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MESSAGE

Masanori Sugisaka
General Chairman of AROB
(Professor, Oita University)
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It is my great honor to invite you all to the upcoming International Symposium on
Artificial Life and Robotics. The first symposium was held in February (18-20) 1996, B-Con
Plaza, Beppu, Oita, Japan. That symposium was organized by Oita University under the
sponsorship of the dJapanese Ministry of Education, Science, Sports, and Culture
(Monbusho), and co-sponsored by Santa Fe Institute (USA), SICE, RSJ, and IEEJ, (Japan).
This symposium invites you to discuss the development of new technologies in the 21st
century, concerning Artificial Life and Robotics, based on simulation and hardware.

I would like to express my sincere thanks to the Science and International Affairs
Bureau, Monbusho, Japanese Government, for their repeated support.

We hope that AROB will facilitate the establishment of an international joint research
institute on Artificial Life and Robotics. I hope that you will obtain fruitful results from the
exchange of ideas during the symposium.

(2)1 M(m/mk ﬂbw
M: Sugisaka

January 5, 2001
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MESSAGE

John L. Casti
Vice Chairman of AROB
(Professor, Santa Fe Institute, USA)

For the past 300 years or more, science has focused on understanding the material structure
of systems. This has been evidenced by the primacy of physics as the science par excellence,
with its concern for what things are made of. The most basic fact about science in the 21st
century will be the replacement of matter by information. What this means is that the central
focus will shift from the material composition of systems—what they are—to their functional
characteristics—what they do. The ascendancy of fields like artificial intelligence, cognitive
science, and now artificial life are just tips of this iceberg.

But to create scientific theories of the functional/informational structure of a system requires
employment of a totally different type of laboratory than one filled with retorts, test tubes or
bunsen burners. Rather than these labs and their equipment designed to probe the material
structure of objects, we now require laboratories that allow us to study the way components
of systems are connected, what happens when we add/subtract connections, and in general,
experiment with how individual agents interact to create emergent, global behavioral patterns.

Not only are these “information labs” different from their “matter labs” counterparts. There
is a further distinction to be made even within the class of information labs. Just as even the
most well-equipped chemistry lab will help not one bit in examining the material structure of,
say, a frog or a proton, a would-be world designed to explore traders in a financial market will
shed little, if any, light on molecular evolution.

Since the very first Artificial Life meeting in 1987 in Los Alamos, New Mexico, the Santa Fe
Institute (SFI) has been at the forefront of this shift in emphasis from matter to information.
By the same token, SFI has actively supported such research initiatives in every corner of the
world. This support has extended to the Artificial Life and Robotics meetings here in Japan,
since the time of the very first meeting in 1996. Each year, researchers from the SFI faculty
have come to Japan to meet with others at these AROB meetings, in order to present edge-of-
the-frontier ideas and to exchange views on how the fields of ALife and robotics are progressing.
So it is a great pleasure for me to again represent SFI on the Organizing Committee of AROBSG,
and to welcome everyone to this event.

January 5, 2001
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MESSAGE

Hiroshi Tanaka

Program chairman of AROB
(Professor, Tokyo Medical and Dental University)

On behalf of the program committee, it is truly my great honor to invite you all to the
Sixth International Symposium on Artificial Life and Robotics (AROB 6th °01). This
symposium is made possible owing to the cooperation of Oita University and Santa Fe
Institute. We are also debt to Japanese academic associations such as SICE, RSJ, and
several private companies. I would like to express my sincere thanks to all of those who
make this symposium possible.

As is needless to say, the complex systems or Alife approach now attracts wide interests as
a new paradigm of science and engineering. Take an example in the field of bioscience. As is
well known by the name of HGP (Human Genome Project), vast amount of genome
information brings about not only from human genome but also various species like several
bacterias, yeast, warm, fly. However, as a plenty of genome data becomes available, it
becomes sincerely recognized that the framework by which these genome data can be
understood to make a whole picture of life is critically needed. The complex systems or Alife
approach is now actually expected to be an efficient methodology to integrate this vast
amount of data.

This example shows the complex system approach is very promising and becomes widely
accepted as a paradigm of next generation of science and engineering. We hope this
symposium becomes a forum for exchange of the ideas of the attendants from various fields
who are interested in the future possibility of complex systems approach.

I am looking forward to meeting you in Tokyo.

Fogerte Tl

H. Tanaka

January 5, 2001
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Abstract

The paper is concerned with a class of service operation
systems and the main function of control which consists
in decision making about the admission of customers.
One of those operation systems is the ATM computer
network where the admission control is a crucial function
for correct work of the network.

The fuzzy controlier for the admission control in ATM
network is presented and the adaptation of the controller
using the current values of performance index is
considered. In the paper the self-adjusting process
consists in the current updating of two parameters in
selected membership functions. The results of two-stage
identification of the optimization plant are given. The
adaptation algorithms in closed-loop system obtained
with the use of identification results are described. The
problem of how to determine the parameters of adaptive
algorithms to ensure the convergence condition is shortly
discussed.

1. Introduction

It is not easy for the admission control system in ATM
network to make decision about accepting or rejecting a
new customer. The reason of this is the unknown precise
mathematical model of the control plant. This system
may be considered as a specific two level queuing system.
On the lower level we have the calls of customers
appearing randomly. Each customer is associated with
the stream of cells. On the higher level of the system
under consideration we have the stream of cells entering
the queue. Cells from the queue are transmitted by the
output link. The aim of the control is proper admission of
calls on the lower level, maximizing the intensity of cells
leaving the queue and keeping the cell loss rate below the
given value. Because the precise mathematical model of
the plant to be controlled is unknown, it is very difficult
to develop a precise admission control algorithm.
Therefore, it is reasonable to apply algorithms that are
based on neural networks [1], logical knowledge
representation [2] and fuzzy logic, where a three-part
fuzzy controller has been described (see [3]). In paper [4],

a two-part fuzzy controller has been introduced and the
adapiation consisting in the self-adjusting of one
parameter of selected membership functions has been
presented. In this paper the structure of fuzzy controller is
similar to the one presented in [4]. But the algorithm of
the adaptation via so called two-stage identification
consists in self-adjusting of two parameters. The control
system under consideration is described in sec. 2. The
two-stage identification concept is given in sec. 3. The
algorithms of adaptation in closed-loop system designed
with the use of identification results are described in sec.
4.

2. Model of the control plant and the fuzzy
controller

Let us denote by ¢, the arrival moment of the n-th call,

by t,, the moment of the parameters measurement,

Tl —Tm 2Ar = const., by Ar(n) the last time interval
of length Az, preceding ¢, . For characterisation of the
control plant let us introduce the following variables.
Variables describing the n-th call: z,(,l) is a maximum
value of cells intensity (i.e. the intensity of transferring

the cells by a customer to the system), z,(,z) is a mean
value of the cells intensity, z,(,3) is the period of time in

which the cells intensity equals z,(,l) . The variables z,(,l) ,

% and z,(,3) determine v, , ie. the substitute cells

2
intensity for the n-th call. The variable z,(,4) is the
sequence of signals about leaving the system by

customers accepted earlier (zi(i) =0 if the i-th customer

has already left the system, zl.(j,) =1 if the i-th customer

is still in the system). The control decision 4, is equal

to 0 (rejection) or 1 (acceptance). The output variables:
(i.e. variables characterising the plant, dependent on z,,

1)

and u, ) y,”’ — the total substitute intensity of the cells



entering the queue, i.e. the sum of v, and v; of all
earlier accepted calls which are still in the system, i.e.

n-1

1 4
y,(’) = EZL‘(,n) Up VTV,
i=1

y,(,z) — the cell loss rate, i.e.

P

v - CoAr

where P, is the number of cells lost in Ajn), C is a
maximum intensity of cells leaving the queue; y,(,3) — the
intensity of cells leaving the queue at the moment ¢, , i.e.
ratio between the number of cells leaving the queue in
At(n) and the length At , y,(,4) — the current length of
the queue, i.e. the number of cells in the queue at the
moment £, ; y,(f) — the change of the length of the queue
in At(n), ie. if d(¢) is the length of queue at the

moment ¢ then y,(,s) =d(t,)-d(T,_1).

In the system under consideration y,(,3) is used to define
the performance index

1 +N
= w
Sy E m
m=-N

where N is a horizon of observation, w,, is the intensity
of cells leaving the queue at the moment §,,, i.e. ratio
between the number of cells which left the queue in
[01-1,0,, ] and Ad.

The aim of the control in the system under
consideration is to find such a control algorithm which
will generate a sequence u, maximizing the

performance index Qp with the constraint y,(,z) <d

where o is a given number.
The executor of the control algorithm in this paper is
the fuzzy controller consisting of two parts (R, R; in

Fig. 1). In each part the determination of the outputs is
based on a fuzzy approach. Block R; using

z,(,l) ,z,(,z) ,z,(,3) calculates v, and then y,(,l) . For

determining v, the fuzzy controller with 18 fuzzy rules

y’(l2,4,5) er4) zn(l,2,3)
up < R, y Rd
‘_‘
W (L,
e
Fig. 1.

has been suggested (see [5]). In block R, decision u,, is

determined using y,(,l), y,(,z) , y,(,4), y,(,s) . For this block

24 fuzzy rules have been described in [4]. Each rule has
the form of implication. For example, one of the rules in

block R, is the following: “If y,(ll) is medium and y,(lz)

is small and y,(f) is large and y,(,s) is small then u, =1".
The fuzzy rules used in [4] and in this paper are based on
the rules presented in [3], and on the known properties
and strategies of ATM networks, such as the equivalent
capacity strategy, the bandwidth allocation strategy [6],
and on the way of cells buffering in ATM networks [7].
For each property in the fuzzy rules, triangular and
trapezoidal membership functions are suggested. The
determination of y,gl) in the block R, for the given z,,,
and the determination of u, in the block R, for the
given y, are based on the known procedures using the
fuzzy rules (see e.g. [8]). In the case of u, the
membership function is reduced to two values: u, (0)
and p, (1) which denote the certainty factors that u =0

and u =1, respectively. The defuzzification consists in
the determination of the mean values.

3. Two-stage identification of the
optimization plant

Let us assume that the process of adaptation consists in
self-adjusting of the parameters a, b in the membership
functions of the property concerning v, and y,(,l) ,

respectively (see Figs. 2 and 3). In paper [4] we
considered the parameter b which was changed in the
process of adaptation and the parameter in the probability

density of z,(ll) denoted by d. Consequently, the control

system with fuzzy controller has been considered as a
static optimization plant with the output Q; and inputs: b,
d; where [ denotes the [-th period of adaptation

u(y,M) 4
| small

>

medium large

n
Fig. 2.
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v.small small medium

large v. large
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Fig. 3.



containing the moments m = (/ =1)N +1,...,IN ,

1 IN
016)=~ E W ©
m=([=T)N +1

b, and d,; are the values of b and d in the /-th period of
adaptation, respectively. Now the optimization plant has
an output @, and two inputs: a,, by, i.e. the values of a and
b in the [-th period of adaptation, respectively. For the
plant under consideration a method of two-stage
identification [9] has been used. On the first stage of
identification, for the fixed constant value a we change b
and determine a vector of parameters

¢ = (cl(l) ,cl(z),cl(z’) ) in the relationship between Q and b.
The identification on the first stage should be repeated for
different values a and as a result we determine a vector of

parameters

n @ .0 .0 @ .0 .0 .2 .6
c2 = (5 e eff e, o e o3, el ef)

the relationship between ¢; and a (identification on the
second stage). On the first stage the model

in

Q) 2F (b)) =c{Ib? + Db+l ey

where j=1,2,...,J , has been assumed. On the second
stage the model

R
c1=F(a,cy)

has been assumed in the following form

@ = cWa? 4 cBasc)

O _.0,2, .02 3)
¢’ =cyja+cyla+cy), +Cyya+csy,

21
c1(3) = c%)a2 + c%)a + cg) (2)

where cyq, €9y, €p3 are the parameters which should be

determined on the second stage. Finally, using (1) and (2)
we obtain the model of our plant:

A
Q=F[b,F,(a,cy)] = (cgl)a2 +c§?a +c§31) b2 +

+ (cgz)a 24 cg)a + cg) b + c%)a 24 c%)a + cg) )

For the numerical data obtained during the simulation,
the values of parameters have been calculated by using
the least square method (see e.g. [10]). Examples of the
results obtained on the first and second stage of
identification are shown in Figs. 4 and 5, respectively.
The final results of identification are as follows:

e =152, ¢ =-0.08, ¢ =063, ) =225,
o) =002, ¢ =-053, < =024, @ =002,
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4. Algorithms of adaptation via
identification

In paper [4] two versions of adaptation algorithms (in
open-loop and closed-loop system) have been presented.
Now, we propose only the adaptation in a closed-loop
system because the model of the plant is the result of
identification which has been made for constant value d
(d =0.02). We consider two versions of the adaptation
algorithm in closed-loop system: with the application of a
gradient of the function Q(a,b) and with the application
of trial steps. Let g denote a vector of parameters in the
control algorithm with p components, i.e. parameters in
the membership functions. Then in the first version

81+1 =8I +K'grllld 0 “)
g

where Q; (the model of the plant obtained as a result of
identification) is the known function of g, ,Kisa pxp

matrix of coefficients which may be chosen by a
designer. In the case considered in sec. 3, g is a two-
dimensional parameter ( p =2 ). According to formula

(3) Q) =F(ay,b;,cy), and (4) is reduced to the following
adaptation algorithm

a)4+1 _ aj +K q1
bra| b q

a1 = (2Wa; +c2 2 + (2D +cS2 )y +26Ya; +2,

where



1 2 3 1 2 3
g, = 2(c§1)a12 +c:(21)a, +c§1))b1 +c§2)al2 +c§2)a1 +c§2) )

In the second version
81+1=81+Kw.

For the known model of the plant Q; = F(g;), the i-th

component of the vector w; is:

Fg+di)-F(g1-4) . _,,

w[(i) = _
20;

b (5

where §; is a vector with zero components, except for
the i-th component which equals o; (the value of the
trial step). If the model is unknown then

W) _ 2181 +d;) - Qi (g1 ~d;)
1= P

L i=12,.., 6
2, p (6

where Q;(g;) is the value of the output when at the

input g = g; is put.

As in [4], the model of the plant determined as a result of
identification may be wused for determination of
convergence conditions for the process of adaptation in
case (4) and (5), and for estimation of the time of
convergence in case (6). The way of obtaining the
convergence conditions for case (4) and (5) is similar to
the one presented in [4]. It is worth noting that here K is
not one-dimensional but is a matrix of coefficients.

5 Conclusions

Using adaptation presented in [4], i.e. self-adjusting of
one parameter in the selected membership functions,
significantly improves the performance index. The results
of simulation showed that the performance index can be
further improved by changing two parameters in different
membership functions. That is why in this paper the
adaptation algorithms consisting in the changing of two
parameters have been developed. One should note that
the process of two-stage identification took place on the

simulator of the queuing system, not on the real-life plant.

During this simulation the parameter in the probability
density of z,(,l) denoted by d was constant (in [4] was

changing). It is the reason why in this paper the adaptive
algorithm in open-loop system has not been developed. In
further works, using three-stage identification, a model of
a plant depending on two parameters in membership
functions and on d (disturbance) will be developed. This
result can be used to develop the adaptation algorithm in
open-loop system. The model of the plant resulting from
three-stage identification may be expected to be much
more similar to the real one.
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Abstract — Industrial processes are normally operated
by a skilled human who has the cumulative and logical
information about the systems. Fuzzy control has been
investigated for many applications which could not
represented by an accurate mathematical model or could
not controlled by conventional methods. Intelligent
control approaches based on fuzzy logic have a chance to
include human thinking that is represented by a natural
language. In this paper, we design a controller based
upon operator’s knowledge without mathematical model
of the system and optimize the controller. The tested
system is constructed for sending a ball to the goal
position using wind from two DC motors in the path. A
vision camera to mimic human eyes detects the boll
position. The system used in this experiment could be
hardly modeled by mathematical methods and could not
be easily controlled by conventional manners. The
controller is designed based on the input-output data and
experimental knowledge obtained by trials, and
optimized under predefined performance criterion.

Keywords — Fuzzy logic, intelligent control, optimization.

I. INTRODUCTION

During the last several years, fuzzy controller is
investigated to improve manufacturing processes [1], [2].
Conventional controllers normally need mathematical
models and cannot easily handle models because of the
incompleteness or uncertainty. On the contrary,
intelligent control approaches based on fuzzy logic can
include human’s inference mechanism without
information of the system’s dynamic equation. Therefore,
we can make control rules without quantization [6]. The
controller for the experimented system in this paper is
designed based on the empirical knowledge because of
the feature of the used system. The fuzzy singleton
method is used for the consequent part.

II. BALL POSITIONING SYSTEM

As shown in Fig. 1, the experimental tested system
consists of independent two fans operated by DC motors.

The purpose of this experiment is that a ball is sent to the
final goal positions using two fans. This system contains
non-linearity and uncertainty because the aerodynamics
inside the path. In this experiment, the wind flowed from
DC motors will crash to surfaces of the inner pass and it
makes an eddy. This eddy changes strength of wind and
makes the difference of the wind strength at each position.
Therefore, the ball is not moved as the power is applied
to the each path because of the uncertainty. Analysis of
effects caused by the wind is difficult and modeling of
the system is also not easy because of the much
changeable phenomenon from time to time. Therefore,
the goal of this experiment is that the fuzzy controller is
initially designed by operator’s knowledge and optimized
itself after playing with the system.
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Fig. 1. Test system.

II1. IMAGE PROCESSING

Real images are transmitted to a computer by a CCD
camera and a frame-grabber. The two-dimensional ball
position is recognized from the captured image. In this
case, colors of ball, plant, and predefined path are
different each another: background is black, path is green,
and ball is yellow. Black and green colors have low red
value compared with yellow color. The difference of each
image is measured for finding moving ball position [8].
The difference coding reduces the effect of environment
mixed with similar colors. In the image processing, the



center of ball is obtained by difference values of two
images that stored in arrays. The threshold process is
employed to eliminate noise after getting the difference
values of images. If the value of a pixel is higher than
required threshold value, one is assigned otherwise zero
1s assigned to that pixel. Finally, the center of area is used
for measuring the ball center point [7].

Ball position after moving

/ Initial ball position

Fig. 2. Image processing for finding the ball position.
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IV. Fuzzy SYSTEM

A. Measuring Error Value

Equation of error values is needed for evaluating. Error
values are defined by the difference of distances between
the final goal and the present ball position. In this
experiment, error and derivative of error are used for
inputs. Input voltages of motors are calculated by the
membership functions in the consequent part. The
direction of error value has + or — sign by the distance
measure. If the ball is locating at the opposite direction of
the goal position, an error value should be big. The
following equation is to measure error values.

o)=(B,-0,)0+(8,-0,F - (R0} +(r,-0,] (1)

where B, O, and R indicate a ball position, an original
position, and a goal position respectively.

B. Fuzzy Rules and Membership Function

Gaussian functions are used for membership functions
of a premise part and five singleton values are used for
the consequent part. As shown in Table I, the skilled
human could define how to handle or control the system.
This is called the operator’s knowledge. Fuzzy rules are
constructed based upon operator’s knowledge as shown
in Table II that is used to control the system.

Table I Operator’s knowledge

Initial ball position : Right

Motor R: decreasing speed slowly

Higher than goal Motor L: increasing speed slowly

Motor R: decreasing speed rapidly

Opposite side Motor L: increasing speed rapidly

Motor R: increasing speed slowly
Motor L: maintaining speed

Lower than goal

Table II Fuzzy rules

Right Motor Left Motor
Ot ps|ze s Nsl XS] PR ps| ZE| S| NB
N |NS|ZE|ZE|PB| PB N|PS|PS|PS|NS|NS
ZE|NB| NS | ZE| ZE | PS ZE| PB| PS| ZE | NB| NB
P |NB|NS|NS|PS| PS P | PB|PB| PS|NB|NB

C. Inference and Defuzzification

The Mamdani fuzzy inference system was proposed for
controlling system with a set of linguistic rules obtained
from experienced operators and min-max composition is
used for inference [3], [5]. In Mamdani fuzzy model,
center of areas or mean of maximum is used for
defuzzification. In this paper, fuzzy singleton is used
which is a special case of the Mamdani fuzzy inference
system. Each rule’s consequent is specified by a fuzzy
singleton [S]. The fuzzy singleton is free of computation
works. Therefore, it is suitable for real time applications.

