 0), (0, 1), (1, 0), and (1,1) and 
we use two rules (the consequent value of rule 1 is 0, rule2 
is 1. When we think about input x 1, the value is 0 at (0, 
0), however the value is 1 at (0, 1) and they are 
contradictory. This contradiction can be seen on all 
learning point, therefore the fuzzy inference cannot make a 
membership function for each rule. 

In order to express the parity bit problem, proposed 
fuzzy inference has two more membership functions that 
express the position information of input data. One 
membership function is about the angle e for 4-input 
given by eq.(S), and the other is about the distanceD that 
is given by eq.(6). For these membership functions, the 
proposed fuzzy inference can learn the parity bit problem. 

() = tan-1(tan-1(xl,xz),tan-1(x3,x4)) (5) 

n 2 
D = I,(xic- xJ (6) 

i=l 

where Xic means the center value of the input variable Xj. 

Membership function for e is expressed by the cubic 
periodic spline function, others are expressed by the natural 
cubic non periodic spline function. Figure 1 shows the 
structure of the fuzzy inference based on the spline function 
and Fig. 2 shows the calculation way of the angle 
information e. 

X] Xn 

Fig. 1 Fuzzy inference based on Spline Function 
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\I 
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\I 
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Fig. 2 Angle information El 
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2.2 Learning law 

Learning of membership functions of the antecedent 
and values of the consequent are conducted by the descent 
method. Eq.(7) defines the error function. 

(7) 

where Yp· and Yp * means the output of the fuzzy inference 
for the p-th learning data and the p-th learning data . 

The consequent of the i-th rule Wi is refined by the 
partial differential of eq.(7) by Wi as follows, 

i)Ep i)Ep dyp ( *) Jli .1W; =-a-=-a--=-a y -y -- (8) aw;. ;)., aw,. P p m 
I ~p I I~ 

i=1 

where a means the learning rate of the consequent. 
Learning of the antecedent is conducted by refining the 

kt:tots of the spline function which satisfy 
Xijk '5. x j '5. Xijk+ 1· The learning equations of Jlijk and 
Jlijk+l are defined by partial differentiate eq.(7) by Jlijk I 
Jlijk+l as follows, 

(9) 

W,· y Jl x · -x·"k 
dJlijk+l = -f3(Yp- Y/)_.!.:::_1?_ • _i • J 

11 (10) I. Jlz Jlij hijk 
l=l 

The learning equations of Xijk and Xijk+ 1 are defined as 
partial differentiate eq.(7) by Xijk I Xijk+l as follows, 

( *) wi-Yp Jli &ijk =-r Yp -yP -m--•-;;:•Xijk 
Illz 

11 

1=1 (11) 
Xjjk+1 -Xj 

Xijk = h 2 (llijk- Jlijk+t) 
ijk 

( *) Wi-Yp Jli dxijk+1 =-r Yp-Yp -m--•-.. •Xijk+l 
Ill/ Jlz; 

1=1 (12) 
Xj -Xijk 

xijk+ 1 = hj 2 (llijk - Jlijk+ 1) 
ifk 

where 13 and y are the learning late of Jlijk I Jlijk+l and 
Xijk I Xijk+ 1 . 

2.3 Knot addition/deletion method 

The proposed fuzzy inference consists of the spline 
function. The shapes of spline function depend on knots. 
The learning law of the section 2.2 is applied for changing 
the value and the position of the knots. However the 
number of knots limits the ability of the expression, thus 
the learning ability also is limited. 

For this problem, the fuzzy inference adds or deletes 
knots of spline function in order to improve the ability of 
expression of membership function and the learning 
ability, not adds a new fuzzy rule. 

Knot addition is carried out when the changing of mean 
square error (eq.(l3)) is small, i.e. eq.(l4) is satisfied fork 
times continuously. The position of the additional knot is 
the maximal error of the learning data and the value is the 
output of the spline function . 