V. OPTIMIZATION

The system condition is changed each experiment due
to different environment conditions. Therefore, the
adjustment of parameters in the membership functions is
necessary. In this paper, two types of optimization
methods are applied for finding good parameters. The
eight parameters for error and derivative error
membership function are adjusted by an optimization.
Each membership functions are symmetrically
constructed, so adjusted parameters are reduced. In this
experiment, hybrid genetic algorithm and simulated
annealing are implemented for optimization.



A. Genetic Algorithm

A genetic algorithm is a global optimization method to
find the required solutions. The GA obtains new
populations using reproduction, crossover, and mutation
[5]. In this paper, 8-bits are composed for searching each
parameter. Therefore, total 64-bits genes are used [4].
Reasonable ranges of each parameter are determined by
operator’s knowledge. If a proper range is used in a GA
decoding process, high quality solution can be obtained
without much population and generation. This is suitable
for this plant. And it could not break the fuzzy linguistic
reasoning due to keeping the regular range.

B. Hybrid Genetic Algorithm

In GA, a search space in a GA is discretized by its
resolution R, for the parameter x; with L, bits. It could be
formulated as a following equation.

R - UB,L LB, @)
' 27 =1

If it is increased by k bits, R, is increased by 2* times,
and search space is increased by (2%)" times. Hybrid
genetic algorithm is the method that a GA and Nelder-
Mead’s simplex method are combined. The hybrid
approach yields the fast convergence rate without
sacrificing the accuracy of the solution. Therefore it can
reduce the computational cost.

C. Simulated Annealing

Simulated annealing (SA) is derivative free Simulated
annealing (SA) is a derivative free optimization method
that recently drawn much attention for being as suitable
for continuous as for discrete optimization problems [5].
The most important part of SA is the annealing schedule,
which specifies how rapidly the temperature is lowered
from high to low values. This is usually application
specific and requires some experimentation by trial and
error. In this paper, the algorithm starts at a high starting
temperature and it is declined gradually while iterations
are repeated.

V1. EXPERIMENT RESULT

A. Performance Criterion

Performance criteria are necessary to evaluate the
performance. Several types of criteria are used for
evaluation. In this paper, the combined performance
criterion is defined as follow which considers a
convergence time and error values simultaneously.

t t
£(&)=a dele)+ (1- )3 Jelt) )
where a is cct;ltltributed value an:i_tél, t, is the period time
of measurement error.

B. Operator’s Test
In a operator’s experiment, convergence rates and error

values are measured for comparing the performance. It is
achieved by the performance criterion so called the
objective function and fuzzy rules are fixed based on the
empirical knowledge.
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Fig. 4. Error graph with respect to time.

Fig. 4 shows an error value that converges to 0 with
time going. The ball is oscillated much before it
approaches near a goal position and then the oscillation is
rapidly decreased. In operator’s test, random parameters
are firstly selected, and parameters are adjusted by
evaluated performance. This is much important
information for the optimization. Results of the test are
shown in Table III.

Table III Parameters of membership function

Goal : Left upper

1 2 3 4 5 Average
A 41.81 | 13.95 | 14.24 | 32.20 | 12.36 | 2291
B 16.69 | 8.59 | 30.74 | 13.72 | 13.02 | 16.55
C 17.21 | 14.08 | 34.44 | 1840 | 17.42 | 20.31
D 19.83 | 13.19 | 12.72 | 12.34 | 9.37 13.49
E 1044 | 860 | 920 |27.11 | 963 | 1299
F 18.09 | 19.33 | 19.64 | 19.88 | 18.24 | 19.04

C. Hybrid Genetic Algorithm

30% of crossover and 1.5% of mutation rate are
implemented for genetic algorithm in this test. And
elitism is used for storage and transfer of the best
population. It could improve the optimization
performance. The first graph of Fig. 5 represents the
performance with respect to each membership functions.
The performance values jump to worse value in the
middle of a graph, but they could be declined gradually
with iteration. Shapely changed values are eliminated at
the consequent part. After processing of GAs, the
performance represents a worse value than previous
values in the simplex method as shown in the second
graph of Fig. 5 because the difference of the performance
exists in real experiments even though the same
membership functions are used. This phenomenon could
occur due to features of systems or uncertainty of wind.
Another reason is that the best performance values are
kept continuously in GAs and then it will transfer to the



next generation. On the other hand, all parameters
transferred from GAs are used for operating the system
and then performances are evaluated again in the simplex
method, so little bit gap could exist. But the performance
value is lowed finally as shown in the second graph of
Fig. 5. This algorithm can be regarded as a proper
optimization method for the tested system.
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Fig. 5. Test performance result by hybrid GA.

C. Simulated Annealing

As shown in Fig. 6, two graphs represent result
performance of SA algorithm. In the initial part of the
second graph of Fig. 6, the performance value is dropped
much and then it is lowed to better values while iteration
is repeated. SA can search good solutions fast even
though repeated iteration times are fewer than iteration
times in GA. When SA is used for the optimization,
selecting initial values is very important. In this
experiment, SA starts with searched parameters based on
operator’s knowledge. A high computation cost is
avoided using known initial parameters. Initially a high
temperature coefficient is selected for the global search
and then it is lowed gradually during the processing for
the local search. The optimized solution is searched
through this processing.
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Fig. 6. Test performance result by SA.

VII. CONCLUSION

The primary goal of this paper is to design and
optimize a fuzzy controller from operator’s knowledge
and running process. It uses characteristics of the fuzzy
controller. The fuzzy controller can control systems using
fixed rules based on operator’s knowledge without
mathematical models. When the system is operated, the
environment condition can be changed from time to time.
In this case, fixed parameters of fuzzy membership
function are not suitable for controlling the system
properly. Therefore center and variance values are
adjusted automatically. It causes output values of
controller to change and then it can be adaptable for
variable environment condition. In this paper, Gaussian
functions are employed for fuzzy membership functions.
Two parameters of each function are optimized. And 8
membership functions are used for error and derivative
error functions. Thus, total 16 parameters are handled.
The hybrid approach that combines a GA with a
stochastic variant of the simplex method is implemented
and applied for alleviating this difficulty. Also, SA is
tested as an optimization. Operator’s knowledge is used
for finding reasonable ranges in a hybrid GA and initial
parameters in SA. In this paper, both of them are
compared considering convergence rate and accuracy. SA
is better than hybrid GAs considering convergence rate.
On the other hand, a hybrid GA is better than SA
considering accuracy. It is difficult to decide which one is
the better optimization approach. But we thought SA is a
more proper optimization algorithm for the system
because its behavior is more similar to human’s thinking.
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In order to stabilize the inherent unstable system like the inverted pendulum on a cart, severe judgment of
situation is required. Accordingly, it can be expected that the human operators exhibit a complex behavior
occasionally. This paper tries to identify the individual difference and skill up process of human behavior by
using fuzzy inference in order to investigate the chaotic behavior of human operator and the possibility of the
formation of complex system in the learning process of the human operator with difficult control objects. The
operators in the experiment are skilled to some extent in stabilizing the inverted pendulum by training, and the
data of ten trials per person were successively taken for an analysis, where the waveforms of pendulum angle
and cart displacement were recorded. The maximum Lyapunov exponents were estimated from experimental
time series data against embedding dimensions. It was found that the operator's behavior indicates chaotic
feature with the positive maximum Lyapunov exponent. It was also found that the human behaviors have a large
amount of disorder according to the result of the estimated entropy from the time series data. Furthermore the rules
identified for a fuzzy controller from time series data of each trial of each operator show well the human-generated

decision-making characteristics with the chaos and the large amount of disorder:

Key Words: Chaos, Complexity, Fuzzy Identification, Fuzzy Control, Inverted Pendulum, Human Operator

1. INTRODUCTION

Machinery and human being are absolutely of different nature
at the present situation. Most of the past research work have dealt
with the linear characteristics of human behavior in the man-machine
system [1]. Many studies on control systems for stabilizing the
inherent unstable system like the inverted pendulum on a cart,
have been also presented in the past. However, there seem to be few
studies and a number of unknown points regarding the nonlinear
characteristics of human behavior in the man-machine system as
well as in the learning process of the human operator with difficult
control objects [2]-[4].

In order to stabilize the unstable system like the inverted
pendulum, the severe judgment of situation is required.
Accordingly, it can be expected that the human operators
exhibit a complex behavior occasionally. In the author's previous
papers [S]{9], it was found that there are various nonlinear features
in the stabilizing behavior of human operator. Being nonlinearly
stable or stabilizing in this study means that the inverted pendulum
does not fall down for 60 seconds.

This study investigates the chaotic behavior of human
operator exhibited in stabilizing an inverted pendulum on a

cart, which can move along a sliding rail of limited length. The
operators in the experiment are skilled to some extent in
stabilizing the inverted pendulum by training, and the time
series data of ten trials per person were successively taken for
an analysis. The maximum Lyapunov exponents might be
estimated from time series data against embedding dimensions.
It also investigates the possibility of formation of a complex system
in stabilizing control of an inverted pendulum by a human
operator. The entropy is estimated from the measured time series
data. The entropy may be interpreted as a measure of the amount of
disorder in the system and the maximum entropy means a random
process with a uniform probability. Furthermore the rules are
identified for a fuzzy controller from time series data of each trial of
each operator to show the chaotic behavior of human-generated
decision-making with the amount of disorder.

2. CHAOTIC BEHAVIORS AND FORMARTION OF
COMPLEXITY DURING STABILIZING CONTROL
BY AHUMAN OPERATOR

Figure 1 shows the experimental situation. The inverted
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Fig.2 Measured waveforms of pendulum angle, cart displacement, and force applied to the cart during the
stabilizing control of an inverted pendulum by human operators.

two sliding rails of limited length, being hinged to the cart
so as to rotate in the plane. A human operator manipulates a
cart directly by hand. Although it takes some time and is
needed intensive training for a human operator to succeed
in stabilizing the pendulum for 60 seconds, it is not so
difficult after the first success of stabilizing. Figure 2 shows
the measured wave forms of pendulum angle, cart

displacement, and force stabilized by the human operators.

Methods for dynamical analysis of experimental time
series are still developing, but a common method is a two-step
process: (1) reconstruction of the strange attracter of the
unknown dynamical system from the time series, and (2)
determination of certain invariant quantities of the system
from the reconstructed attracter. It is possible to glean the
dynamics from a single time series without reference to other
physical variables [10]. This concept was given a rigorous
mathematical basis by Takens [11] and Mane [12]. Since the
attracter dimension is unknown for experimental data, and
therefore the required embedding dimension M is unknown,
the dimension of the embedding space is increased by 1 until
15 in this study. The largest Lyapunov exponent can be
obtained from a time series using an algorithm given by Wolf
et al. [13]. If Lyapunov exponent is positive, near by
trajectories diverge; the evolution is sensitive to initial
conditions and therefore chaotic.

Consider a hypothetical statistical system for which the
outcome of a certain measurement must be located on the unit
interval. If the line is subdivided into NV subintervals, we can
associate a probability p; with the ith subinterval containing a
particular range of possible outcomes. The entropy of the
system is then defined as

Nc¢
S=- 2 pilog.p:
=1

@

This quantity may be interpreted as a measure of the
amount of disorder in the system or as the information
necessary to specify the state of the system. If the

subintervals are equally probable so that p; = 1/N for all i,

then the entropy reduces to S= log e N, which can be shown
to be its maximum value. Conversely, if the outcome is
known to be in a particular subinterval, then S= 0, the
minimum value [10][14]. We applied this formulation to
the experimental time series by establishing N bins or
subintervals of the unit interval into which the value of time
series data may fall. We define the net entropy of S
calculated with Eq.(1) and the entropy ratio of S/ loge N .

3. FUZZY IDENTIFICATION OF CHAOTIC
BEHAVIORS AND FORMARTION OF
COMPLEXITY DURING STABILIZING
CONTROL OF AN INVERTED PENDULUM BY
HUMAN OPERATORS

We choose the pendulum angle 0 , angular velocity 6
', the cart displacement X, and its velocity X', as input
variables, and the force [ that moves the cart as output of
the fuzzy controller, trying to identify the nonlinear
characteristics of the human operator from the experimental
time series data. Furthermore, we choose the combined
variables 0 (+ B8 6' and X, + 7 X' as inputs so as to
eliminate the complexity of the control rule table. The 3 and
7 are the combination variables. How to make the
membership functions and the control rules were given by
Kawazoe [8].

Figure 3 shows the simulated results using the fuzzy
controller with rules and membership functions constructed
from the experimental time series data by using fuzzy
inference. Figure 4 shows the block diagram of stabilizing
control simulation of the pendulum using the constructed
fuzzy controller from human operators' time series data.

The simulated results exhibited the feature of those of
each trial of the experiment.

Figure 5 shows the identified fuzzy rules constructed
from the experimental time series data. during stabilizing
control of an inverted pendulum by human operators.

Figure 6 shows the example of maximum Lyapunov
exponents estimated from the simulated time series against
embedding dimensions, being compared with those of the
experimental.

— 10 —
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Fig.5 Identified fuzzy rules from manual control data for stabilizing control of an inverted pendulum on a cart.
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Fig.7 Ratio of entropy against maximum entropy.

Figure 7 shows the entropy ratios of the simulation
being compared with those of the experiment.

The result indicates that the rules identified for a
fuzzy controller from time series data of each trial of each
fairly skilled operator show well the human-generated
decision-making characteristics with the chaos and the
large amount of disorder. It is seen that the individual
difference and skill up process of chaotic and complex
human operation could be identified with fuzzy
inference.

4. CONCLUSION

This paper investigated the chaotic behavior of
human operator stabilizing an inverted pendulum on a
cart. The maximum Lyapunov exponents were estimated
from experimental time series data against embedding
dimensions. It was found that the operator's behavior
indicates chaotic feature with the positive maximum
Lyapunov exponent. It was also found that the human
behaviors have a large amount of disorder according to the
result of the estimated entropy from the time series data.
Furthermore the rules identified for a fuzzy controller from
time series data of each trial of each operator show well the
human-generated decision-making characteristics with the
chaos and the large amount of disorder.

It was seen that the individual difference and skill
up process of chaotic and complex human operation
could be identified with fuzzy inference.
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ABSTRACT

In this paper, we present a visual tracking structure
combining image information and the control of a robot
arm in order to track moving target. We use the sum of
square difference optical flow method to figures in each
sampling time. This data is converted into a velocity
command that is used to control the robot arm by a
self-tuning regulator. Finally, the proposed algorithm was
verified on a SCARA robot with 4-axis arm.

1. INTRODUCTION

High automation and production are the goals of today's
industry because time is money. Traditional processing,
especially in the assembly of products, wastes much time.
However, a robot with visual ability can quickly adapt to
the requirements of unknown work and make proper
responses to sudden changes of environment. This makes
the robot more flexible.

Many scholars have used dynamic visual feedback to
implement the visual tracking control of a robot arm,
which combines the image signal of a target and the
control commands of a robot arm. The control architecture
can be divided into two classes via certain differences of
feedback image information. One trance forms the visual
signal into three dimensional spatial information which is
used directly as a control signal of the system. The other
uses two dimensional image information directly as a
control signal of the system. From the classification of
Sanderson and Weiss [6], the former is called the
Position-based method and the latter is called the
Feature-based method.

In general, the choice of whether to use the
Position-based method or Feature-based method in a visual
tracking system depends on the position of the camera. If
the camera is fixed on the ground (normally requiring
two camera) we usually use the Position-based method. If
a single camera is mounted on the end-effector of a robot

arm, we usually use the Feature-based method. For one
camera, 2-D image information can not be transformed
into 3-D space information. In this paper, the camera is
mounted on the end-effector, so we use the Feature-based
method.

For the system controller, we make reference to the
method of Papanikolopoulos [5], which uses the SCARA
robot model. Improving on this method, however, we
consider the problem of system coupling. Using an
adaptive algorithm, we compute the velocity value of a
moving robot arm from the measured image signal and
then generate a velocity command to drive the robot arm.

This paper is organized into eight section. In section 2,
the adaptive algorithm is introduced. In section 3, we
offer an easy way to calibrate the parameters of the
camera and then present a brief introduction to image
processing. In section 4, we derive the mathematical
model of the overall visual tracking system and the visual
tracking theory. the controller of robot arm is introduced
in section 5. In section 6, the visual tracking theory and
the controller of robot arm are implemented in terms of
our hardware and experimental results are presented.
Finally, in section 7, the conclusion is summarized.

2. CONTROL ALGORITHM

The proposed adaptive control system is different from
other fixed control systems because it can adapt to
unpredictable changes from the inner system or the
environment. It also has high adaptability for system
uncertainty and errors in design and measurement. In
visual tracking system, there is unavoidable noise in the
image signal, and it is difficult to calibration the camera
parameters. Therefore, we chose an adaptive controller for
our visual tracking system.

This section describes the proposed algorithm for
system parameter estimation and the proposed algorithm
for minimum variance control of MIMO systems:

We will use the four-axies robot model to express the
system dynamics. The robot model is expressed as



follows:

Alg Dyl =a “Bla™ Du(k) + Cla~Hn(k) ¢))
where

u(k) : system input

y(k) : system output

n(k) . noise input, which 1is independent of
n(k—1), w(k) and y(k—1); n(k) is
white noise. i.e. zero mean E[xn(k)]=0

m . system order

We express the equation in discrete from;
YR = —ayy(k—1)—ay(k—2)—auy(k—m)

+ byl k) + byulk—1) + byl e —2)- + b u(k—m) (2)

+con(k) + ¢ ulk—1) + -+ +c,n(k—m)
If CH=C=Cy=C3= """ =Cm:0,
B = —ayk—1)—a(k—2) —apyk—m) o

+boulk) + bju(k—1) + byt k—2) + bu(k— m)
Equation (3) is the robot model equation.

This paper uses the recursive least squares algorithm to
estimate the parameters a; and b; If ¢ cj ¢y Cm
are not all equal to zero, include
C1,C1,Cp,0 0 Cm», Which express the noise dynamics. This
algorithm is called the extended least squares parameter
estimation. It is expressed as:

?(k-i—l): ?(k)*' 5(/€)€k+1
RD= PR ¢"(k+D[1+ ¢Gk+1) P(AH ¢7G+ DI (4)

the parameters

PG+ D)= I~ R ¢(et D] P(B

1= Jer1— ¢ (k+1) _@(k) €))
where

_E(k)=[a1 ay - an by b bu o € enl”

p(B)=[—y(k—1) —xk-2) —y(k—m)

Wh) ulk—1) -~ ulk—m)

n(k) n(k—1) n(k—m)]

We use the SCARA robot model to express the system
dynamics and consider the system tome delay, d, as
follows:

A y(B=a"? B@™D 2B+ C@™ 2k (©)
where
y(B, u(B, n(Hemx1, A, Bla ), Cla™)

are mxm polynomial matrices and all the zeros of
C(g™") are inside the unit circle.

We can get the best predictive value of system output
as follower:

ClaH=AW@H Fl@H+a‘GlH (O
F(a™) ClahH= Cla™) Fla™H) ®)
Gl H=a'l T H-F@H AG@D] ©)

where

E(g“l): !+ =f1qu A oeeeees +
g(q"l)=:g0+ =glqﬂ 4oeeee + g g

= 1, det __C(z)zdet :Z‘(z)

L

Multiplying both sides of equation(7) by F(g~ ), we get
F(g') A )y
=q “F(g ) BlaH+ Flgh) Clah) nh
Substituting equation (8) and (9) into equation (10) yields
[ ClaD—a Gl D]y
=q¢ “ F(a) Bl@ ) ul®+ Cla™) Fla™") n(k

Therefore,

(10)

@™ [y Flah ()]

=q¢ ¢ GlaHyD+q? Fla™) Bla™) ulh)
Define:

an

Y (klk—d)= y(B— F(a ") n(#® (12)
Via equation(11), we get
C(a )y ketdlb

= G(a™ ) y(B+ F(a ") Bla™) u(®
;\f’(k+d/k) and the
)_/*:{ y(B), y(e—1)m }, are

(13)

From equation (13), we know that
measurement value,

dependent.
Therefore,

Y e+ d/R) = E{ ¥ (k- dll) Y}
=E{ y(k+d) = F(a ) n(ktd Y

=E{ y(k+d)— 21);; n(k+d-j) )_fk} (14)
=E( y(k+d) Y
From equation(14), we know that y_’o(kwL d/k) is the best
d-step predictive value of  y (k).

The objective of a minimum variance controller for a
MIMO system is to minimize the mean square error of
the reference input and system output. We define the
performance index as:

K u(®)=E{ [ y(kt+d)—r(kt+d)]"
[ y(ktd)— r(k+d])

where, r(k)emx1, is the reference input.

(15)

The condition which satisfies the minimum performance
index is:

oJC u(k))
FPICE «(® = (16)

In order to satisfy equation(1‘6):
Y (et dl)= r(k+d a17)

Substituting equation (13) into equation (17), we derive
the minimum variance control rule:



Cla ) retd)= Gl y(®
+ F(a) B(a™) ulh

3. CAMERA MODEL AND
IMAGE PROCESSING

(18)

It is difficult to determine exactly the image coordinates
via the image information because of the moving target
and the image noise. Especially, short image processing
time is required for stability. Thus we use the sum of
squared difference method to find the image coordinates
of the target quickly.

Define a point p(k—1)=(u(k—1), «(k—1)) in image
(k—1) and a point p(k) = (u(k), v(k)) We assume that
the intensity value in the neighborhood N of p(k—1)
remains a constant value, p(k), over time. i.e

w{))eN (u(k—1), v(k—1)) = (u'{)eN (u(k),v (k)
where J(u(k), v(k)) is the gray level value of point (#, )
in image (k).

For any point p(k—1)=(u(k—1),v(k=-1)), we can

find a displacement, &= (s, H), so that the SSD index

function is minimized, the SSD index function being
epk=1). = 3 [Hulk=1)+m o(k=1)+n)

—Kulk—1)+m+s, v(k— 1D+ n+t D]
where (s, HeR, £ is the maximum possible range of
displacement and (m, w)eN, N being the neighborhood
of point p. The magnitude of 2 is dependent on the
velocity of the target. If the target moves more quickly,
the size of Q is larger and of course the SSD
computation time is larger. Therefore, computation time
sets a limit on the velocity the system can successfully
track, and there is a trade off between trackable velocity
and computation time. Given limited computer capabilities,
design approaches must emphasize speedy algorithms. A
complementary approach, however, utilizes computational
hardware improvements such as faster computers and
parallel processing networks. Our proposed method uses
both algorithm and hardware improvements, as will be
seen.

(19)

Image plane Y

(x,5,2)
z

Lens center

Fig. 1. The projection relationship.

For calibration of camera parameters, the origin of the
camera coordinates is at the center of the lens, and the Z
axis is parallel to the optic axis, as seen in figurel. From
figurel, we have

(20)

which can be expressed as

[r=usfF). v=esfF)}  on
where
f : the focal length of camera
S.. S, the pixel's unit length along the 1, v
direction in the image plane(mm/pixel)
It is possible that (i, v) is negative from figure 1. We

give an offset such that the value (,v) in the
computation is positive.
U= U;— Cy, V=0;—C,y (22)
where
(u,, v,) : actual coordinate value
(cy, cy) : offset value.

As in figure 2. we set a coordinate B on .the rigid
body. The velocity of point Q relative to the camera
coordinate (otherwise known as the transform matrix) is

Camera Frame B

Camera Frame A

Fig. 2. Relative motion of two rigid bodies.
W= Vioret "Ry " Vot " 2px “Rp°Q (23)

Because coordinate B is fixed on the rigid body, the

relative velocity Y@ is =zero. Equation(23) can be
expressed as
A Vo= " Vet “Q2sx “R5°Q (24)

Let * Vigore=lk, &y £,]7 and * Qz=[0, 0, 0,]7
Equation(24) can then be expressed as

J:c W, x k, byt wyz— 0,y
y|=l|oy | X|y|t k| =|ktow.x— w2z (25)
z ®, z k, Rt w,y— w,x

where

[x y z]7 : the position matrix of point Q relative to
the camera coordinate.
[%y 2]" : the velocity matrix of point Q relative
to the camera coordinate.
Substituting equation (21) into equation(25) :

ky+ wyz—-wzus,,(%)

= byt w, uS,,(%) — .2 (26)

Z\_ ES
k,+ wvav(f) wyuS,,<f)

1 — _.L — _.L
From equation(21), u—( S,z )x and v—( Sz )y.
Differentiate 2 and v :
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27)
o= (gap (e )
Substitute equation (21)and equation(26) into equation(27)
- o el
SNL v (LN Sk
0 <Sv)z z (5> v< 2) (28)
ky
(£)+eF) ()]

S. S. Wy
uv( —f_ ) u( S—v ) w,
[

z

Equation (28) is the mathematical model of optical
flow. The values of (if") (%) and (%) can be got

from the camera calibration results. Of course, when the
target moves and the camera is fixed, we should multiply
equation(28) by a negative sign.

4. VISUAL TRACKING CONTROL
OF ROBOT ARM

The objective of visual tracking control of a robot arm
is to track any object, even objects with uncertain motion,
via image-feedback information. The difficulties of using
visual tracking control of a arm are not only the control
of robot arm but also image processing. In order to use
real-time control, we must operate these two systems
simultaneously.

We have calibrated the parameters of the camera and
constructed the camera model in section 3. In order to
avoid uncertainly while constructing the mathematical
model of the system and to minimize the problems of
noise accompanying the image signal, we adopt adaptive
control, which is described in section 2, to implement
visual tracking control of the robot arm. The block
diagram of the visual tracking system is in figure 3[5].

_—— ift)
Dised I_ u(k)
Feature ] Tk} l W si(k)
Positon l;lmmm W) Tm&u;:n R [ e | ° - 2N -
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[ (k)
. g
Computatioral F }
hd (50)

Fig. 3. Block diagram of adaptive visual tracking system.

According to figure 3, when the robot arm is tracking
an object, the optical flow of the object's projection in
the image plane results from the motion of the camera
and the object. This change can be calculated by the SSD
rule, which is introduced in section 3.  When the image
coordinates of the object are obtained, we calculate via
the object's position in the image plane from changing
significantly. In other words, we calculate the velocity of

the end effector by using of the transform matrix(eq. 23)
and the we use this data to drive the robot arm, thereby
achieving visual tracking control.

From the block diagram for visual tracking of the robot
arm, we can drive the mathematical model of the system
as follows:

The object's motions in space include translation and
rotation. Let

_kyy cTzz_kz

C
R.=— w,

ch:Akx, cTy:

C _ Cp _
R,=~w,, Ry=~w,,

Substituting  these values into equation (28) and
transforming the resulting equation into the SCARA robot
model, we obtain

A(’)(Qﬂ)u(')(k) q—dB(/)(q—l){ (f) . B Tx(k)
%f(f)l CTz(/e)+u<’></e)u<'>(/e)(_—;) RAK) (29)
(&) @i ()] ran

Lv(f)(k)(S—Z) CRZ</e>}+c,5“<q“)n,f"’(/e)

AP0 =a B (£ ) S+ Lok ST
J(£)+ [u<f>(/e)]2(%)} CRUB) (30)

_u(f)(k)u(i)(k)(%) CRy(/@)

—u O (3 RO} OO I B

where j=1,2- - - M indicates the image feature points of
the object, j being a feature point and M being the total
number of feature points. Because the system has six inputs
(T,, Ty, T., R, R, R,), We need six values to control this
system's behavior entirely. Let M=3, and then we can
represent equation(29) - (30) in the MIMO (multi-input
Multi-output) SCARA robot model. The value of each
sampling time

2I(k) _ [um(k> U(D(k) u(z) (k) U(Z)(k) u(s) ) U(:i)(k)]r
can be obtained according to each image feature point via
the SSD rule, which is introduced in section 3.

Al yW=q¢"?B(@ ) u(B+ Cla™) n(k
where

2}(k):[u(l)(k) U(D(k) u(Z)(k) U(Z)(k‘) u(3>(/e) U(a)(k)]T

w(B=[TR T TR “RE) RSB “RLD]T
n()=[n"(&) n{"(&) n? (B 0P n® (B w2 (D]

2

AlgH= I+ aqig '+ &g

Al H=1I+aq '+ aa?
B(a™H= b+ bigt-
Cla™ )= G+ g '+ cq™®

and
I @ 6X6 square matrix

(IR

_.2 _I’
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-
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In this visual tracking system, we mount the camera on
the end-effector of the robot arm and thus the transform
matrix between the camera coordinates and end-effector

coordinates is a fixed value. We use ZR. to indicate

the rotation matrix and £ 7. to indicate the translation
vector between the camera and end-effector coordinates.
We  define the matrices for “R. and £ T. as

fReoe3x3 and FT.e3x1. “V, "W £V and

£y are used to indicate the translation velocity and
angular velocitv relative to camera coordinate C and
end-effector coordinate E respectively.
Let € V{)__:[CTY cr orr, ¢ Wo_—'[cRx R, CR,]T,

£ 11/1{:’ - [If ,] E T‘ E ’1‘: ] Z"and £ [/VO'Z [ERr LR‘ IR ] T
Therefore, we get:

(1)
FR:CQ (32)
Now, because the relative motion between the camera and
end-eftector is zero, i.c.
EVL,‘OR(;: E Tc =0
then using above equation in equation(32), we obtain
By e ER SV Ew FRACQ

According to above equations, we can transform the
velocits command to end-effector coordinates, giving the
robot-arm drive the information it needs for the next step
of end-effector positioning, thus accomplishing visual
tracking control.

2y

SV V(‘OHG T

5. INTELLIGENT CONTROL
SYSTEM DESIGN

A robot arm 1is classified as a highly complicated
non-iinear svstem. we introduce a control structure which
combines the traditional computed torque method with a
neural network. We use this neural network to compensate
for the uncertainties of the control system.

In experimental implementation, an industrial robot arm
is equipped with an additional degree of freedom, a
driver-controlled mobility of the entire robot along the
x-axis. Thus, the industrial robot arm has four degree of
freedom. We use the computed torque method with the
neural network compensation for uncertainties of the
robotic manipulator. Our neural network has 12 input
nodes and six output nodes. It requires a lot of
calculation, which increases the sampling time period. As
a consequence, it is not suitable for use in on-line
learning. In order to compensate for the uncertainties
during on-line building of the robot arm model, we take
the couple of each axis of the robot armm into
consideration. We also transform the neural network
structure in figure 5 into three individual neural network
structure. Each one 1s i charge of leamning the
uncertainties of one robot-amm axis in order to compensate
for the insufficiencies of the computed torque method. In
order to implement on-line learning, we use three neural

[

networks, each containing a transputer, thus creating a
parallel processing system which handles the calculation
of each individual neural network and thus each axis
simultaneously.

When we use the computed torque method, #¢ in each
sampling time can be obtained bv applving the inverse
Jacobean matrix on the velocity command in 3-D space.
¢“ in each sampling time is computed via the following
rule.

0D =0(k—1)+ 6“B T
where
6%, 6% the expected value of angle and angular
velocity of each joint
¢° : the current angle of each joint
T : sampling time

The entire hardware structure for the visual tracking
system of our robot arm is presented in figure 4. We can
divide it into three parts: SCARA robot arm svstem,
image processing system and personal computer (PC),
which communicate with the other two parts.

The SCARA robot arm was design by Samsung
Electronics Co., Ltd. and requires a controller to control
the robot arm's motion. For the original control system,
we substituted our proposed control system. To permit the
robot arm to receive commands from the controller, we
use four encoders, four tachometers and four voltage
commands lines, all of which are connected with
tranputer's digital signal processing (DSP) cards. Then we
use the transputer network to calculate and process this
data in order to implement motion control of the robot
arm. We keep only the power supplv, motor driver, alarm
system and the robot amm body. In addition, some of the
simple, non-control elements of the original control system
hardware, 1. e encoders, tachometer, etc. are utilized.
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Fig. 4. Visual tracking hardware structure.

In the vision part of visual tracking svstem, in order to
reduce the image processing time, we use a CCD camera,
two C4F image processor and a video distributor to
implement our vision feedback. After object is captured in
the CCD camera and transformed into NTSC signais, we
split and transfer this signal to the C4Fs via video
distributor, and then transform the signal into a digital.

7 -



6. EXPERIMENT AND RESULTS

we implement the intelligent controller, which is
mentioned in section 5, for the U-type robot arm. In
order to verify the efficiency of our control rules, we test
our experiment equipment in real time and 3-D space,
implementing our visual tracking theory with a camera
mounted on end-effector of the SCARA robot arm. In
order to analyze the performance of the entire visual
tracking system, we track an object that translates in a
plane which is perpendicular to the camera's optical axis.
Experiments that successfully included rotation were also
performed but are not included herein for simplicity.
Before executing the visual tracking experiment, we test
the practical implementation of the method in section 3
for calibrating the camera parameters. These parameters,
as determined by real time system use, are shown in
table 1.
Table. 1 Calibrated parameters of the camera.

f1S.(pixel) | f/Spixel) | Su/S,
2020 2447 | 12129

¢ (pixel)

| e (pixel)
I

230 460

i

The goal of our experiment is the tracking of an object
on a conveyer belt. The object moves linearly in a plane
which is perpendicular to the camera's optical axis. Thus,
the robot arm in this experiment needs only two degree
of the freedom (x-axis and y-axis mobility) to track an
object. Accordingly, this simple 2-D system requires the
estimated value of only a single image feature point
(u, v) to perform visual tracking. In this experiment, we
choose the upper-left point of the object as the image
feature point. If a different image feature point is desired,
it must be specified by a change in our program. This
could, of course, be made a menu option in a commercial
program, but our current program is merely an
experimental prototype. Before starting the program, the
operator locates the object in the camera's field of view.
The exact location is not critical. The operator starts the
system and the rest of process procceds automatically.

Figures 5 (a) and (b) are experimental visual tracking
error figures in the U and V directions with the conveyer
belt transporting the object at 2cm/sec. As can be seen
form these figures, the performance of the robot-arm
visual tracking system is reasonable. Although there is
recurrent pixel error, if we convert this to real distance,
the error is only about 5Smm.
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Fig. 5. Visual tracking error in the (a)U and (b)V direction.

7. CONCLUSION

The main purpose of this paper is the creation of a
system, using adaptive control theory with visual tracking
control of a robot-arm, such that a robot arm can track
any moving object in working space via a visual sensor.
The robot-arm visual tracking system, which in this paper
includes a camera mounted on the end-effector of the
robot arm, uses adaptive control rules and on line
mathematical model building. As a consequence, this
system shows the following benefits:

Although system modeling needs pre-construction, we
can compensate for uncertainties during system model
building via adaptive control rules. Consequently, system
modeling need not be exact.

In building a mathematical model of the visual tracking
system, we assume noise disturbances and allow for a
noise floor so that the system can get rid of noise
disturbance.

Mounting the camera in the end-effector of the robot
arm makes the entire visual tracking system an active
system and thus shows able to do most kinds of tracking
work.
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Abstract

The Hogg-Huberman model is extended
with respect to a time dependent reevalua-
tion rate which relates to information about
payoffs. Dynamical behaviors of an extended
Hogg-Huberman model are studied numeri-
cally. We find that the change of fraction of
agents using resource 1 is suppressed to small
compared to the case of constant reevaluation
rate.

1 Introduction

Recently, Huberman and Hogg [1] stud-
ied the dynamics of resource allocation in a
model of computational ecosystems. They
have shown that periodic or chaotic oscilla-
tions in the system can occur under certain
conditions, and that these oscillation can ef-
fect the performance of the system. After
this work, there have been done much ef-
forts to investigate dynamical behaviors of
multi-agent systems [2,3,4]. Hogg and Hu-
berman [5] have proposed a method of con-
trolling chaos in multi-agent systems com-
pared of interacting agents making decisions
based on imperfect and delayed information.
They introduced a reward mechanism where
the relative number of agents following ef-
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fective strategies is increased. Hereafter we
call this model the Hogg-Huberman model in
this paper. Ushio and Imamori [6] have dis-
cussed dynamical properties of the discrete-
time Hogg-Huberman model where the strate-
gies are based on net bias.

In the Hogg-Huberman model, the reeval-
uation rate for agent’s resource choice does
not depend on time and is regarded as a con-
stant even though the situation of systems is
changed. Here we shall consider the case of
time dependent reevaluation rate in the Hogg-
Huberman model. It is natural to introduce
the time-depending reevaluation rate into this
system. The purpose of the present paper is
to study dynamical behaviors of the Hogg-
Huberman model associated with the time-
dependent reevaluation rate which relates to
the time development of system. After a brief
summary of the discrete-time Hogg-Huberman
model, we analyze the reevaluation rate with
time and derive the dynamical equation of
fraction of agents. Finally, the dynamical be-
haviors of our system are investigated numer-
ically.

2 Discerete Time Hogg- Huber-
man Model

The discrete time Hogg-Huberman model



with twe resorces |5,6] is given by

fiik+1) = fulk) + a{pi(k) = fi(k)}, (1)

where.

(2)

Z :Gl(fl(k—T))_GZ(fT(k_T)) (3)

and erfir) denotes the error function of z.
Here f, is the fraction of agents using re-
source 1 at discrete time A, and «o is the ra-
tio of agents which reevaluate the choice of
resources to all the agent. p;(k) is the proba-
bility that an agent will prefer resource 1 over
2 when it makes a choice and is a function of
f1 through the payoffs. ¢ denotes the uncer-
tainty of information and 7 is a time delay of
it. Gi(f.(k—7)) and Gy(fi(k — 7)) are payoff
functicns for using resource 1 and resource 2,

respectively. ¢; and Gy are expressed by
: 16, .,
Gify) = 4+7fH— -1} (4)
J
Gsif1) = 4+ 3/ (5)

In case of 0 < ¢ < 1, information is conveied
precisely. When a becomes large, information
cannot be conveied. Then fractions f; and fo
approach to % when o — co. According to the
information, which resource gave agents much
more benefit at time (k—7). agents will prefer
to the resource. For the sake of simplicity, we
assume time delay 7 = 1 hereafter.

3 Time-Dependent Reevaluation
Rate

Hogg and Huberman assumed that the rate
« at which each agent reevaluates its choice
is constant, i.c., the reevaluation rate does
not depend on time. Here we introduce time-
dependent reevaluation rates (k) and as(k)

for agents using resource 1 and resource 2, re-
spectively. In our system the reevaluation rate
ay (k) for agents using resource 1 is different
from that for agents using resource 2.

time Resource 1 Resource 2
(85} ]. — (¥i (&%) 1 — Q9
A /\
(reevaluation)py (k) pa{k) pr(k) palk)

! | |

time |

k+1
N 1 2 1 1 2 2

Resource

Fig.1. Rule of time development of fractions.

Thus dynamical for fraction of agents (p; (k) +
pa(k) = 1). Equation (1) can be rewritten as
follows,

fitk+1) = filk) + {ai(k) — aa(k)}
x{p1(k) = 1} fr(k)
+as{pi(k) — fi(k)}. (6)

We note that Eq. (6) becomes Eq. (1) when
ay(k) = as(k) = .

The reevaluation rates (k) and as(k) are
introduced as follows:

 ABik)
~ By(k) + By(k)’

(k) (7)




where A is a factor of ecaluation, and

B(k) = fr(k — 1) x Go(fo(k — 7))
(r=1,2). (9)

B,.(k) is the actual payoff received by agents
using resource 7 at time (k — 7). The reevalu-
ation rate a;(k) for agents using resource 1 is
assumed to be proportional to the actual pay-
off received by agents using resource 2 at time
(k — 7) and vice versa. We note that a;(k)
and ay(k) must be satisfied by the condition
ar(k) <1 and as(k) < 1.

4 Numerical Results

In order to investigate the dynamical behav-
iors of the system, we calculate the bifurcation
diagram of fi(k) in terms of o. We have taken
f1(0) = 0.5 as a initial value and A = 0.95.
As shown in Fig.2, there are chaotic region,
without of periodicity within the chaotic re-
gion and the fixed point depending on uncer-
tainty o. Typical behaviors for the fraction
f1(k) of agents using resource 1 are calculated
as a function of time £ for time delay 7 = 1.
When uncertainty is fairly small, the system
shows chaotic oscillation as shown in Fig.3.
The periodic oscillation within the window is
shown in Fig.4. The chaotic oscillation of the
Hogg-Huberman model is shown in Fig.5. As
seen Fig.3 and Fig.5, we find that the ampli-
tude of chactic oscillation in our agent system
1s suppressed in comparison with that in the
Hogg-Huberman model. This describes the ef-
fect of the time-dependent reevaluation rate
on the system dynamics. If o becomes large,
then fi(k) converges at the equilibrium point
which is given by the solution of the equation
G1(f1) = Go(f1). In this case we get the stable
point f; = 0.75.