(13) 

Et-1 
(14) 

where t means iteration time, k, and e are the constant 
value set before the learning. 

By the learning process or the additional knot process, 
if there is a knot which cannot be carried out the learning, 
i.e., the knot is not used through a learning cycle, and the 
deletion of the knot is not affect the mean square error, the 
knot is deleted except knots of both ends. 

2.4 Learning algorithm 

In this paper, we propose two different initial 
conditions of Fuzzy Neural Networks as follows; 

(1) Shape of membership functions of the 
antecedent is initialized as the grade is 0.5 in any point as 
Fig. 3 and define the consequent value of each rule's. 

(2) Shape of membership function is initialized as 
Fig. 5. The consequent is initialized as 0.0. 

The number of rules of initial state(!) is that of the 
operator decided before learning. The minimal number is 
two from eq.(4). For initial state(2), the number of rules is 
product of each divided number of input space. For 
example, for 2-input system and each input space is divided 
into three parts, the number is nine. 

Learning is carried out by two steps. For initial state 
(1), the antecedent is tuned using eqs. (9)-(12) as the first 
step. When the total error almost converges or the total 
error is smaller than the objective value of the first step, 
both the antecedent and the consequent is tuned 
simultaneously as the second step. For state (2), the first 
step is tuning of the consequent using eq.(9). The second 
step is the same as in case of initial state(l). Figure 5 
shows the learning algorithm. 
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Step 1 
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Step 2 
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Fig. 5 Learning algorithm 

3. Simulation results 

1.0 

In order to show the effectiveness of propsed fuzzy 
inference, we apply the inference to identify the 2-input 1-
output nonlinear function described by eq.(15) and shown 
in Fig.6. The learning data consist of 11 by 11 points at 

1 

0.75 

y 

20 
Fig.6 Reference 

1.0 

Cl. :c 
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Ql 

.t:l 
13 
Ql 

13 0 . ... 
0 
Ql -= ~ 
I. 

t!l 

0.0 
0.0 0.5 1.0 

X] 

Fig. 7 Learning result of initial state( 1) 

intervals on the input space, and the evaluation data consist 
of 21 by 21 points at intervals. Learning process repeats 
till the mean square error becomes smaller than 0.001. 

The proposed inference which consist of 2 rules, where 
each rule has 4 membership functions with 5 knots 
respectively, was set to the initial state (1) and leaning was 
carried out 12 times' iteration. The mean square error for 
the learning data is 8.67xl0-4, the maxim square error is 
8.79xio-2. Fig.7 shows the learning completed 
membership function and Fig.8 shows the output of the 
proposed inference for the evaluation data. For the initial 
state(2), 4 rules with 2 membership functions consist of 5 
kl'J.ots was employed and 35 times' iterations was carried 
out. The mean square error was 9. 79x 1 o-4 and the 
maximum error was 8.43xio-2. Fig.9 shows one of the 
learning completed membership function and Fig.l 0 shows 
the output of the inference for the evaluation data. There 
appears few differences in among Fig.6, Figs.8, and I 0. 
we also apply the inference to identify the 2-input 1-output 
function described by eqs.(16) to (21), the 3-input 1-output 
function described by eqs.(22) to (24) compared with Fuzzy 
Neural Networks (FNN) [5] and the Gaussian function 
based fuzzy inference. FNN is tuned by changing 
parameters of the sigmoidal function (the antecedent part) 
and the consequent values. The Gaussian fuzzy inference is 
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also tuned by changing parame.ters of the Gaussian 
function (the antecedent part) and the consequent values. 

At first, in order to examine the basic learning ability 
of each fuzzy inference, we carried out the identification and 
estimation test by eqs.(l6) to (18). We use sequential and 
random set data for the identification and estimation test 
data. The number of identification data with random set is 1 
50 and that of estimation data with random set is 300. The 
identification data with sequential set consists of 7 by 7, 0. 75 
the estimation data consists 21 by 21. The input range is 
0.0 to 1.0. 