0.25 -
0 P R RN ]
0.25 0.5 0.75 1
Iig.2. The bifurcation diagram of f(k)
g 1 T Ll T I L
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0.75 l!‘
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0 I | ! ] 1 ] L
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Fig.3.  Chaotic oscillation (¢ = 0.10).
g ]- T l T I 1 l T
W
0.75
05 —
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0 I 1 | ] | ] ] 1 |
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Fig.4.  Periodic oscillation (o = 0.20).
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Fig.5. Chaotic Oscillation in the Hogg-
Huberman model [5] (o = 0.85 and ¢ = 0.50).

5 Summary

The dynamics of the discrete time Hogg-
Huberman model which contains a time-
dependent reevaluation rate has been inves-
tigated. We have calculated the time devel-
opment of the fraction of agents using re-
source 1 for suitable values of parameters o
and A in our system. We find that the ampli-
tude of fraction of agents using resource 1 is
suppressed to small compared to the case of
the Hogg-Huberman model with the constant
reevaluation rate.
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Abstract

Human can get visual information in parallel through the
vision. However, human cannot pay attention at the same time
toward all the information. Human visual systems have the
function of the visual search, which is the detection of unique
information from many. If such a human function is realized in
the artificial system that is significant to the automatic opera-
tion of the manufacturing process in the inspection. In this study,
authors proposed a model, which describe the human function
of the visual search in the temporal-frequency detection, using
the chaos oscillator. Authors also discussed the propriety of the
proposed model with comparing to the human characteristics of

the visual search, measured by the psychological experiments.

Key Word: Visual search, Cognitive Science, Chaos Engi-
neering, Visual Attention, Early Vision

1 Introduction

Human can get visual information in parallel through the
vision. However, human cannot pay attention at the same time
toward all the information. Human visual systems have the
function of the "visual search"", which is the detection of
unique information from many. If the target (a unique stimulus)
is defined as distinguished from other stimuli (distracters) with
only one feature, the target is found out at once, though the
number of distracters are increased. Whereas, if the target is
defined as distinguished from the distracters with two or more
features, the target is difficult to find according with the number
of distracters increased. In previous investigations, various
models of visual search are proposed to describe such the func-
tion. These proposed models describe that the features are proc-
essed in parallel at the early vision?™". However, these models
do not describe the detail of the signal processing at the early
vision, though describe the mechanisms of early vision.

Previous investigation reported that the chaotic signal dy-
namics are observed in the living brain, when the electroen-

cephalogram was measured®”. When the static state of the elec-

tric activity .ge to the chaotic state of that, it is reported that
the process of inputted information is performed®. However,
human visual search has been never described using such the
chaotic dynamics.

In this study, we propose a model of the visual search using
the chaos oscillator. At first, we measure the characteristics of
the visual search in the temporal-frequency detection by the
psychological experiments. Next, we propose a model describ-
ing the function of the visual search in it. We also discuss the
propriety of the proposed model with comparing the character-
istics of the proposed model with the human characteristics of
the visual search measured by the psychological experiments.
Proposed model in this study contributes to realize a function of
human early vision. If the function of human vision is realized
in the artificial system, this will be significant to the automatic

operation of the manufacturing process in the inspection.

2 Psychological Experiment
2.1 Experimental Stimuli

In this psychological experiment, the target was defined as
distinguished from the distracters with the temporal-frequency
of the flickering. The subjects were required to indicate that the
target was presented or was absented using the response keys
pressing. Figure 1 shows an example of the experimental stim-
uli. A series of 32 images was presented in 1 [s]. Generally, in
movies and TV broadcasting, a series of 24 ~ 30 images are
presented in 1 [s]®. Thus, number of the images in this psy-
chological experiment is enough to make subjects to perceive
the continuity of images. In this presentation, the target and
distracters were flickered at 7 ~ 93 [cd/m?] of luminance in sine
wave. In this study, we used the 2 [Hz] and 4 [Hz] of the tempo-
ral frequency as the target, and the 1 [Hz] of that as the distrac-
ters.

Schematic illustrating of the detail of each stimulus is
shown in Fig. 2. Each stimulus was defined as following equa-

tion:

— 23 -



| 1 [s] = 32 [Images] |

Luminance

Fig. 2 Detail of the Gabor patch used in psychological
experimern:t oLtz stimuli

[ = kxcos -

Here, L is the luminance of the stimulus [cd;m?], kis the revise
coefficient, x and y is the spatial coordinates of each stimulus
{deg], ris the radius of the stimulus [deg] and o is the devia-
tion of Gaussian function. In this study, these parameters were
decided as the r=0.5{deg], 0 =8 and L,,=43[cd/m’]. Thus, Eq.
(1) show the 21 «..hor patch of 2 [c/deg] as the spatial fre-
quency. Gabor patch is considered to process at first-order fil-
ters in human early vision and are often used in the investiga-
tions of the process in human carly vision”™™. In this psy-

" chological experiment, the fuminance of the stimulus [cd/m’]
was decided according to this Gabor patch, and was changed in
sine wave with time.

In this psychological experiment, as mentioned above, size
of cach stimulus was set at l{deg] (r=0.5[deg]). Size of the
display frame was set at 10 X10[deg], and distance between
each stimulus was set at 1[deg]. Number of displayed stimuli in
onc frame (defined as 'Display Size' in this experiment) was set
at 9. 16 and 25 as shown in Fig. 3. The target had two condi-
tions that the target was flickered in 2 [Hz] (Condition 1) and in
4 [Hz] (Condition 2), and distracters were flickered in 1 [Hz]. In
this psychological experiment, these conditions (Condition |
and 2). display size and whether the target was appearcd or not
were presented at random order.

These experimental stimuli were created by personal com-

Fig. 3 Examples of the experimental s

timuli after the time
225{msec] from starting the presentation. Display
size was setat (a) 9, (b} 16 or (c) 25.

puter (Sony PCG-XRYG). and prescated to subjects through the
CRT display (Nanao Flex Scan E33F) by the personal computer.
In this experiment, threc subjects (aged 23~24 year-old, two
males and one female) engaged the experiments with their con-

sent on the detailed explanation.

2.2 Results and Discussion

Experimental results were shown in Fig. 4. The horizontal
and the vertical axes show the display size (i.c. number of stim-
uli) and the reaction time (i.e. time to nced searching the target),
respectively. Each of the datum point is the average of 15 meas-
urements for one subject except the errors answered and each
vertical bar indicates the standard deviation of those.

As shown in Fig. 4-(1), the rcaction time does not show the
significant variation with changing the display size for the sub-
ject HM (p>0.03). For the subject HM, the variation of reaction
time calculated by least squarc method was 3.01 [ms/item] for
the condition 1 {target=2{Hz}j and 1.71 {ms;uem] for the condi-
tion 2 (target=4[Hz]). For the other subjects, similarly to the
subject HM, the reaction times do not show the significant
variation with changing the display size (p>0.05). For the sub-
ject 1U, the variation of reaction time was 0.52 {ms/item] for the
condition 1 and 2.25 [ms/item] for the condition 2. For the
subject KY, this was -1.86 [ms/item] for the condition 1 and -
1.17[ms/item] for the condition 2. Generally, when this varia-
tion of reaction time is within 5~6 [ms/item], the target is rc-
garded to be found at once'. Thus, this characteristic is typical
onc of what the target is distinguished from the distracters with
one feature.

For the subject HM, characteristic that the reaction time of
the condition 1 is larger than that of the condition 2, is obscrved

as shown in Fig. 4-(1) (p<0.01). For the other subjects, the same
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Fig. 4 Experimental results for (1) Subject HM, (2) Sub-

ject IU and (3) Subject KY. Opened circle (O)
show the condition of that the target was flickered
in 2 {Hz] and closed circle (@) show the condition
of that the target was flickered in 4 [Hz].

characteristics were also observed. significantly (p<0.01). Thus.
experimental results show that the time to find the target when
the target is flickered in 2 [Hz] is larger than that when the

target is flickered in 4 {Hz).

3 Chaos Oscillator Model on Human Visual Search

In order to describe the function of human visual search, we
propose a chaos oscillater mode!l of the temporal-frequency
characteristics on human visual search as shown in Fig. 5. The
chaos oscillators on the input layer in Fig. 5 are expressed by
the logistic function with the inputted signal term as following
equation {2) and move stably without the input. When the sig-
nals are inputted to these chaos oscillators, they show the oscil-

latory move with the transition phenomenon.

Iy =apx Iy x(1= 1y ) +wex S3) (2)

Here, the 'I' shows the output signal from the chaos oscillator on
the input layer. The X" and 'y’ show the spatial coordinates of the
chaos oscillators, respectively. The 'a' shows the characteristic
cocfficient of the chaos oscillators. The ' shows the time. The
'w shows the connection weight between the input signal and
the chaos oscillators on the input layer, and the 'S' shows the
lnput signal (stimulus).

The chaos oscillators oa the hidden layer as shown in Fig. 3
are stmiiary to those on the input laver. The chaos oscillators
arc defined hy the fogistic function, and move stably without the
input. When the variation of the signal from the neighbor oscil-
lators on the input laver exists. the oscillators show the oscilla-
tory move with the transition phenomenon cxpressed by the

folfowing canations {31 and (4) fur the vcourdinaie and for the

Output Layer

Hidden Layer
Input Layer

Stimuli

Fig. 5 A human functional mode! of visual search using the
chaos oscillator

yceoordinate, respectively.

1+1 t gt
H(E\){Zv—l) =auX H(zxxzy-n x(1 H(Zx)(ly—l) )
L var 1 +1
"'WIHX/[(,:—H)L - [,('r [ (3)
K3} 1 t
H('_;.\—l}(z_\) =apx H(ZY—I)(Z_\) x(1-H 212y )

, 41 t+1 )
+”IHX/I\(\'+I)‘[Y\L\ (4)

Here. the 'H' shows the output signal from the chaos oscillator
on the hidden layer.

The oscillators on the output layer are also similar to that on
the input and hidden layer. The chaos oscillators on the output

layer are cxpressed by the following equation,

(41 _

. ‘ —0 ,
= x{agx Oy, x(1 -0, ) +Wyyx
: L+ nx wy, : :

[ [£3} +1 i+l , 431 <
(M2 + H(z.x—:)(z_m) + H(zx-l)(z_t) T a1y 2y-2) )} (5)

Here, the 'O’ shows the output signal from the chaos oscillator
on the output layer. The 'n' shows the number of connection
from the oscillators on the hidden layer. When the signals from
the oscillators on the hidden layer move stably, the chaos oscil-
lators on the output layer also show the stable move. And when
the signals from the oscillators on the hidden layer move oscil-
latory, the chaos oscillators on the output layer also show the

oscillatory move.

4 Simulation

Similarly to the psychological experiment, the intensity of
the input signals (stimuli) is flickered in sine wave in this
simulation experiment as shown in Figs. 6-(1). In this experi-
ment, the target was flickered in 2[Hz] (2[cycle] of the sine
wave at the 1024 [cycle] of the number of calculation, Condi-
tion 1) and in 4[Hz] (4[cycle] of the sine wave at the
1024[cycle] of the number of calculation. Condition 2). And the
distracters were flickered in I[Hz] (1{cvele] of the sine wave at
the 1024[cycle] of the number of calculation). These stimuli
were flickered within 0.25 ~ 0.75 of the signal intensity. In this
simulation experiment, the parameters as shown in cquations (2)
~ (3) were sct at the following conditions: aza,=a,=2.3.
we=0.5. wy=1.0. wy=0.6. As shown in Fig. 6-(2). at the condi-

tions of the parameters as mentioned above, only of the chaos
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oscillator on the output layer for the target stimulus shows the
oscillatory move, when the signals were inputted.

Next in this simulation experiment, we measured the num-
ber of calculation cycle to threshold of the output signal varia-
tion 4 on the output layer, expressed by the following equa-

tion:
4=[0, -0 /. (6)

In this experiment, threshold of '4' was sct at Ar= 0.3, and
other parameters were set at the same as mentioned above.
Experimental results as shown in Fig. 7 show the similar char-
acteristics to the results in the psychological experiments. As
shown in Fig. 7, number of cycles to the threshold does not
show the significant variation with changing the display size
(p<0.01). This characteristic corresponds to the characteristic in
the psychological experiment, that the reaction time is indepen-
dent of changing the display size. Furthermore, as shown in Fig.
7, number of cycles to the threshold at the condition of that the
target was flickered in 2 [Hz] was larger than that at the condi-
tion of the target was flickered in 4 [Hz] (p<0.01). This charac-
teristic also corresponds to the characteristic in the psychologi-
cal experiment, that the reaction time at the condition of that the
target was flickered in 2 [Hz] was larger than that at the condi-
tion of the target was flickered in 4 [Hz]. Thus, it is suggested
that these results of simulation experiment agree with the results

of the psychological experiment well.

5 Conclusion
In this study, we propose a chaos oscillator model of the

temporal frequency characteristics on human visual search. The
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Fig. 7 Results of the simulation experiments. Opened
circle (O) shows the condition of that the target
stimulus was flickered in 2 [Hz] (2 [cycle] at the
1024 [cycle] of the number of calculation). And
closed circle (@) shows the condition of that the
target stimulus was flickered in 4 [Hz] (4 [cycle] at
the 1024 [cycle] of the number of calculation).

characteristics of the simulation experiment agree with those of
the temporal frequency detection on the human visual search in
the psychological experiment. Thus, the proposed model de-
scribes the human characteristics of visual search. This model
will be significant to the automatic operation of the manufac-
turing process in the inspection, when the more complex ability
of human visual search is realized in the artificial system. In our
future study, we will investigate the more complex ability of

human visual search based on the proposed model in this study.
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Abstract

Given a network where each element has a fixed but
small number of connected elements, randomization of
connections with small probability results in networks
with high broadcast speed. Such networks belong to
the class of so called small-world networks. Analysis
indicate that the broadcast to all elements of network
is fundamentally different from average transmission
speed. Networks with 10% of randomness gives fastest
broadcast speed with no dependence on the position
of initial transmission source.

1 Introduction

Given a network with N elements where each el-
ement is connected with kp other elements, where
k ~1In(N) or k < In(NV), we have investigated the net-
work topology that gives the fastest broadcast speed
from an arbitrary selected element, and have found
that a class of networks denoted “small-world” net-
works is a strong candidate. Furthermore, the charac-
teristic path length, a conventionally used parameter
to evaluate networks[1], does not reflect the network
topology when broadcast is under issue.

Many networks are reported to be small-world net-
works, which are regular networks with a slight ran-
domness in connections among elements, thus small-
world networks belong to the intermediate between
regular networks and random networks. Examples are
found in both Nature and artificial entities: network
of neural cells of C. elegans, metabolic networks in u-
nicellular organisms, World Wide Web, collaboration
graph of film actors, and power grid of the western
United States [1, 2, 3]. Most of these examples satisfy
the condition k£ > In(N) to a random network be fully
connected [4]. The number of neighbors k in natural
networks is not a constraint because Nature connects
efficiently a considerable number of elements. For in-
stance, a neuron in human brain is typically connected
with tens of thousands of neurons.

Noriko Ohi
Dep. of Applied Math. and Info.

Ryukoku University
Shiga, 520-2194 JAPAN
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This paper treats networks with small number of
neighbors k compared to the total number of elements
N, the networks that violate the condition k >> In(N).

2  Structural Properties of Networks

A graph represents a network, where a node denotes
an element of the network, and a link connects a pair
of nodes if the nodes are related. Nodes are allocat-
ed in a two-dimensional grid of the size N = n x n.
The positions of nodes in the grid reflects the distance
among nodes.

Each node is connected with k other nodes, of which
k(1 — p) nodes, 0.0 < p < 1.0, are the nearest nodes,
and kp nodes are randomly selected nodes. Conse-
quently, networks with p = 0.0 are regular network-
s, without random connections. A gradual increase
in p generates networks proportionally random, and
p = 1.0 results in a random network.

Three parameters evaluates the structure of net-
works. The characteristic path length L(p) is a glob-
al property, which is the average of the distance of
shortest paths between all node pairs. The clustering
coefficient C(p), the second parameter, measures a lo-
cal property, the average of relative number of links
among nodes connected to each node. The third pa-
rameter, the broadcast path length T'(p), is a newly
introduced parameter, which is the maximum of the
shortest paths between all node pairs, equivalent to the
number of steps necessary to broadcast information to
all nodes. The first two parameters are conventional-
ly used [1], while the third one is introduced here to
measure the broadcast speed.

Regular networks (p = 0.0) present large C(p) and
L(p), while random networks (p = 1.0) have small
C(p) and L(p). However, the reduction manners of
L(p) and C(p) are uncorrelated. While L(p) drops
sharply with small p, C(p) decreases approximately
inversely proportional to p, leaving a region of small p
where C(p) is large, like a regular network, and L(p)
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is smali, similar vo a random network. Networks with
p in such region are denoted as small-world networks,

to which many real networks belong [1].

3 Simulation

The simulation starts from m randomly selected n-
odes, m = 1,2, ..., which transmits “information” to
all directly connected nodes. Subsequent nodes re-
peatedly transmits to all directly connected nodes un-
til all nodes in the network receive. A node transmits
to all connected nodes in a single step, and the number
of steps of broadcast evaluates the networks.

Three parameters characterize the connections a-
mong nodes: k, the number of connected nodes to each
node; p, the probability of random connectior; and
«, a parameter to define the probability distribution
of distance of randomly connected nodes. The neigh-
bor nodes are connected following a predetermined se-
quence (Figure 1). On the other hand, the distance of
kp randomly connected nedes is given by

d=D-q¢" (1)

where ¢ is a random variable, 0.0 < ¢ < 1.0, and D is
the distance from the wllsldered node to the boundary
on one of four directions of the network, since the two-
dimensional grid is not a torus. For a = 1.0, the
distance is uniformly distributed; for a > 1 0, further
nodes are selected more frequently; and for o < 1.0,
the nearer nodes.

O@@.C

Figure 1: Order to connect neighbor nodes. Exam-
ple of k = 6, of which 5 are neighbor nodes and 1 is
randomly chosen node. Numbers in nodes indicates
the order to connect. Shadowed nodes are selected
randomly, according to Eq.(1)

Networks of size 10* = 100 x 100 are simulated with
values in Table 1, each with five runs to calculate the
mean and variance. Simulation runs that did not finish

after 2,000 steps are stopped. This is based on results
of pre-simulations that simulation running for more
than 2,000 steps does not finish, leaving indefinitely a

constant number of non-transmitted nodes.

Table 1: Values of parameters used in simulation

parameter | Values

m 1,2,4,8

k 8,12

@ 0.2,0.5,0.8,1.0, 1.2, 1.5 2.0

P 0.001, 0.002, 0.005, 0.01, 0.02, 0.05,
0.1, 0.2, 0.4, 0.6, 0.8, 1.0

4 Discussions and Conclusions

Figure 2, 3 and 4 indicate regions of p with smallest
broadcast path length T{pj. This region of p gives
large C'(p) and small L(p) (Figure 5), characteristic of
small-world networks. The curve of 7'(p) is similar to
a quadratic function, differing from the characteristic
path length L(p) that decreases monotonically.

!

150 T
|
/]

160 T

Figure 2: Broadcast path length 7'(p), 99% broad-
cast path length Tyg(p), and characteristic path length
L(p), where k = 12, m = 1, and a« = 1.0. Mean and
variance of 5 runs. For p > 0.6, no simulation run
broadcasted to all nodes.

1.0 did no fin-
ish, and the variance of broadcast path length T'(p)
increases for larger p. For p close to 1.0, isolated
groups of nodes are easily generated, impeding the
broadcast to all nodes. Therefore, the number of steps

Simulations with values of p close to
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Figure 3: Magnification of Figure 2 for 0.0 < p < 0.1

to reach 99% of nodes, denoted 99% broadcast path
length Tyg(p), was also measured. Increase in variance
of L(p) was very small for large p, and that of Tyo(p)
tends to increase (Figures 2 and fig:k8). The variance
is also large for p close to 0.0, although much smaller
than that for p close to 1.0. The variance is negligible
for 0.05 < p < 0.2, the range with smallest T'(p) that
belongs to small-world networks. This suggests the ex-
istence of range of p that assures constant broadcast
speed from any nodes in the network.

The behavior of Tog(p) is similar to that of L(p),
but tends to increase for p close to 1.0.