The proposed fuzzy inference consists of two rules, two 
membership functions with three knots (18 parameters). 
FNN consists 3 by 3 rules(25 parameters). Gaussian fuzzy 
inference consists 3 by 3 rules (21 parameters). Learning 
rates of the proposed fuzzy inference are a = 0.2, p = 0.02 
, and y = 0.02, and the additional I deletion knot process 
is not carried out. Those of FNN are 0.02 for the 
antecedent and 0.2 for the consequent, and of Gaussian 
fuzzy inference are 0.001 and 0.1. 20 

Fig.8 Output of the proposed fuzzy Inference 
(initial state (I)) 

Iteration is carried out 500 times. Table 1 shows the 
results of the identification and estimation test after 500 
iterations and value of AIC[13]. In table, MSE means a 
mean square error. Equation (25) expresses the AIC, where 
E, N, and k means mean square error, the number of data 
set, and the number of controllable parameters, 
respectively. 

I. or----------------, 

Table 1 shows that the proposed fuzzy inference is the 
smallest AIC's value for each equation except eq.(18) in 
case of the random set. For eq.(18), FNN is the best value 
and Gaussian fuzzy inference and the proposed fuzzy 
inference are almost same. In case of sequential data, the 
learning ability of the proposed method is superior to the 
Gaussian fuzzy inference. Comparing with FNN, the 
learning ability of the proposed method is equal or over 
FNN. From the viewpoint of mean square error, the 
proposed method is smaller than others. Thus, the 
proposed method has high learning ability with a few 
controllable parameters. 

In order to show the effectiveness of the knot addition I 
deletion, we used more complex learning model expressed 
eqs. (19) to (24 ). In this case, we use two types of learning 
sets, i.e., sequential data set and random data set. In case of 
the random set, the number of data set is 20 ( 2-input 
equation) and 30 ( 3-input). Sequential data set for the 2-
input equation consists of 11 by 11 data points, 9 by 9 by 
9 data points for the 3-input equation. Learning is carried 
out until the mean square error converges under 0.001 for 
the random data set, 0.0001 for the sequential data set, or 
iteration reaches 500 times. 

The proposed fuzzy inference with initial state(1) 
consists of two rules, eight membership functions. The 
number of knots for each input is 6, that of the distance 
and angle information is 11(2-input), 16(3-input). For 
initial state(2), the input space is divided into 3, and each 
membership consists of 5 knots. The membership function 
for the distance and angle information consists of 9 knots 
(2-input), 13 knots (3-input). FNN and the Gaussian fuzzy 
inference consist 4 by 4 rules. Learning rates of the 
proposed fuzzy inference are a = 0.2, p = 0.02 , y = 0.02, 
e:::O.l, and k:::5. Those of FNN are 0.02 for the antecedent 
and 0.2 for the consequent, and of the Gaussian fuzzy 
inference are 0.001 and 0.1. 

1 

0.0 
0.0 0.5 

X] 
Fig.9 Learning result of initial state(2) 

0.75 

y 

Fig.1 0 Output of the proposed fuzzy Inference 
(initial state(2)) 

1.0 
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Table 2, 3, and 4 shows the results of the proposed 
fuzzy inference with random data set, with sequential data 
set, and FNN and the Gaussian fuzzy inference, 
respectively. In table, MSE, MAE, and "-"means a mean 
square error, a maximal absolute error, and MSE does not 
converge under 1.0*10-3, respectively. Figure 11, 12, 13, 
and 14 shows the error curve(initial state(2), eq.(21), 
sequential data set), the changing of the number of knots, 
the membership function after learning (initial state (1)), 
and the membership function after learning (initial state 
(2)). 

In case of the random data set, all fuzzy inferences can 
learn all equations except the proposed method with initial 
state· (1) for eq. (24) without the knot addition I deletion 
process. From tables, MSE of the proposed method is 
smaller than others. 