Figure 6 indicates that the initial transmission
speed is faster for large p, consistent with monoton-
ic decrease in L(p) (Figure 5). The curve of T(p) in-
dicates, however, that T'(p) for large p converge to
a value near 100% and does not reach 100%, so the
broadcast speed is the slowest. The curves for p in the
range of small world networks is not the fastest, but
one of.

The distribution of distances of randomly selected
nodes also affects the broadcast path length T'(p) (Fig-
ure 7). The uniform distribution (a = 1.0) gives the
best performance, and bias in either nearer of further
distance worsen the values of T'(p), true for all values of
p. The same applies for both L(p) and C(p), suggest-
ing the L(p) has stronger influence on T'(p). However,
the increase in T'(p) for large p indicates that C(p)
is important for the transmission to “last few nodes”.
Therefore, there is a crucial difference between the re-
quest to transmit to the majority of the network and
to all nodes of the network.

The broadcast path length T(p) decreases propor-

Steps
60

0.0 0.2 0.4 0.6 0.8 1.0

Figure 4: Broadcast path length T'(p), 99% broad-
cast path length Tog(p), and characteristic path length
L(p), where k = 8, m = 1, and a = 1.0. Mean and
variance of 5 runs. For p > 0.5, no simulation run
broadcasted to all nodes, and for p > 0.7, no simula-
tion run with 99% broadcast was observed.

tionally with the increase in the number of initial n-
odes (Figure 8), which is obvious.

For small number of connections k, change in k af-
fects only quantitatively the results, and not quantita-
tive. The simulation of networks with small number of
connections per node is useful to design artificial net-
works with large number of elements with the request
for fast broadcast.
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Figure 5: Relative variations of broadcast path length
T(p), characteristic path length L(p), and clustering
coefficient C(p). k = 8, m = 1, a = 1.0. All values
are normalized with values of p = 0.0. Therefore, T'(p)
and L(p) cannot be compared in this graph.

Figure 7: Effect of distribution of distances of random-
Iy selected nodes. k = 12, m = 1.0.

100%

90

80

70

60

50

40

ratio of transmitted nodes

Steps

Figure 8: Dependence of broadcast path length T'(p)
Figure 6: Transmission speed. k = 12, m = 1, a = L.0. on the number of initial nodes. k = 12, a = 1.0.
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Abstract ; Let us assume that we are examining the operation of a two-growih
complex, the “vegetative” growth and “breeding” growth. One of the reasons why
it is worth whle to treat these admittedly over-simplified models in some detail 1s in
the hope of obtaining some picture of the structure of the solution of problems of
this nature. | |

We shall suppose, using the concept of lumped parameters which plays such
an essential role, that the state of each system at any particular time may be
specified by means of two quantities
(a) the amount of the vegetative growth
(b) the capacity of the vegetative organ

In short, the production of breeding will depend only upon the quantity
of vegetative.

At any particular time, the vegetative may be used for either of three purposes:
(a) to produce additional vegetation
(b) to increase the existing vegetative capacity,
(c) to produce breeding growth using the existing breeding capacity.

We wish to determini allocation policies which maximize the total quantity
breeding over a given period of time.

Often, processes of the type discussed below are called “bottleneck
processes”.

Keywords ; vegetation, breeding,
dynamic programming, bottleneck processes
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1. Introduction
Let us formulate mathematicaly the
adaptation in living being, then we have
applicability for modem control theory.
Following, we assume that the growth
is the processes allocating the nutrient for
each organ.
In section 2, we shall discuss the optimal
scheduling in growth.

2. Vegetative growth
and breeding growth

2.1 Introduction

Before many living being are ripe and
enter to the breeding season, they are sure
to have the long vegetative growth time.
This can be explained that they had would
rather value with high birth rate by the
grow body than be at the small body in a
hurry breeding. We want to disscuse the
growth processes that increase the total
value of breeding,

2.2 A Mathematical Model

At the moment, the process will be
taten to be discrete, with allocations made
only attimest=0,1, ..., T-1.
At any particular time, t = n, the state of the

system is determined by the quantities.
(1) (@x,(n)= amount of the vegetative
growth
(b) x,(n)= capacity of the vegetative
organ

In determining the allocation of
available vegetation, we introduce the

quantities

(@) (@z,(m= the quantity of vegetation
used to produce additional
vegetation.
(b)z,(n)= the quantity of vegetation
used to increase vegetative capacity
(©)z(n)= the quantity of vegetation
used to produce breeding
We then have the relation.
() x,(n) = () + 2, (n) +2,(n)
In order to introduce some features,
we impose two constraints on the
7’s:
4) @ z(n) <a,x(n)
(b)z,(n) s x,(n)
We are thus assuming that we have a

O<aq <1

linear model of production.

&)

x,(n+1)=az/(n), a,>1, x,(0)=c,
x,(n+1)=x,(n)+ az,(n), >0, x,0)=c

It is required to choose the quantities
z(n), z(n) and z(n),
n=0,1,---.T-1, so as to maximize the
total quantity of breedings produced over
the entire T stage process.

2.3 Dynamic Programming Approach
Let us define, for N =1, 2, ..,
¢, 20, ¢ =0, the function.
(1) fy(c,, c,) = total quantity of breedings
produced over N stages, starting with initial
amount of the vegetative ¢, and initial
capacity ¢, of the vegetative organ and
using an optimal policy.
We have
2 flcpc,)=ag,



and generally,

3)
Su(cncy) = maxz + fy_ (a5, ¢, +az,)]  Table Casethe breeding growth begin stage 8

for N=2, 3, ..., where the maximization is ~ &% f e N B
over the region in z-space defined by the in 200 ! 1 2] 2 Looyos
3 0 14 06 2 2 14 07
equah'ﬁes 41 0 164 16 | 2 28 164 | 05837
5 0 214 1176 2 328 210 0.64:4
@z,7,,20 6| 0 25744 16336 | 2 | 4208 | 25744 06117
\ 7 0 32278 19210 | 2 51488 32278 06269
(b)z, +z,+2,=¢g 8 | 1ou| 3962 L2 4 64556 39962| 06190
9 1.5084 44634 19305 4 79924 44634 05584
(C) Z £ a,q 10| L1783 5235 19058 4 89268 5256|0585
11 20042 599719 23| 4 1047121 59| 05728
(d) 1, SC 12 23%91| 69495 26471| 4 119958 69495 | 05793
. . 13 27798 80083 31109 4 13890 80083| 05762
In the next section, we shall discuss 14| 32083 9256 35406 4 | 160166| 925%| 05777
. . . 15 37010 100768 41274 | 4 185052 106763 | 0570
the numerical determination of the search Totl aloctionto bredimg ot 188572
of vertices.
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Abstract

In this paper we present the work on the special
class of dynamical system referred to as discrete se-
quential dynamical system (sds). The definition of
these systems is motivated by the generic structure
of computer simulations. In computer simulations we
typically find agents or entities with certain properties
or states. The entities can retrieve information from
other entities, and usually only from the ones in their
own vicinity. Based on these states they may update
their state. A schedule will take care of the update
order of the entities. One possible interpretation of
this is to have each entity as a vertex in a (depen-
dency) graph where two vertices are connected if the
corresponding two entities can communicate. With-
out loss of generality we can associate to each vertex
or entity a binary state. Finally, we fix some ordering
of the vertices that represent the update ordering of
the entities. The above construction will be put in a
strict mathematical context and leads to the concet
of an sequential dynamical system (sds). In a com-
puter simulation one typically has “perfect” knowledge
about each entity and which entities can communicate
or exchange information. To retrieve information on
the dynamics of this “complex system” one will have
to run or simulate it. The character of the results in
this paper is how to extract dynamical properties from
known quantities, like the dependency graph, update
rules, and without actually implementing and running
the system on a computer. This perspective is closely
related to further work on discrete sequential dynam-
ical systems We start by reviewing the concepts and
the setting needed for the definition of a sequential
dynamical system. In many cases the concept of dy-
namically equivalent sds is important. This framework
is introduced in section 1 where we also present appli-
cations and enumeration results. In section 2 we give
a full characterization of invertible sds and we show
that the only homogeneous invertible sds are the ones
induced by the Boolean functions Parity and its com-
plement function.
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1 Introduction

Let Y be a loop-free undirected graph with vertex
set v[Y] = {1,...,n} and edge set e[Y]. Let Bo y(i)
be the set of Y-vertices adjacent to vertex ¢ and let
d; = |Bo,y(i)]. We denote the increasing sequence of
elements of the set Bo y (i) U {i} by

Bl,Y(i):(jh-”aiw--,jéi) P (11)
and set d = max,<i<, d;. To each vertex i there is
associated a state z; € F», and foreach k =1,...,d+1
let fi, : ¥ — Fy be a given symmetric function. For
each vertex 7 € N, = {1,2,...,n} we introduce the
map

projy[i] : Fy — Fy ™",
(x1,.. 0, %0) = (T 5 Ty e 3 Ty ) -

Furthermore, let Sy with k& € N denote the sym-
metric group on k letters. Let (fi)i<k<d(v)+1 be a
multiset of symmetric functions fi : F¥ — F». Set
z = (z1,22,...,2,). For each ¢ € N, there is a Y-
local map F;y given by

Yi = fo,+1 0 projylil,

Fl(:c) = (.l‘l,‘ .. ,l‘i_l,'yz‘(f),l‘i+1, e ,(I:n).

We refer to the multiset (F;y); as Fy. It is clear
that for each Y < K, the multiset (fi)1<k<n induces
amultiset Fy,i.e., we have amap {Y < K,} = {Fy}.
Let # € S,. Now define the map [Fy,] : Sn —
Func(F%, F3) by [Fy, 7] = [T} Fra)y-

Definition 1 The sequential dynamical system
(SDS) over Y with respect to the ordering m is
[Fy,n]. We call an SDS homogeneous if it is induced
by a set of local functions of the form (fr)r = (Bi)k
where B is a Boolean function.

Example. Let Y = Circ,, the circle graph on n ver-
tices. The graph Circg is shown in figure 1. For each
vertex we have a symmetric function on 3 arguments.
To be specific we pick the parity function for each ver-
tex. The parity function (3.2) returns the sum of its
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Figure 1: The circle graph on 6 vertices and the wheel
graph on 7 vertices shown to the left and right respec-
tively.

argument modulo 2. Thus for the update schedule
(1,2,3,4,5,6) with initial state (1,1,1,0,0,0) we get

Fy(1,1,1,0,0,0) = (0,1,1,0,0,0),

Fyo Fi(1,1,1,0,0,0) = (0,0,1,0,0,0),

Fyo0 Fyo Fy(1,1,1,0,0,0) = (0,0,1,0,0,0),
FioF30Fyo0Fi(1,1,1,0,0,0) = (0,0,1,1,0,0),
FyoFyoF;0F,o0F(1,1,1,0,0,0) = (0,0,1,1,1,0),
FgoFsoFyo0F;0Fy0Fi(1,1,1,0,0,0) = (0,0,1,1,1,1),

and thus [Feire,, (1,2,3,4,5,6)](1,1,1,0,0,0)
(0,0,1,1,1,1).

If we remove the restriction on having symmetric
functions we obtain the sequential analog of von Neu-
mann’s cellular automata. We call this class sequen-
tial cellular automata (SCA), and refer to the classical
CAs as parallel cellular automata (PCA). Formally, a
PCA is a pair (f3, Circ,,) where f3 : F3 — F> is the rule
used to update the states associated to the vertices of
Circ,, in parallel. An sCA is a triple (f3, Circ,, 7). In
this case the function f3 updates the states of Circ,
sequentially in the order given by m. Note that an
sCA is an SDS only in the case where f3 is a sym-
metric function. We emphasize that the base graph of
an SDS does not have to be a circle, but can be an
arbitrary graph. Another example of a base graph is
shown on the right in figure 1.

We introduce the equivalence relation ~y g on
Sp X Sy by m ~yr o iff [Fy,n] = [Fy,o] and let
S0 (Y) = {[Fy,7] | 7 € Su}. The digraph I'[Fy, 7]
is the directed graph having vertex set I} and edge
set {(z,[Fy,n)(z)) | ¢ € F3}. For 7 = (i1,...,in)
write i <, jifi = iz, j = ¢ and k < [. A point
z € F} is periodic with period m if [Fy,7|(™ (z) = z
and [Fy,m|®(z) # z for 1 <1 < m. A fixed point
is a point z for which [Fy,n](z) = z. The point z
is called eventually fixed if there exists [ such that
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[Fy,7]®(x) is fixed.

2 Equivalence of SDS.

In practice one is interested in studying or prescrib-
ing a system with a given number of orbits and orbit
sizes as well as a given transient behavior. Two dy-
namical systems can differ as maps but nevertbeless
they may have the same dynamical properties. To be
more precise let [Fy,n] and [Fy,7'] be two SDS. If
there exists a bijection ¢ : F} — F} such that

[Fy,m'] = po[Fy,mlog™, (2.1)

we say that [Fy, 7] and [Fy, 7'] are dynamically equiv-
alent SDS. Note that (2.1) implies, e.g., that the two
dynamical systems have a 1 — 1 correspondence be-
tween fixed points and periodic points. If z is fixed
under [Fy,n] we obtain [Fy,n'|[(¢(z)) = o(z), ie.,
o(z) is a fixed point for [Fy,n']. With the discrete
topology on F7} the definition of dynamically equiva-
lent systems coincides with the definition of topolog-
ically conjugate systems as ¢ is then automatically a
homeomorphism. In light of all this it is of interest to
have estimates for the size of the set

Sy[Fy, 7] = {O € Acyc(Y) | T[Fy, %] 2 T'[Fy, 7]} .
(2.2)

In the following we will write S(Y) for S4,), (Y).

Proposition 1 Let Y < K, and define the Sy, -action
on Fy by

p(.t) = (Ip-l(l),. ‘e ,([p—l(n)).
The following holds:

1. The map Aut(Y) x S,/ ~y—> Sp/ ~y de-
fined by (v, [r]y) — [yox]y is an Aut(Y)-action
on S,/ ~vy. This action induces an Aut(Y)-
action on Acyc(Y) given by {y O}({i,k}) =
O({y (@), (k)}).

2 For all m € S, and all v € Aut(Y) we have
1

[FY7'77T] = VO[FYUW] 07_ .
3. The map Aut(Y) x S(Y) — S(Y) given by
(v, [Fy, 7)) — [Fy,y o] is an Aut(Y)-action on
S(Y) with the property [Fy,yon] =yo[Fy,n]o
v~1. In particular Sy [Fy,n] is an Aut(Y)-set.

For the proof of this proposition we refer to [1]. As a
consequence of Proposition 1 we derive the following
upper bound for the number of nonequivalent SDS.



Corollary 1 Let ¥V < K,,. We have

HI[Fy, 7] |7 € Su}
1
= —_— E Fix(~
!‘Aut(},)‘ ) l 1X( I)l )
~EAut(Y)

09O =9}

< AW (2.3)

where Fix(v) = {O € Acye(Y) |4

The corollary is essentially a consequence of Burnside’s
theorem and the details can be found in [1]. A com-
hinatorial interpretation of Fix(v) is given in [2]. Tt
can be described as follows. Let G be a group and
let ¥ be an undirected graph. We will denote Y-
automorphisms by y. Now. G is said to act on Y if
there exists a group homomorphism v : G — Aut(}).

Definition 2 Assume G acts onY < K,. Then G\Y

is the graph with
v[G\ Y] = {G() | ievYi,
G\ V] = {G(y) [y € e}
and w¢ is the surjective graph morphism given by

ma Y — G\Y, i-Gl).

Proposition 2 Let ¥ < K,, ke an undirected graph.

Then we have

AY) (2.4)

IF‘ Z (;((‘\/ \ Y)I

ver

Let (0SY) denote the vertexr join of 0 and Y. If there
is no vertex of mazimal degree in'Y then

0®Y)=0%ma()). (2.5)

For the proof we refer to [2]. Some remarks are in
order. To begin, take v € Aut(}’) and write it as a
product of disjoint cy deb where cycles of length 1 are
also included, say ~ 1 cr. The vertices in
G\ Y arein a 1 — 1 correspondence with the cycles
c1,¢2,...,c,. However, one should note that G\ Y is
in general not a simple graph as it may contain loops.
There are two main factors making the computations
of a({y) \ Y) relatively simple. The graph (v) \ Y
is typically of a nature well suited for computing its
number of acyclic orientations. The procedure is also
simplified by the fact that if (7) \ ¥ has loops every
orientation is necessarily cyclic.

S0y

3 Invertibility.

In this section we give a complete characterization
of invertible SDS. To begin we recall some of the struc-
ture of symmetric functions.

__36_

Define Hy : F§ — N by Hi(z) = |{x; | z; = 1}, and
the equivalence relation ~p on F§ x F§ by z ~g y iff
Hp(z) = Hi(y). The symmetric functions f : F§ —
are precisely the functions that are constant on the
equivalence classes of ~g. The equivalence classes will
also be referred to as Hamming classes. As a conse-
quence we note that there are 2¥=! such functions.

In [1] we derived the following result on invertibility:

Proposition 3 Let Y < K, let (fr)r be a multi-
set fr - Wﬁ — Fy and let 1d,mv cFy — By be the
maps defined by id(xz) = x and inv(z) = T. An SDS
[Fy,7] is bijective if and only if for each 1 < i <
n and fized coordinates xy,...,Ti—1,Li=1,..., T, the
map g; : 5 = ¥ defined by

yee s p)
(3.1)

Gi = fsop vy oprojy [il(an, .. i,

Furthermore let
,i1) and

has the property g; € {id,inv}.
T = (71 R a'in) €S, 7 = ('in??.'n-—l s
[Fy, 7] be a bijective SDS. Then we have

[Fy.m) ™ = [Fy.n7) .
Consequently we have the interesting fact that the in-
verse of an invertible SDS is again an SDS. Define the
two functions Pary and Pary by

k
Pary : S — Fy, Par(zi, ..,;Ifk)::Zzi, (3.2)
i=1
and Pary : F¥ — Fy, by Parg(zy,...,z%) = 1 —
Park(xl,...,xk).

Theorem 1 Let Y be a graph an let [Fy, 7] be an
invertible SD&ver Y. Then Fy = (F}); where F; =
Par; or F; = Par;.

Corollary 2 The only homogeneous invertible SDS
are the ones induced by Par and Par.

Thus there are 2" invertible SDS for a given graph
Y < K,.

References

[1] H. S. Mortveit and C. M. Reidys. Discrete, se-
quential dynamical systems. Discrete Mathemat-
ics, 2000. In press.

[2] C. M. Reidys. On Acyclic Orientations and SDS.
Adv. in Appl. Math., 2000. Submitted.



Proc. of The Sixth Int. Symp. on Artificial Life and Robotics (ARCB 6th” 01)

Tekyo Japan, 15-17, January, 2001,

A Computational Model of the Interaction between Environmental Dynamics
and Economic Behaviors

Takahito YAMAOKA

Takaya ARITA

Graduate School of Human Informatics, Nagoya University
Furo-cho, Chikusa-ku, Nagoya 464-8601, Japan
E-mail: {yamaoka, ari}@info.human.nagoya-u.ac.jp

Abstract

Environmental problems have been considered very
important for a long time. We believe that they should
be examined from an interdisciplinary view so as to
reach a solution because they have been caused as the
consequence of complex interactions among various fac-
tors. This paper proposes a new model termed Col-
orChanger. By using this model, we aim to explore
the nature of ecological problems beyond separate dis-
cussions on specific subjects, and make the acquired
kuowledge available to encourage the solution of envi-
ronmental problems. This paper also reports on the
results of the preliminary experiments.

1 Introduction

Environmental problems have been considered very
important for a long time. They have been discussed
in a wide range from the flelds of academic research
to international arena of politics. There are many aca-
demic fields in which environmental problems are tack-
led. However, there seems to be an essential issue in
conventional approaches.

For instance, there is a biological field termed conser-
vation ecology which investigates environmental prob-
lems. Conservation ecology belongs to ecological sci-
ence and alms at conservation of biological diversity by
conducting basic/applied researches. Though the sub-
jects of this approach range widely from genetic issues
to landscape design, it rarely pays attention to the eco-
nomic effects. On the other hand, environmental eco-
nomics is a field in which the environment problems are
discussed from an economic point of view. In environ-
mental economics, the model of consumer and business
behavior in traditional economics is evoked to explain
who and why acts on environments and who and how
suffers the environmental damage. However, considera-
tion of dynamics of life is hardly at all involved in their
investigations. In artificial society approach, which is
a growing field, the dynamic models are investigated
where both environments as resources and economic
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behavior are brought into view. So far, however, most
of them leave environmental variation out-of consider-
ation, which must become very important when exam-
ining the environmental problem in real world from an
interdisciplinary view.

Recently, Akiyama and Kaneko [1] have constructed
a computational model so as to focus on the interac-
tion between the dynamics of environment and agents’
actions, and successfully analyzed the effects of the in-
teraction on the dynamics of environment and the evo-
lution of agents’ actions. Their study doesn’t necessar-
ily cope with the environmental problems directly, but
gives some indication of the possibilities that this type
of constructive methodology could be very important
when investigating the dynamics of the interactions be-
tween economic phenomena and ecological phenomena.

Encouraged by their results, we propose a compu-
tational model that makes it possible to discuss envi-
ronmental problems from both economic and biologi-
cal points of view. Our model consists of an economic
activity model based on multi-agent modeling and a
natural environment model based on cellular automata
modeling. We focus on the interaction between eco-
nomic activities and environmental variation based on
the dynamics of an ecosystem surrounding human be-
ings by conducting computational experiments.

2 The Model
2.1 Overview

There are several species of agents (players) and sev-
eral game fields in ColorChanger. We denote a set of
the agent species as S = {1,2,...,s} and a set of the
game fields as G = {1,2,...,g}. Each game field has
a two dimensional space that is marked off into i x i
hexagonal cells, on which players play some sort of eco-
nomic games repeatedly. Each cell has a “color” which
expresses the state of its biological environment and
can be perceived by nearby players including the agent
on it. Each cell changes its own color according to the
color patterns on its nearby cells like cellular automata.
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Figure 1: Conceptual diagram of ColorChanger : upper
plane depicts the agent model, and lower plane depicts
the environment model.

We define a set of players as N = {1,2,...,n} in each
game field. These n players are selected randomly from
S respectively. Each agent gets a reward by affecting
its environment, in other words, by changing the color
of the cell on which the agent resides, which is meant to
an economic action and is decided based on a species-
specific decision-making function (Figure 1). An au-
tonomous transition and a passive transition by the
agent in color of each cell constitute one round. Each
game consists of 7' rounds, and games in all game fields
are played all at once. Each agent acquires its profit in
every round. Genetic operations are conducted after all
games in g game fields are finished, which is described
in the subsection 2.4. Above described procedures are
conducted again and again.

2.2 Details of the Games

The color density of the cells surrounding player ¢
at time t is expressed as e;(t) = (e?(l)(t),ef@)(t),
..,eic(c)(t)), where C is a set of colors which cells
can be laid on. FEach player has a state and a
decision-making function. The state corresponds to
the profit in the current round. So, the states
and the decision-making functions of players are de-
noted by y(t) = (y'(2),%%(t),...,y"(t)) and f =
(f5M 5@ f5M)) respectively, where the state
of the player i who belongs to species S(i) at time
t and the decision-making function of the player ¢
are denoted by y;(t) and f9() respectively. Player
i decides its next action a;(t) based on e;(t) and
y(t). All of the players’ actions are denoted by a =
(a'(t),a®(t),...,a™(t)). Each player’s individual action
can be either a “wait” (doing nothing) w or a changing
the color of the nearby cells into one of the set of colors
D = {my,ma,...,ma}(mn € C). The set of these fea-

sible actions is denoted by A = {w, 2™, z™2,..., 2™},
where ™ is the action to change the color of cell into
color m;. A and D are shared among all players and is
fixed through generations.

Initial state of each player is assigned a random num-
ber generated from a normal distribution with a mean
of 0.10 and a variance of 0.10 before the first round of
the game in each game field. Each round consists of
following three steps: 1) environmental variation,
2) decision making by players, and 3) effects of
actions on cell colors and allocation of profits to
players.

1) The environmental variation consists of two steps.
One is to change colors of cells autonomously, and the
other is to decrease the players’ states to be yi(t)’ =
un(yi(t)). We set un(y) = 0.9y in this paper.

2) A player i's decision-making function 50 de-
cides its action a’(t) based on the states of the envi-
ronment around the player, e;(t) (density of each color
of cells), and the states of all players in its game field,
y(®)" . o

ai(t) = £SO (1), y(8)), (1)

where f°() is the inner structure of the player ¢ and is
invisible to other players, which could vary throughout
the evolution.”

3) Each decision-making function of player i selects
the biggest motivation in the motivation map [2] where
motivations for each feasible action under the situation
{ei(t),y(t)'} are calculated as follows:

maz({mtv,}) : mtv, = npe;(t) + Z leyl(t)/ +&, (2)
leN

where mtv, is the motivation for action r(r € A), {n,}
is a (d+ 1) x n real number matrix, {6,} isa (d+1) xc
real number matrix, and {&,} is a d+1 real number vec-
tor. So {mtv,} means motivation map. Each element
of {n.}, {6-} and {& } of the initial species of players is
set random numbers generated from a normal distribu-
tion with a mean of 0.0 and a variance of 0.1. Players’
actions decided in previous step can change the colors
of cells. The aggregate profit R is distributed to each
action as P = {pPW pP@ . pP@D} based on the
state distribution (at the time before state change) cal-
culated on randomly sampled cells as market values in
reverse proportion to the frequency of the states. Each
PDP() is equally divided among all players who chose
action D(¢), which increases the states of the players.
Then all players pay cost Q.

2.3 Rules of Color Change in Cell and
Agent Actions

A set of colors of cells is denoted by C =
{1,2,...,c}, and each cell always takes one of these
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Figure 2: Details of the environmental model and agent model with n = 3, ¢ = 3, d = 2, v = 2, and the SimpleCA
rule; Center figure expresses the situation at time ¢, left box shows the example of color change on cell A, and right

box shows the way of decision-making by agent b.

as a state. We adopt two types of rules by which cells
change their color, 1) SimpleCA (Figure 2) and 2)
EcosysCA. The actions of players are also defined ac-
cording to the adopted rule as follows.

1) The next color of each cell is decided by the
roulette wheel selection based on the distribution of
colors in the group of the 6 neighbor cells and itself.
In counting each color, the number of its current color
is multiplied by » so as to take account of an inertial
effect concerning change of color. The action that the
players can do is to change the color of the cell on which
they exist.

2) This rule expresses a dynamics of the ecosystem.
Each color of cells represents the species of animate
beings on them, and is denoted by L = {1,2,...,1}.
An ecological food chain is predefined by links among
the species based on the method by R. J. Williams and
N. D. Martinez [3], and the ecclogical niche can be or-
ganized under this rule. Not more than one animate
beings of each species can exist on each cell. In every
time step, every animate beings on each cell execute
one of the following actions, prey on, bear a child or
move. Prey is an action with a top priority, and is pos-
sible only when there exists a prey on the same cell.
Other two actions are conducted within nearby 6 cells.
If there are no possible actions, it only stays on the
same cell. These actions of animate beings change the
colors of cells. The color pattern on the plane of the
game fields corresponds to the ecological niche. Two
types of experiments concerning the player actions are
being conducted. One is that players directly affect
the animate beings by hunting them and they are elim-
inated from the cell. The players can affect d kinds of
animate beings randomly selected from L. The other
is that players don’t directly deal with the animate be-
ings, but change the colors of the cells on which they
exist. A change of color by an player means to let
the animate beings dead and/or born. The players
can change d kinds of colors randomly selected from

C, which contains 2! colors that the cells can be laid
on.

2.4 Evolution

Genetic operations are conducted to the agent
species. The fitness of each agent species is calculated
as the average profit of all agents that belong to the
species during T rounds. k species with lowest k fitness
are eliminated, and the surviving s — k species leave
their offspring which has the same decision-making
function to the next generation. The eliminated species
are replaced by new k species, that are k mutant species
randomly selected from surviving species. Mutation
happens to every coefficient of the decision-making
function that the parent species has. Each coefficient
in the decision-making function of the new mutant is
chosen as random number from the normal distribu-
tion where the variance is 0.1 and the mean value is
corresponding element of {n}, {8}, {{} in the decision-
making function of the parent species.

3 Preliminary Experiments

SimpleCA was adopted as a transition rule in the
preliminary experiments. Following parameters were
used: ¢ (number of cell colors) = 3, n (number of
agents in each game field) = 3, and d (number of colors
into which agent can change) = 3. The environmen-
tal model was initialized with equal frequencies of each
color in a random spatial distribution. Other parame-
ters were set as follows: i = 50,9 = 60,7 = 400,s =
10,k =3,R=150=2,and Q =0.3.

Figure 3 shows the typical transition of average fit-
ness of each agent species. Fitness of agents shows a
tendency to increase smoothly. During the first 1000
generation, the agents’ strategy (decision-making func-
tion) has no clear tendency, which generates a lot of
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Figure 3: Average fitness of agent species (on a Sim-
pleCA model, n = 3, ¢ = 3, d = 3, i=50, g=60, T=400,
s=10, k=3, R=1.5, v=2, Q=0.3).

001z

]
0.01 i—

0.008

0.006

0004

0002 3

0 -

6000
Generation

4000 10000

Figure 4: Degree of divergence between ideal and cur-
rent environment: (gray line: the average of divergence
degree of every colors, black line: the approximated

curve).

“ambling” agents that behave by a hit-or-miss method.
The strategy of agents comes to a relatively stable state
without large oscillations beyond about the 1000th gen-
cration. At the same time, the behaviors of the agents
also begin to change into the action intended to obtain
assurcd income. The same strategy cannot always take
a high fitness, because of the “noisy” situation in our
model including some sort of bounded rationality. On
the other hand, there is a case that a nice strategy con-
tinues to exist for a long time and similar strategies are
generated by mutation, which cause a decrease in aver-
age fitness owing to decrease in diversity. The “wait”
action gradually disappears as generation changes. The
reason seems to be that it becomes more advantageous
to do anything even though there is a risk to pay a cost
rather than doing nothing.

Figure 4 shows the effect of agent activities on en-
vironments. The degree of divergence is measured as

follows:
LS (B - 1y
C«
ieC

(3)
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where F; is the actual existent rate of color 7, and [; is
the ideal existent rate of color 4, I; is calculated as the
average existent rate only with the autonomous change
in environment and without agents. In this case, when
SimpleCA is adopted, the ideal average existent rates
of all colors are same because each color has same prob-
ability of existence. Figure 4 shows that they did not
change remarkably though there are oscillations in any
generation. There is no significant difference among the
influences of agents on the environments through gen-
erations. It is a remarkable point that the evolution of
agents doesn’t have more effect on environments, while
it brings about the increase in gains of agents.

4 Summary

ColorChanger is an attenipt to throw light on the
interactions between the agents that influence the en-
vironment and the dynainics of envirotment so as to
resolve environmental problems. It is also very impor-
tant not only the current issues but also to consider
the problems in future which results from these inter-
actions to solve environmental problems essentially in
general. ColorChanger also aims to be a useful tool for
that, and some results of our preliminary experiments
with an environinental model based on a dynamics of
the ecosystem were reported. There are some noises
which influence the information in these experiments:
the difference among the accurate environment infor-
mation on the whole game fields, the environmental in-
formation obtained by agents, and the information on
distribution of colors used for allocation of rewards. We
have shown that the agents could increase their fitness
in spite of these factors.
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Abstract

We propose and study a class of stochastic agents that
solve matching problems. A Markov decision process
model is developed in order to study the behavior of
these agents.

1 INTRODUCTION

Matching problems arise in a wide variety of real-world
situations, a well-known example is the assignment of
workers to a set of jobs. Some other examples of matching
problems are: 1) In the US, Canada, UK and Scotland,
thousands of graduating medical students are matched
yearly to residency hospital positions.[5]; 2) In Norway
and Singapore, high school students are matched to uni-
versities, and primary school students are matched to sec-
ondary schools [1]; and 3) Tn the US, Navy personnel is
relocated in new jobs eacli year|2].

In some cases, an automated scheme accomplishes this
task, but in other cases a group of people perform the
matching process. In both cases, the goal is to try
to keep both the workers and the institutions offering
the jobs pleased. For instance, some automated schemes
are based on the “Gale-Shapley algorithm” [1], and the
schemes perfomed by humans are based on their experi-
ence, negotiation and deliberations skills. In this paper,
we propose an antomated system based on agents, but it
keeps some essential clements of human based matching
schemes.

The rest. of this paper is organized as follows. In the
second sectiou, the matching process and the stochas-
tic matching agents are described. In the third section,
we present the matching process is modeled based on
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Markov decision processes. Finally, some conclusions are
presented in the fourth section.

2 MATCHING PROCESS

Let us consider the problem in which a group of
experts Cp,Coq,...,Cn should assign a group of jobs
T ={TyT>,....,Tk} to a group of workers (employces)
W ={W;,Ws,..,Wxn}. A job is defined by a set of
attributes, say the 4-th job is defined by a I-tuple
(ti1,ti2, -, ti), and in order to assign a worker to a job,
it is necessary to take into account his/her qualifications.
The gualifications of a worker are defined by a set of r

attributes, represented as an r-tuple (wq,ws, ..., w,).

In this model, an expert will be in charge of analyzing
the skills of a worker to meet the i-th requirement, of a job.
In other words, an expert suggests a specific worker for
a job, based on only one requirement. Thus, the solution
to the problem is found when all the experts C; suggest
the same worker W; for a specific job. The problem of
assigning a worker W; to a job Ty, is called deliberation.

The experts communicates with each other, and each
one of them has an algorithmic process that creates a
scenario, which allows to analyze the situation of assign-
ing job T,, to worker W; by considering the values of the
worker’s qualifications (attributes). The deliberation pro-
cess starts when a job T, is chosen to be analyzed. At
first, let us consider the job 7}, fixed. Then, all the ex-
perts analyze the assignment of the workers to such job
according to their expertise to assign workers to this job
based on a specific attribute, i.e., each expert C; will
choose among the workers, the one that best meets the
requirement, of the job attribute he is analyzing. Each ex-
pert will respond with a worker and a score that measures
the fitness of the worker to-meet job 7T,,. Thus, expert



C}; has associated a function
MW =[0,1)

which assigns a score to each worker depending on
his/her qualifications to meet job T,,. Let W;‘ the candi-
date with the highest score found by expert Cj, i.e.,
{fimm}.

max
wew

7mw;) =
If several workers get the same highest score, then one of
the candidates will be picked at random. Therefore, at,
the end of this step, a set of candidates and their corre-
sponding scores is produced by the experts, namely,

{(VV{",S?) a(W;a 3;) LR (W]’:HS*N)} )
where
3; = ffm(wj*)

Now, among all the candidates suggested by the ex-
perts, the worker with the highest score is chosen as a
candidate to perform job T,,. Let W* be such a worker.
Again, if two or more candidates have the same score,
then one of them is picked at random. Clearly, this can-
didate might not correspond to the best assignment of
a worker to job T;,, because the maximum score was
obtained by analyzing only one requireement of the job.
Therefore, it will be necessary to check the worker’s qual-
ifications to meet the remaining attributes of the job. In
order to do this, the expert that assigned the highest score
to a worker will assume the control of the system.

In the next step, the expert that has the best assign-
ment of a worker to job Ty, denoted C*, informs its can-
didate to all experts Ci,...,Cn so they can analyze the
assignment, of this worker, and thus produce a measure of
their approval or rejection of such candidate from their
own points of view. The opinion of an expert C; about
W* (its aproval or rejection) is encoded in the score

s},v* — f]Tm (W*)

Notice that sJW*is the score assigned to worker W* which
takes control of the system in the following steps.

In order to make a decision about either accepting or
rejecting worker W* to perform job T,,, the expert C*
receives the opinions of all the remaining experts about
such candidate. The opinions of the experts are repre-
sented as a N-tuple (s}V",...,s¥"). If W* is accepted by
most of the experts, then the agent will stop successfully,
and will assign W* to job T,,. Otherwise, i.e., W* is re-
jected, then the agent will remove this candidate from the
pool of workers and will continue the deliberation process.
This deliberation process will be repeated until either the

agent achieves an adequate assignment or it fails to do
S0.

The decision of either accepting or rejecting W* for
the job T, is based on a threshold criterium, as follows:

1. W* is rejected if s}" < g™ for some j € {1,---, N}

2. W* is accepted if s}v* >0 forallj=1,--- ,N

3. P(W* is accepted) = 735070 if sIV" € [gmin, gmax].

where ™" ™% are the threshold value of rejecting
and accepting candidate W*, respectively; and

1
- L w*
= N Z 8;
i=1
is the mean of the scores given to W* by the experts. The

deliberation process of assigning a job will be repeated for
the remaining jobs.

3 STOCHASTIC MATCHING
AGENTS

We consider a matching system as composed of stochas-
tic autonomous agents each one of them representing an
expert. This system can be mathematically defined as a
Markov decision process, which is defined next. Specifi-
cally, the process described abeve is modeled here as a
non-homogenous Markov Decision Process (MDP) [4].

3.1 Markov Decision Processes

Markov Decision Processes (MDP’s) are a class of
stochastic sequential decision processes in which the cost
and transition functions depend on time, on the current,
state of the system x and on the current action a.

Definition. A Markov Decision Process (MDP) M is
4-tuple M = (X, A, T, C) where

i) X is a finite set called the state space of the process;

ii) A is a finite set called the action space of the process.
It is possible that the actions available depend on the
current state; in such case, the set of available actions
on a particular state z will be denoted by D(z) C A.

{Ty - A x (X xX) =[0,1]|¢ € Z+} is called the set
of transition probability functions. Ti(a,z,z') is the
probability of passing to state z' at time ¢ when the
current state is « and the action a is executed. Ti(a)
will denote the transition matrix at time ¢ due to ac-
tion a. In this case, the transition probability func-

tion may be represented as a sequence of transition
matrices {Ty(a)|t € Z¥,a € A}.

iii)



iv) C : A x (X x X) —=[0,1] is called the cost function.
Cla,z,z') is the expected cost associated with the
transition from z to z' due to action a.

Thus, a MDP defines two stochastic processes: a dis-
crete time Markov process X; with values in X, called
the state process and a stochastic process /Ay with values
in A, called the action process. Such processes have the
following Markovian transition probabilities

Ti(a,z,2") = P(X; = 2'| X411 = 2, -+, Xo = Zo;
A16-—1 =a,- - ,Ao:(lo)
= P(Xt = :I?'|Xt_1 =, At—l = a)

Definition. A policy of a MDP is a mapping 7 that
assigns an action (either deterministically or randomly)
to each state of the process. In general, a policy is a
function

m: X = P(A)

where 7 (z) is a random action with probability distribu-
tion P(A) € P (A). P (A) is the set of all the probability
distributions on A. If the set of avaible actions depends on

the state, then we have the constrain that 7 (z) C D(z).

3.2 MDP Model

Let us consider the problem of assigning a worker from
a pool of workers W to a particular job 7. In this case,
the behavior of the matching system may be modeled as
a non-homogeneous MDP as follows.

i) The state space of the process is
X = (WU {success} U {fail}) x p (W)

where W = {W; W, ...,Wn} is the set of workers
(employees); success is the state of the system when
a worker is successfully assigned to a job, and fails is
the state of the system when it fails to do so. p (W)
is the collection of all the subsets of W. On the other
hand, if the state is a worker W;, such worker is the
current candidate for the job. Thus, a state is a pair
(z, K) where =z is either the current candidate W;,
success or fail, and K is the set of current workers
available. Each time that a candidate is not success-
fully assigned to a job, it is removed from the group
of available workers.

ii) The action space is
A ={s,d}.

where s denotes stop meaning that all the agents
agree in the assigment of the current proposed worker

iii)
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to the job; and consequently, the system stops and re-
sponds by assigning such candidate W to the job; on
the other hand, the action d, continue deliberating,
means that the system must continue deliberating
because there is no agreement between the agents.
In this model, we consider that when the state of the
process is a worker, then the set of available actions is
A; otherwise, i.e., when the state is either success or
fail, the set of available actions is §}, the empty set.