In case of the sequential data set, MSE of the Gaussian 
fuzzy inference does not converge under 1.0*10-4 for eqs. 
(19), (21), and (24) before 500 iterations. Carrying on 
learning till 1158 iterations, MSE converges under 1.0* w-
4 in case of eq. (19). MSE of FNN dose not converge 
under 1.0*10-4 in case ofeqs.(19), (20), and (22). 

The proposed method can learn almost equations except 
eqs. (21) and (24) in case of initial state (1). The reason of 
eqs.(21) and (24) is that these equations are discontinuous 
output and the output changes very fast. The proposed 
method cannot learn these quick changes with only two 
rules. In case of initial state (2), the proposed method with 
the knot addition I deletion process can learn all equations 
before ·1 00 iterations. Without the knot addition I deletion 
process, the method can learn them before 500 iterations 
except eq.(21). The method can learn eq. (21) at 915 
iterations. 

Figures 11 and 12 shows that MSE decreases with the 
knot addition I deletion process, and each table shows that 
iteration time of the proposed method with the knot 
addition I deletion process is smaller than others. Thus, the 
knot addition I deletion process is effective for improving 
the learning ability. 

y=sin(x 1)+cos(x2)+sin(x I)•cos(x2) (15) 

Y = sin(m1) + cos(m2) + sin(mt)cos(m2) + 1 (16) 
4 

y = 3x1 -2x2 +2 (17) 
5 

y = 1 if (x1 ~ 0.5 and x2 ~ 0.5) or 
(x1 ~ 0.5 and x2 ~ 0.5) 

y = 0 otherwise 

(18) 

(19) 

(20) 

(21) 

y = ;.{1 +cos( 2n~x12 + x2
2 + xl ))e -~x/+x/+x/ 

(22) 

X 0.3 +X +X 1.7 
y = 1 2 3 (23) 

3 
y = 1 if (x1 ~ 0.5 and x2 ~ 0.5 and x3 ~ 0.5) 

or (x 1 ~ 0.5 and x2 ~ 0.5 and x3 ~ 0.5) (24) 
y = 0 otherwise 

AIC=NlogeE + 2(k+1) (25) 

4. Conclusions 

In this paper, we proposed a new fuzzy inference that 
consists of some membership function expressed by the 
cubic spline function. We showed it's structure, and it's 
learning methods as follows: 

(1) Before learning, the value of the consequent is set 
to the operator's desired value, then fuzzy inference 
makes the shapes of membership function through 
the learning process. 
(2) Before learning, the operator decides the shapes of 
each membership function. Then fuzzy inference 
modifies the consequent and the antecedent through 
the learning process. 

We also show the effectiveness of the proposed method 
as follows: 

(1) For the fuzzy inference with initial state (1), the 
number of rules is free from the number of input. 
The inference can learn an object quickly except 
discontinuous function as eq. (21) or (24). 
(2) For the fuzzy inference with initial state (2), the 
soperator can design the fuzzy inference based on 
his/her knowledge. The inference also can learn fast 
and its learning ability is higher than other fuzzy 
inference with the same number of rules. 
(3) The knot addition I deletion process improves the 
learning ability, higher and more accurate. 

We also showed a part of learning ability through the 
simulation experiments. 
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Table 1: Basic Learning Ability 

!::::: 
Random Sequential -0 Q) ..... c.ll RBF FNN Proposed RBF FNN Proposed iS ~ g. ~ 

~SE !M SE MSE IMSE !M SE !M SE ~ Q 
x 10-4 AIC x 10-4 AIC x 10-4 AIC x 10-4 AIC x 10-4 AIC x 10-4 AIC 

6.16 ..c 72.4 -204.4 39.2 -227.1 40.9 -238.9 135 -169.0 64.2 -197.4 59.8 -214.8 f--
6.17 

•,j:j 
1.84 -387.9 0.88 -416.9 2.35 c:: 0.65 -446.0 -367.4 0.00 -1755 0.88 -421.5 

f-- ;9 6.18 1.90 -386.4 0.67 -430.5 3.82 -357.5 2.44 -365.6 0.00 -1191 1.96 -382.2 