The transition function is defined as

z' = success and
K=K
0 otherwise

Ty(s, (2, ), (2, k) = { 1

notice that s represents the stop action. On the other
hand, if the action is continue deliberating, d, then
the transition function is defined as:

1. Ty(d, (z, K), (', K")) = P(W; = L(R(T, K")))
with K' = K — {W;} if ¢ = Wy, 2’ = W; and
t=0,1,--n—1;

2. T(d,(z,K),(z',K")) = 1ifz’ = fail, K' =
K and t =n; and ,

3. Ti(d, (z, K),(z',K")) = 0 otherwise.

where
R:TxpW) =P ((W X [O,IJ)N)

is the ranking operator that represents the action of
the agents when they produce a set of candidates and
their corresponding scores

{7, 81), (W5, 85) o (WR SR}

by using their functions {f{,...,f%}. Such candi-
dates are chosen from a subset of workers in g (W).
Thus, the resulting N-tuple of candidates and corre-
sponding scores is a random element of (W x [0, 1))
with probability distribution

P(ovx[0,1)") e B (W x[0,1)")

and it is defined by the operator R.
‘J3((W><[O, 1])N) is the set of all probabilty

distributions on (W x [0,1])Y. There are many
possibilities of defining the operator R. Particularly,
R may be a deterministic operator in a system
in which the workers are ranked by each agent
according to some particular attribute, and the best
one is chosen by each agent. R could also be defined
by ranking the wof'keras‘ and then applying random



selection on them (e.g., proportional selection,
tournament selection, etc.) [3]. When the action
taken by an agent is continue deliberating, then
the current worker will not be considered in the
future, because there was no agreement. In other
words, each time the deliberation action is taken,
the set of available workers is reduced by one. This
is the reason why K', the second argument of R on
the equation above, is equal to K — {W;}, the set
obtained by removing the candidate from the set of
available workers at time ¢.

The second operator that appears in the definition
of Ty is

L:POWx[0,1)Y = BOW)

is the leader operator a random operator that repre-
sents the action of the system when picking worker
W™ from the group of candidates proposed by the ex-
perts. The worker W* is a element of YW randomly
chosen with probability distribution P(W) € B (W)
and defined by the operator L. B (W) is the set of
all probability distributions on W. The agent that
takes control of the system is the agent C; that pro-
posed worker W*. C; will be called leader agent.
As mentioned above, the leader agent will broadcast
its candidate W* to the other agents, and it will re-
ceive some response of either accepting or rejecting
W*. Then, the system will decide whether the agents
continue the deliberation process or stop the process
by assigning W* to job T. The decision process is
then continued as it was explained above in the pol-
icy section of the MDP model.

Finally, the cost function
C:Ax (X xX)—[0,1]

is defined as C(s,(z,K),(z',K")) = 0 and

Cd,(z, K),(z',K")) = 1, i.e., the value

of the cost of continuing deliberating is 1, and the cost,
of stopping is 0, meaning that the total cost of the process
of assigning a worker to a job is given by the number of
required computational steps.

3.2.1 Policy

The policy to select an action (i.e., either agreement or
deliberating) on a particular state is defined as a function

m: X = B(A).

Remember that a state is represented as a pair (z, K)
and the action space is composed of the actions stop (s)

and continue deliberating (d). Thus, it will only be nec-
essary to define the probability of picking the action stop,
P(s). Clearly, since there are only two possible actions,
then P(d) =1 — P(s). Therefore,

m(z,K) =
P(s)=0if 3 j € {1,...,N} such that s‘;w < gmin
P(s)=1ifV je {1,.., N}, s}V < gme
P(s) = 5%;1; if 3;4/* € [()mi",«?"'”"] otherwise.

_ N
with = —1,\7 3 s;-" and z = W* € W | i.e., the state
=1

is a worker. Otherwise, if the state is either success or
fail, then the set of available actions is ¢}, and thus the
probability distribution given by the policy is empty.

4 CONCLUSIONS

A system based on stochastic agents that solve matching
problems the way human experts do was proposed. In
addition, such system was modeled as a Markov decision
process. In future work, we will analyze if the matching
produced by this system are stable in the sense of Gale
and Shapley [1].
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Abstract
This paper treats the issues of ideal communications and
the way to achieve this. First, it is discussed that the
technological trend of moving from logical to ideal com-
munications is similar to a journey resulting in spiritual
enlightenment in trving to find the original self. Then, it

is stated that new media that have interaction capabili-

ties and can realize immersion have the possibility of

achieving the ideal communications. Also it is pointed
out that there is a danger to get into the imperfect com-
munications on the way to achieve ideal communications

referring to the same phenomena in Zen.

1. Introduction

Recently, the word kansei has come to be used quite
frequently. In addition, the communications of today’s
young people who use cellular telephones is sometimes
called “kansei-transmitting communications.” Also it is
often alleged that the animation movies and video game
contents produced in Japan is onc example that the kansei
of the Japanese is of a high caliber. However, there are
also a number of adults who frown upon young people
who become engrossed in long conversations on cellular
telephones. A lot of voices can also be heard criticizing
media, especially video games, which are said to distort
the boundary between “reality” and “virtual reality” for
children addicted to them. Why have such polar reac-
tions emerged?

In this paper, first, an investigation is made on the mean-
ing kansei has in communications. Next, it is pointed
out that the technological trend of moving from commu-
nications handling the conventional logical information
to communications handling kansei information is simi-
lar to a journey resulting in spiritual enlightenment in
trying to find the original self. In addition, it is stated
that the process resulting in spiritual enlightenment is

likely to extend in the wrong direction called the “cvil
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border” as time passes, and it is shown that this “evil
border” is appropriate in explaining why children who
are addicted to video games fail into a state of being un-
able to discriminated between “reality” and “virtual re-
ality” as time passcs.

Then it will be shown that both ideal communications
and imperfcct communications hava a clear distinction
with the conventional logical communications in the
sense of giving a feeling of immersion, but what distin-
guishes between the two is the existence or non-exist-
ence of interaction. Also it will be shown that active
type media, with which we can positively interact, and
that give a sense of immersion show the possibility of

achieving the ideal communications.

2. Kansei Communications
2.1 State of Kansei Communications

Conventional communication technologies had come
to consider that only logical information was sent and
received in human communications. Recently, however,
it has generally become clear that this way of thinking is
insufficient. Looking at our daily lives, the exchange of
sensations, emotions, and moreover, higher-level kansei
information with one’s partner plays the main role.

For example, the appearance of cellular telephones can
be said to have largely changed telephone communica-
tions. This fact has been clearly shown recently particu-
larly via the state of communications by young people
using cellular telephones. The characteristic of such com-
munications is not in the clarity of the messages these
young people want to send to the other side, but in the
point of continuing their evasive conversations with the
other side. In other words, messages with logical mear
ings are probably not transmitted, but kansei message.
are definitely transmitted.

However, there are a number of adults who frown at
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Fig.1 Communication Model

the appearance of young people having fun with long
conversations on cellular telephones on roads, in trains,
and so on. In addition, looking at the children that have
fun with video games, there is the danger of these chil-
dren being unable to discriminate the real world and the
virtual world, and some people return to video games as
the cause of recent crimes by such young people. Why
has such a thing emerged? It is possible to explain the
answer from the relationship of satori with communica-

tions.

2.2 Model of communications

First, an attempt is made to explain current conditions
from the viewpoint of communications. Figure 1 shows
a model of communications. This model of communica-
tions is composed of two layers, i.e., one layer to handle
logical information and one layer to handle kansei infor-
mation.

The conventional communication technologies had
primarily come to handle communications based on logic.
It cannot help but be said that this was insufficient. Origi-
nally, humans basically thought that they could handle
both logical communications and kansei communications.
However, the problem here was that people stuck to the
thinking that the layer performing logical communica-
tions at the surface was operating as the main layer, ver-
sus the operating of a layer performing the original logi-
cal communications and kansei communications insepa-
rably connected, and that the layer performing kansei
communications was rarely directly exposed to outside
information, thereby becoming an open condition.

Incidentally, it is conceivable that the progress of re-

cent media technologies has led to the following forms:
displayed images, large-volume sounds, and very realis-
tic computer graphics, which work directly to the kansei
communication layer. This has made it possible for the
kansei communication layer, which is rarely affected by
information directly outside, to become overloaded, and
to result in unusual responses at times. Isn’t it possible
that this has caused young people to commit crimes re-
cently?

3. Satori and Kansei Communications
3.1 Process to reach satori

In Zen, it has been explained that the cause of human
distress and worldly desires is that the original seif and
the self in real life are separated. It is possible to think
that the above-mentioned phenomenon can be explained
completely by the same point of view.

First, an cxplanation is given on the process to rcach
Buddhist satori. Famous pictures called “The Ten
Oxherding Pictures” (Fig. 2) exist that explain the pro-
cess to reach satori in Zen Buddhism. These pictures
are utilized in the explanation.

(1) Searching for the Ox

In this picture, the ox can be considered to symbolize
one’s original self that was lost sight of. The picture
shows the state of determination (by the person) of at-
tempting to rediscover, by some trigger, the original self
that was lost sight of, after being involved in a variety of
daily complex chores.

(2) Seeing the Traces

This picture symbolizes that, through various types of
disciplinary training, it is possible to interpret one’s origi-
nal self that was lost sight of when some clue is obtained.
(3) Seeing the Ox

This picture symbolizes the state of finding one’s origi-
nal self, after various types of training and trial and er-
ror.

(4) Catching the Ox

This picture shows the state of attempting to catch the
discovered ox. This picture symbolizes that it is quite
difficult to accept what one thinks is one’s discovered
original self into one’s actual self.

(5) Herding the Ox

It shows the state in which satori is finally obtained

after a long period of disciplinary training. However,

the picture shows a high possibility that the satori seem-
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(1) Searching
for the Ox

(6) Coming Home

(5)‘Herdmg the Ox on the Ox's Back

(9) Returning to the
Origin, Back to the
Source

(10) Entering the
City with Bliss-
bestowing Hands

(3) Seeing the Ox

(4) Catching the Ox

(7) The Ox

) (8) The Ox and the
Forgotten Leaving Man Both Gone out
the Man Alone

of Sight

Fig. 2 The Ten Oxherding Pictures (by Keiko Nakao)

ingly obtained is still a “small” satori, i.e., in a step along
the way towards true satori.
(6) Coming Home on the Ox’s Back

This picture shows the state of riding on the back of
the ox, after taming the ox, and returning home. Accord-
ingly, it shows the state in which one completely finds
one’s original self, that is, the state in which one obtains

true satori.

3.2 Consciousness and sub-consciousness

Let us explain the relation between original self and
the self in real life from a viewpoint of human conscious-
ness and sub-consciousness. Figure 3 shows a modeling
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of the relationship of human consciousness and sub-con-
sciousness. It can be considered that the human sub-
consciousness is typically hidden under the activities of
the human consciousness, at the base of the control of
the human consciousness. Satori can be considered to
be a process to cut off conscious behaviors and subcon-
scious behaviors from the relationship of oppression and
non-oppression, and to create conditions enabling both
sides to be unified.

In Zen, a representative of the disciplinary training for
reaching satori is Zen Meditation. Zen Meditation in-
volves making the inside of the heart empty by sitting in
silence and minimizing the exchange of information with
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Fig. 3 Consciousness and Sub-consciousness

the outside. This can be thought to be a process to sup-
press the behaviors of the conscious layer and to liven
the behaviors of the subconscious layer. In this way, an
attempt is made to integrate the behaviors of the con-
scious layer and the subconscious layer by suppressing
the consciousness and magnifying the sub-consciousness.
This condition is the so-called true satori.

However, this process has the possibility of moving to
a dangerous state as time elapses. The human subcon-
sciousness is generally placed under the control of the
human consciousness, i.e., placed in the suppressed state.
Be+anse of this, suppressed desires and urges sometimes
spout in the step in which the human consciousness is
suppressed and the behaviors of the human subconscious-
ness become animated. Because suppressed desires and
urges can come to appear on the surface, they can appear
as images taking such forms as demons or the evil one,
like dreams, and can sometimes appear taking such forms
as temptation by lust. In any case, this is not true safori
but a step along the way to satori. Zen calls this the “evil
border”, and strongly rebukes this so that it is not con-
fused with satori.

As can be understood from the above explanation, most
of the conditions able to be achieved by communication
technologies involve not true satori, but the “evil bor-
der”. It can be seen that people who notice this intu-
itively are emphasizing the dangers new types of media
(e.g., cellular telephones, video games, etc.) possess as
well as the negative side, and are spreading this through

the mass media. This itself is not wrong, but if we try

changing this one-sided viewpoint, then we can believe
that new types of media and communication media are
readying the possibility to lead people to satori, and it
will gencrally not be necessary to criticize new types of

media.

4. Toward the Realization of Ideal Communications
4.1 Active immersion

When replacing the above discussion with the word of
“communications”, it is possible to say that the integra-
tion of logic communications and kansei communications
is the ideal communications that is not biased towards
logic, and is not biased towards kansei as well. In this
section, it will be discussed what type of scnsation people
have through this ideal communications and how we can
achieve the ideal communications.

Through the integration of logic communication and
kansei communication, it can be said that we would have
integrated experiences. Probably this integrated experi-
ences resemble the experiences in art creation such as
the creation of drama, performance, and sculpture. The
typical feeling they have during this experience is fasci-
nation and uplifting. There are probably various kinds
of fascination and uplifting, but here the word “immer-
sion” is used as a general term for these. In an inte-
grated experience, many types of things that are felt give
the sensation of uplifting and fascination, but can any
such sensation be useful in achicving the ideal commu-
nications we discussed above? Here, we think it is im-
portant to make a key distinction. By carefully investi-
gating immersive situations, we find that we can classify
them into “passive immersion” and “active immersion.”

Does not the level of consciousness differ between the
two types of immersion, although there is no difference
between becoming absorbed in passive immersion and
in active immersion? Is there not a big difference in the
condition of fascination between active immersion and
passive immersion? The condition where one forgets
oneself or the condition where one loses consciousness
(fascination, hypnosis, trance).becomes a key factor that
explains the feeling of passive immersion.

Active immersion, in contrast, is the condition whereby
one’s consciousness is maintained in a normal manner
while that person becomes absorbed. Conditions of im-
mersion while clearly maintaining consciousness include

doing work with concentration and immersion in the act



of creating art. Even in the case of sports, such condi-
tions are experienced.

When such passive immersion or active immersion pays
atlention to the processes that take place, an interesting

he existence or non-exisicnce

fact becomes clcar. |}
of intcraction. We feel passive immersion when we are
only receiving information, such as when we waich mov-
ics. In other words, there is a tack of interaction here. In
contrast, active immersion differs from the point of work-
ing on the object, such as creating art and participating
in sports. In other words, interaction exists with active
immersion. Consequently. the cxistence or non-exist-
ence of interaction is the key that distinguishes passive
immersion and active immersion. From the above dis-
cussion, it is clear that “active immersion” and “passive
immersion” correspond to ideal communication and im-

perfect communication respectively.

4.2 Route to satori communications

From the above explanation, it is possible to provide a
number of routes to reach satori. It is natural to think
that satori in so-called Zen is attained by disciplinary
training centered on Zen Meditation. In contrast, the key
point with our ideal communications, as explained above,
is the existence of interaction with a sense of immersion.
Media giving a sense of immersion had already existed
in the past, such as movies and novels. By adding some
functions, i.e., having people interact with the powers of
movies and novels, and having people that are enjoying
media simultancously become senders, and having send-

Zazen (Meditation)

Multimedia Technologies

(N Y |

Fig. 4 Approaches toward SATORI

crs and reccivers carry out communications from the same
standpeints, there is a high possibility that the conven-
tional entertainment, amusement, and communication
media will become integrated, and proceed to higher-
degree communication media. Such new media can be
considered to exceed kansei communications, and to give
a feeling of an integrated experience of interaction with
a sense of immersion. [n the world of communications,
is it not possible to rephrase this as satori being achieved
(Fig. 4)?

3. Conclusion

In this paper, it was discussed that the interactive me-
dia has the possibility of achicving high level of commu-
nications that can correspond to satori. Satoriis a con-
dition in which peace of the heart is achieved. However,
there are also viewpoints that satori is something that is
achicved only when we are isolated from general life,
and that it has no relationship with our usual way of life,
that is, interactive media relate only to a special part of
human life, i.e., to the domains of entertainment and
amusement, and do not contribute to practical parts.
Responding to this argument, the author wants to point
out that the latter part of “The Ten Oxherding Pictures,”
Fig. 2 (7) - (10), clarifies that there is a process to return
once again to real life at the point of satori The detailed

discussion on this issue will be donc elsewhere.
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abstract

ATR Media Integration and Communications Research Laboratories has developed a humanoid-type
robot that can work in our daily life and naturally fit into human society. This robot will be a platform
for developing various types of service robots, such as cleaning robots, patrol robots, and entertainment

robots, based on a rich communications ability.

1 Introduction

A new type of robot has been developed and appears
to work in living spaces of humans. This new robot,
named Robovie, is different from the ordinary robots
working at factories. In particular, Robovie requires
skills for daily communications with humans when par-
ticipating in human society. It was developed as an
everyday robot to investigate the necessary functions
for communications. This paper describes some prob-
lems of communications between a human and a robot
through an explanation of Robovie.

For a robot to participate in human society, it has
to be able to communicate with people naturally while
carrying out its tasks. In other words, the robot must
not only obey commands from users but must also gen-
erate requests to ask people to solve problems it cannot
deal with by itself. Such bidirectional communications
is vital if the robot is to succeed in human society and to
play some role. To date, however, no one has proposed a
method of communications between humans and robots
in terms of robot participation in human society.

An ordinary robot has the following features.

e Master-slave relationship where a person gives the
robot commands and the robot obeys them.

e Code model communications where each command
used between the person and the robot has a static
meaning.

e Task oriented design where the robot’s behaviors
are designed only to carry out given tasks.

In short, the robot is designed as a tool and commu-
nicates with people as a tool. For example, a cleaner
robot is designed with behaviors and commands only
for cleaning somewhere.

From another perspective, the design theory in terms
of tool robots is insufficient for developing new types
of robots capable of performing activities in the living
spaces of humans; it does not consider that a person
might be requested by a robot to do something. Almost

all people might be unaware of the robot’s requests as
defined by its programmer when they run into the robot
for the first time by accident. In short, to work in the
living spaces of humans, the robot must have an ability
to communicate independent of the ordinary command
set. Moreover, the robot must be able to vary its role
in human society because the robot may encounter an
event not related to a given task.

According to above discussion, this paper proposes
an everyday robot named “Robovie.” The problem of
master slave relationship, code model communication,
or task oriented design comes from the lack of a relation-
ship between a human and a robot. Robovie achieves a
new type of human-robot communications by develop-
ing a relationship with a person via physical interaction.
Robovie has the following features.

e Peer: Robovie achieves bidirectional communica-
tions with a person by developing a relationship
with him/ her dynamically.

e Mutual mind-reading: The person and Robovie
can communicate with each other by inferring the
other’s communicative intention based on the rela-
tionship developed between them.

e Everyday behaviors: Robovie can perform every-
day activities (autonomous battery charging func-
tion and autonomous behaviors) for basic interac-
tion in human society.

The remainder of this paper is organized as follows.
Section 2 describes a crucial element for human-robot
interaction in human society. Section 3 describes the
mechanisms of Robovie and explains the communica-
tions process between a person and Robovie. Section 4
concludes the paper with a summary.

2 Requests from a robot

Bidirectional communications between a person and a
robot is an important function if the robot is to partic-
ipate in human society. In the development of Robovie,
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Figure 1: The migration of a relationship according to
the migration of a CG character.

we conducted a psychological experiment [OI00] where
the robot requested experimental subjects to perform a
task. Before explaining the details of the experiment,
we describe the resuits. The results indicated that the
relationship between the subjects and the robot was
a crucial factor in determining whether the subjects
would obey the request from the robot. The rest of
this section gives a brief explanation about the experi-
ment. In the experiment, an autonomous mobile robot
requested the subjects to perform a task upon appear-
ing in front of them suddenly (Fig. 2). The request
message was “Please move the trash can!” The mes-
sage was generated with a speech synthesis system.

The experiment investigated effects of the relation-
ship between the subjects and the robot on the request
from the robot. We employed the migration of a CG
character to develop the relationship between the sub-
jects and the robot. The display of a mobile PC (upper
left side of Fig. 1) showed the CG character. In addi-
tion, the robot (lower right side of Fig. 1) could also
display the CG character. In the first step of the exper-
iment, the subjects interacted with the CG character
on the mobile PC. In this step, the subjects came to
form a relationship with the CG character. In the next
step, the CG character disappeared from the display
of the mobile PC and appeared on the display of the
robot. According to the migration of the CG character,
we gave the subjects a relationship with the robot.

Figures 2 and 3 show results of the experiment. The
subject in Fig. 2 was given a relationship with the robot
according to the migration of the CG character. As a
result of the migration, he obeyed the request from the
robot naturally and moved the trash can. The subject
in Fig. 3 was not given a relationship with the robot
because her CG character did not migrate to the robot’s
display. As a result, without the migration, she ignored
the request from the robot appearing suddenly in front
of her.