6.16 ~ 88.0 - 46.3 - 42.0 - 116 - 42.5 - 56.7 -f--
6.17 .§ 2.24 - 3.67 - 0.70 - 2.00 - 4.07 - 0.55 -r-- <f.l 

6.18 ~ 3.16 - 2.05 - 4.05 - 2.17 - 3.04 - 1.23 -
Table 2: Learning Results of the Proposed Method for Random Data Set 

!::::: With knot addition/deletion Without knot addition/deletion 
0 Initial state (1) Initial state (2) Initial state (1) Initial state (2) ..... 
! Iterat MSE MAE Iterat MSE MAE Iterat MSE MAE Iterat MSE MAE 
llJ -ions x1oA -ions x 10A -ions xwA -ions x1oA 

6.19 54 Q.Q2 0.0499 39 9~85 0.041 'l 6R 9.75 0.0460 56 9.91 0.0504 
6.20 32 9.14 0.0430 26 9.71 0.0536 32 9.47 0.0438 31 9.80 0.0521 
6.21 112 9.92 0.0617 42 8.96 0.0706 206 9.95 0.0830 55 9.91 0.0967 
6.22 45 9.99 0.0277 93 9.72 0.0338 72 9.90 0.0378 136 9.87 0.0369 
6.23 35 9.72 0.0298 68 9.77 0.0397 41 9.92 0.0349 94 9.93 0.0459 
6.24 118 9.57 0.0888 42 9.95 0.0642 500 - - 42 9.95 0.0642 

Table 3: Learning Results of the Proposed Method for Sequential Data Set 

§ With knot addition/deletion Without knot addition/deletion 
..... Initial state (1) Initial state (2) Initial state ( 1) Initial state (2) 
~ Iterat MSE Iterat MSE Iterat MSE lterat MSE g. MAE MAE MAE MAE 
llJ -ions x w-5 -ions xw-5 -ions x w-5 -ions x w-5 

6.19 38 9.60 0.0343 56 9.86 0.0223 65 9.98 0.0376 89 9.93 0.0244 
6.20 36 9.96 0.0531 61 9.52 0.0336 51 9.94 0.0443 90 9.85 0.0410 
6.21 500 - - 98 8.99 0.0249 500 - - 500 21.9 0.0344 
6.22 22 9.61 0.1782 46 9.90 0.0294 23 8.89 0.1711 71 _2.93 0.0469 
6.23 46 6.43 0.0346 59 9.32 0.0358 48 9.92 0.0394 63 9.75 0.0355 
6.24 500 - - 96 9.86 0.1108 500 - - 390 10.0 0.0421 

Table 4: Learning Results of the Gaussian fuzzy inference and FNN 

!::::: Random data set Sequential data set 
0 RBF FNN RBF FNN ..... 
~ Iterat MSE lterat MSE Iterat MSE lterat MSE ::s MAE MAE MAE MAE 0"' -ions -ions llJ -Ions x 10-4 -Ions x 10-4 X 10-5 x w-5 

6.19 14 9.91 0.0742 14 9.02 0.0497 500 32.6 0.0367 500 56.8 0.0559 
Ji20 9 9.82 0.0982 11 9.94 0.0937 462 9.99 0.0347 500 62.2 0.0677 
6.21 281 9.66 0.0977 16 8.98 0.0898 500 - - 62 9.27 0.0402 
_6.22 24 9.55 0.0836 26 9.66 0.0860 298 9.99 0.0279 500 26.5 0.0551 
6.23 31 9.94 0.1105 17 9.98 01074 41 9.97 0.0303 27 9.87 0.0376 
6.24 124 9.51 0.1028 16 8.38 0.0894 500 - - 50 9.37 0.0477 

Australian Journal of Intelligent Information Processing Systems- VoL 1, No.l March1994 