These results suggest that forming a relationship be-
tween a person and a robot is crucial for the robot to
request the person to do something.

Figure 2: Subject who could understand the request
from the robot.

Figure 3: Subject who could not understand the request
from the robot.

3 Robovie

Robovie was developed to investigate human-robot in-
teraction in terms of the development of a relationship.
The upper part of Robovie consists of one head and
two arms like a human body, and Robovie develops a
relationship with a person by physical representation.
The lower part of Robovie is a mobile base with two
wheels and one caster. Figure 4 shows an overview of
Robovie. The arms of Robovie have four degrees of free-
dom enabling the hands to move like human hands. In
addition, since the points fixed on the arms bend to-
wards the front of Robovie, it is easy for the arms to
reach the front part of Robovie. According to the mov-
able range of the arms, Robovie can generate gestures
more naturally. In addition, the head has three degrees
of freedom to move like a human head.

Table 1 shows Robovie’s other specifications.

Robovie moves around and avoids obstacles with ul-
trasonic distance sensors. In addition, it can notice
when a person touches it with its skin sensors. It
has two cameras in its head to find a battery station
with stereo vision in most cases. The back of Robovie
has an omni-directional vision sensor, which captures a
panoramic scene (around Robovie) via one shot. The
omni-directional vision sensor is mostly used by Robovie
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Figure 4: Everyday Robot “Robovie”

to find its location by comparing the captured current
image with previously captured images. In addition,
Robovie has a speech synthesis system and a recognition
system to communicate with people via vocal messages.

3.1 Communications based on a re-
lationship between a human and
robot

Robovie achieves communications based on the forma-
tion of a relationship with a person with the above hard-
ware. The crucial methodology for developing the rela-
tionship is physical representation.

The most important factor for the development of the
relationship is the behavior of gaze. In particular, the
most important factor in the behavior of gaze is cye-
contact between the person and Robovie to develop a
relationship (the first picture in Fig. 5). Robovie also
employs gaze for another communication function. The
functicn is called attention manifestation and it man-
ifests the direction where Robovie pays attention to.
The second picture in Fig. 5 shows Robovie manifests
the direction of attention towards the box.

Robovie can request a person to perform a task such
as “Please move this box!” by eye-contact with the per-
son and attention manifestation towards the box (the
third picture in Fig. 5).

In addition, Robovie has an autonomous battery
charging function. This function was implemented to
allow us to investigate a process in which Robovie can
acquire a role in human society dynamically. In short,
Robovie can find a battery station and charge its bat-
tery automatically when the voltage level becomes low.
Since Robovie is designed to work in the living spaces
of humans without the aid of humans, it has its own
life-cycle. As a result of this life-cycle, we can promote
research that investigates the communication functions

Gaze manifestation toward the person.

The person move the box in response to the physical
representation and vocal request.

Figure 5: Communication with gaze behavior

necessary for dynaimical role changes.

4 Conclusion

This paper described an everyday robot named
Robovie. Before developing Robovie, we conducted a
psychological experiment to acquire knowledge on the
interaction between a person and a robot. Our experi-
ment suggested that verbal interaction alone was insuf-
ficient for bidirectional human-robot communications.
The important factor for achieving such communica-
tions is the development of a relationship between the
person and the robot. As a result, we gave Robovie a
physical representation function to develop a relation-
ship with people. At present, interaction with Robovie
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Table 1: Specifications of Robovie

Size: H 114cmxW 52cmxD 50cm
Weight: 39kg
Max movable speed: 1.6 m/sec
Max arm speed: 200 degrees/scc
Battery specification: DC12V 21Ah
Movable time: 3.5 hours
Movable base specification: 2 wheels (drive), one caster
Minimum height from ground: 3cm
Cameras : Sony EVI-G20x2
Ultra sonic distance sensors: 24 pieces
Omni-directional vision sensor: 1 piece
Hand sensors: Switch typex2 pieces
Skin sensors: Touch sensorx 16 pieces
Arm motors: Harmonic drive DC motor x8 pieces
Head motors: Harmonic drive DC motor X3 pieces
Computer: K-6-11 400MHz
HDD 6GB

SDRAM 128MB
Video capture board
Communication: Wireless LAN

is being evaluated at several exhibitions, for example,
ROBODEX 2000 (Fig. 6).

Web site:
http://www.mic.atr.co.jp/ michita/everyday/
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Figure 6: Exhibition at ROBODEX2000
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Abstract

A new integration method is presented to recognize the
emotional expressions. We attempled to use both voices and
facial expressions.  For voices, we use such prosodic
parameters as pitch signals, energy, and their denivatives, which
are trained by Hidden Markov Model (HMM) for recognition.
For facial expressions, we use feature parameters from thermal
images in addition to visible images, which are trained by
neural networks (NN) for recognition. The thermal images
are observed by infrared ray which is not influenced by lighting
conditions. The total recognition rates show better
performance than each performance rate obtained from isolated
experiment. The results are compared with the recognition by
human questionnaire.

Key words : Emotional Pattern Recognition, Emotional Speech,
Prosody, Facial Expression, Thermal Image

1. Introeduction

It is useful and perhaps necessary to introduce a bit of
emotional taste into the course of communications between
human and robots. Our future society will be more enjoyable if
a robot understands the emotional state of a user. Not only
human beings but also some of animals express their own
emotions through voices, face expressions and body gesture in
total. Therefore, it is one of the important subjects for the
ultimate goal to human like robot to use those kinds of
nonverbal communication methods in combination, although
there have been many attempts to recognize those nonverbal
characteristics separately.

In the present paper, we attempt to perform a new method
modeling the emotional features and recognizing emotional
states. We present an integration method of human speech as
well as visible and thermal facial expressions, aiming total
understanding of the human mental states.

The recognition by thermal images is, among others, stressed
in the present study. The thermal facial expressions obtained by
infrared ray are not influenced by lighting condition in a room,
while the face images by visible ray change very much
depending on the surrounding circumstance.

2. Emotional Feature Extraction

For recognizing emotional states in both voices and facial
expressions, we need to extract emotional feature parameters
from them. We first analyze voices which contain emotional
information including four kinds of feature parameters. As

well as emotional feature extraction from voice, we also extract
useful feature parameters from facial expressions of both
visible and thermal images.

2.1. Emotional Feature Extraction from
Voice

The prosody[1,2] is known as an indicator of the acoustic
characteristics of vocal emotions. In our experiments, we
used four kinds of prosodic parameters, which consist of
fundamental pitch signal (FO), energy, and each derivative
clements. The pitch signals in the voiced regions were
smoothed by a spline interpolation. In order to consider the
effect of a speaking rate, furthermore, we also used a discrete
duration information when training Hidden Markov Models
(HMM).

We analyze the feature parameters from the speech
waveform shown in Figure 1, considering only the voiced
regions as data points.  All speech samples were labeled at the
syllable level (/Ta/ and /Ro/) by manual segmentation in order
to train each HMM using separated feature parameters. Taro is
one of the most popular male name in Japan like John in
English, which does not have any specific emotional meaning
in itself. Figure 2 and 3 show the pitch and energy signals
extracted from each emotional speech of /taro/ spoken by a
female announcer, respectively. In the figures, we can see that
the feature signal of an emotion, anger, is the highest among all
signals in each graph.

@4

20,0k

10,0k

0.0

10k ]
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Figure 1. Speech wavetorm labeled by two parts /ta/ and /ro/.
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Figure 3. Energy signals in each emotional state.

2.2. Emotional Feature Extraction from Visible
and Thermal Image of Face

Many studies have been performed to tackle the issues of
understanding mental states of human through facial
expressions, using ordinary visible camera. However, those
trials still seem to be tough jobs since there is a only slight
difference among various facial expressions in terms of
characteristic features for the gray level distribution of input
image using visible ray (VR).  Thus, we have attempted to
apply thermal distribution 1images to facial expression
recognition[3,4] using an infrared ray (IR). Figure 4
illustrates the examples of female face images by VR and IR.
VR image has the shortcoming that the accuracy of facial
expression recognition is greatly influenced by a lighting
condition including variation of shadow, reflection, and
darkness. However, it is perfectly overcome by exploiting IR.

When a face image is given into recognizer, it is necessary
for better recognition performance to decide when to extract
face images in accordance with voiced parts and where to take
IR or VR images in the face part of the subject. We take three
timing positions to extract face images, shown in Figure 1 as
dotted lines where the first one is just before the beginning of
the voice, the second and third ones are the maximum voice

parts of  /ta/ and /ro/, respectively. Figure 5 and 6 show an
extraction of face-parts areas which consist of three areas in the
VR image and six areas in the IR image, respectively.

(b)

Figurc  ‘xamples of face images of VR(a) and IR(b)
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Figure S. Extracting face-parts areas in the VR image.
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Figure 6. Extracting face-parts areas in the IR image.

In the next step, we generate differential images between the
averaged neutral face image and the test face image in the
extracted face-parts areas to perform a discrete cosine
transformation (DCT). Figure 7 illustrates the procedure of
recognizing the emotional state expressed in voice and face
images.
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3. Recognition of emotion

In case of processing the emotional voice, the speech is
sampled in the experimental conditions illustrated in Table 1
for pre-processing of emotional voice recognition, from which
four dimensional emotional features are extracted.

We then train the discrete duration continuous Hidden
Makov Models (DDCHMM) by using these features with three
states, using label information, and run recognition tests

Sampling rate 16Khz . 16 Bit

Pre-emphasis 0.97
Window 16 msec. Hamming window
Frame period 5ms

pitch signal (FO). energy.
delta pitch. delta energy.
discrete duration information

Feature parameters

Table 1. Analysis of speech signal

In case of processing the facial images. on the other hand.
63 and 45 bits of feature parameters are used as mput data for
neural network (NN) with three layers for IR and VR facial
expressions, respectively.  The unit number of hidden layer is
decided experimentally for improving the recognition accuracy
tor facial expression. The unit number of output layer is the
number of facial expressions which should be recognized.

Figure 7 shows the overall procedure of recognizing
emotional states using integration method of three different
recognition results. The integration of three separate
recognition accuracies is performed by following equation

S, =25,
J =

where X, ; is an output value (1 or 0) for an emotional state 1

(H

using a method j. Therefore, recognition results are chosen

when the .S . is maximum. However, the only output value

from the method with voice is accepted in case that the
recognition results from 1solated methods scatter. Moreover, the
output from the method with image is not accepted when the
output intensity of its neural network is less than 0.5.

4. Experimental Results

We first examine a human performance on three different
types of questionnaire. Next, we examine how effective our
integration of three kinds of recognition methods is, when we
compare the simulation performance results with human
performance ones.

4.1. Database

The samples consisted of semantically neutral utterance,
Japanese name ‘Taro’, spoken and acted by an announcer. We
capture voices and images simulating five emotional states
such as neutral, anger, happiness, sadness, and surprise. We
have simultaneously recorded voices and image sequences
containing emotional states. We assembled 20 samples per
each emotional expression as training data and 10 as test data.

VR IR
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Figure 7. Procedure of recognizing the emotional state
expressed in voices and face images.

4.2. Questionnaire Results

The emotional states of speech, image samples, and both of
them are estimated subjectively bv total 21 students who
consist of 17 male and 4 female students. Table 2 shows the
three kinds of human performance results we obtained. As
shown in this table. the average recognition rates for five
emotional states are 94.2%, 99.0%, and 99 7%, when using
emotional voices, facial expressions, and both of them,
respectivelv. From these human performances, we could see
that our data were included relatively correct emotional states
and that the questionnaire result integrating both emotional
voices and images gave better performance than those
separately obtained from voices or images.

4.3. Simulation Results

We next performed recognition of mental states over the
same test data used in the questionnaire test, by integrating
voices and facial expressions. Table 3 shows the recognition
accuracies for each emotional state in case of emotional voices,
VR and IR facial expressions, and total recognition accuracies
using the integration method of the three difterent recognition
results, respectively.
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Input emotion
Ang. |Hap. |[Neu. |Sad Sur.

Ang. 96.7 05 1 1 1

Hap. 1.4] 96.2 1 1.8 4.8
Out - |Neu. 0.5] 95.2 0.5 3.3
put Sad 04 0.5 05 96.2 2.8

Sur. 0.5 0.5 0.5] 86.7

No

ans. 1.4 1.8 1.8 1.4

(a) Human pertformance on emotional voices

Input emotion

Ang. |Hap. |[Neu. |Sad Sur.

Ang. 98.1 1 0.5
Hap. 05§ 96.2 0.5

Out—- |Neu. 99.5

put Sad 100 1
Sur. 98.5
No
ans. 1.4

(b) Human performance on facial expressions

Input emotion
Ang. |Hap. |[Neu. |Sad Sur.
Ang. 99.5
Hap. 100
Out- |Neu. 99.5
put Sad 995
Sur. 0.5 100
No
ans. 0.5
(c) Human performance on both emotional voices and images

Table 2. Human performance on each emotional state

As shown in the Table 3, the average recognition rates for
five emotional states are 90% 66%, and 56%, when using
emotional voices, VR and IR facial expressions, respectively.
In both cases of VR and IR facial expressions, the failure of
recognition of emotion was mainly due to the difficulty to
extract face-parts correctly because the subject changed her
face-orientation. Overall results are shown in table 3(d) and
the total recognition rates amount to 92% among five emotions.

5. Conclusion

This paper has described the new integration approach of
recognizing human emotional states contained in voices and
facial expressions. The emotional parameters were trained
and recognized by HMM and NN for voices and images,
respectively.  The recognition results show that the integration
method of recognizing emotional states in voices and images
gives better performance than each isolated method in spite of
the lower recognition rates compared to questionnaire
counterpart.

Input emotion
Ang. |Hap. |Neu. |Sad Sur.
Ang. 100
Hap. 90
Out- [Neu. 100
put Sad 90 30
Sur. 10 10 70

(a) Recognition accuracy for emotional voices

Input emotion

Ang. |Hap. |[Neu. |Sad |Sur.
Ang. 50 20 10 10
Hap. 10 70 20 10
Out- |Neu. 10 90 20
put Sad 10 40§ -
Sur. 30 20 80

(b) Recognition accuracy for VR facial expressions

Input emotion

Ang. |Hap. |Neu. |Sad |Sur.
Ang. 0
Hap. 90 20 10 20
Out- [Neu. 80 50
put Sad 70 10 90 10
Sur. 30 20

(¢) Recognition accuracy for IR tacial expressions

Input emotion

Ang. |Hap. |Neu. |Sad |Sur.
Ang. 100
Hap. 100 10
Out- |Neu. 100
put Sad 80 20
Sur. 10 80

(d) Total recognition accuracies using integration method

Table 3. Recognition accuracies for each emotional state
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Abstract

Fish schools behave like a single organism and these
aggregate movements offer a considerable survival ad-
vantage. We simulate fish school movements swim-
ming in a water tank with behavior models added rules
of actions in wall neighborhood. And we compare the
characteristics of simulated movements with real fish
school movements. The results of comparison through
fractal analyses are that movements can be quanti-
fied as characteristic fractal dimension according to
its posture, such as guards against predators’ attacks.
And we show the validity of fractal analyses in the eval-
uation of fish school movements.

1 Introduction

We can watch many species of animals forming
groups, such as flocks of pigeons, herds of cattle, and
schools of fish. A fish school in union behaves like
one body as if it has the intelligence for the entire
movement[1]. However, there is not a consistent leader
in many kinds of fishes. Some studies with computer
simulations about the emergence of fish school move-
ments have showed that continuations of mutual in-
teractions among individuals develop the autonomous
behavior of a fish school.

In the precedence study, we grasped the characteris-
tics of the complex fish school movements by the frac-
tal analyses with the time-series trail data[2]. And
we quantified complexities of fish school movements,
which are corresponding to the time coarsened levels
as Fractal Dimension. Although the behavior model
of a fish is based on the observation of real fish school
movements, it is worth to examine the Fractal Dimen-
sions in both of movements on a computer and real
movements. In this paper, we quantify fish school
movements seen in video-recorded pictures as Fractal
Dimension, and we compare with the fractal dimen-
sion of simulated fish school movements with consid-
ering the boundary conditions of a square water tank.

2 Behavior Model and Boundary Con-
ditions

2.1 Behavior Model of a Fish

The schooling of fish has been observed and inves-
tigated in various approaches to understand the rules
of forming groups and maintaining groups. These re-
searches revealed that each fish perceive surroundings
by both of eyes and lateral lines. It is known that vi-
sual angle of fish eyes is often larger than 300° and lat-
eral lines detect water currents, vibrations, and pres-
sure changes. It is the fact of great interest that fish
school movements emerge by only individual interac-
tions with perceiving neighbors. In other words, fish
school does not need the special fish to lead the entire
movements.

N

S jdead angle area.
/

Fig. 1: Rages of the basic behavior patterns

Aoki suggested the behavior models for a fish, which
emerge autonomous school movements. Fig.1 shows
the geometrical drawing to illustrate parameters spec-
ifying interactions in Aoki’s models. There are four
styles of reactions, repulsion, parallel orientation, at-
traction and searching, according to different possible
positions of neighbor’s:[3]. A direction of the black
fish(i) located in the center in Fig.1 will be determined
by the distance r to the perceived white fish(j) as fol-
lows,

i) repulsion (r < rq):

[If the neighbor fish(j) is too close, the fish tries
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to avoid a collision.],
ii) parallel orientation (r1 £ 7 < rq):
[If the neighbor fish(j) is in a certain parallel
orientation area, the fish swims in the same
direction as its neighbor.],
iil) attraction (ry £ 7 < r3):
[If the neighbor fish(j) is too far away, the fish
swims in the direction of its neighbor.],
iv) searching (r > r3 or dead angle area):
[If the fish cannot perceive its neighbor,
the fish begins to search for a neighbor fish
with turning around by chance.].
In each action i)~iv) at time ¢, the fish(j) turns by
the angle 3;(¢) as follows,
i) repulsion (r < r):
Bi(t) = min{ L (v:(8), v;(£)) £ 90°},
ii) paraliel orientation (r; <1 < ra):
Bi(t) = £l 5, 0)
iii) attraction (ry =7 <r3):
Bi(t) = £(0i(8),p56) — palD),
iv) searching (r > r3 or dead angle area):
Bi(t) =0,
where £(d@,b) denotes an angle between two vector @
and b, min{a £ b} denotes a smaller angle(a + b or
a—1b), and p; denotes a coordinate of the fish(j). The
turn, B;(t), results that the new direction «(t+ At) of
fish(7) is

alt+ At) = alt) +7;8(t) + V200, (1)

where the term of ﬁﬂo is a fluctuation in determin-
ing a new direction, fy follows a Gamma, distribution
N(0,1). 7;; is the constant which adjusts the degree
of turning angle. The neighbor fish(j) among N fishes
which will be selected with the inverse proportion to
the distance. 7, and the nearer fish will be perceived
as the fish(j). A new velocity of a fish, v;, is deter-
mined independent of other fishes to simplify the mod-
els. The velocity v; of every fish is computed by chance
with Gamma distribution, which based on observation
of fish behaviors.

v; = chance(p(v))
AK K-1
po) = Fr - eap(—Av) v 2)

where v is velocity, K and A are constant parameters,
v>0,K>0,4>0,T'(K)is a Gamma function, and
if K is an integer, I'(K) = (K — 1)L

We run this model based on Aoki’s model which
has the biological concept through the analysis of in-
ternal organization and communication process in fish
schools.

2.2 Boundary Conditions Swimming
in a Water Tank

Generally, it is so hard to grasp precisely all individ-
ual’s behavior under the natural conditions, because

animals move vary widely. As the next best, we eval-
uate the fish school movements swimming in a water
tank. For comparisons between movements simulated
on a computer and real fish school movements swim-
ming in a water tank, actions of near walls [v), vi)] are
added to actions 1) ~ iv). The direction of fish(z) are
changed to avoid a collision against walls. The turning
angle of §; of fish(z) is determined by the distance to
a wall r,, as follows,
v) avoid a collision against walls (r,, < rg):
[If a perceived wall is too close, a fish swims
along a wall to avoid a collision]
,81' = min{i(a,;(t),@l), &(ai(t), 02)} s
vi) avoid a collision against corners (r,, < ¢ and
Twb < 1”0)
[If a perceived corner is too close, a fish turns

to swim along one of two walls]

B = min{d(a;(t),0,), L(a:(t),0s)} ,
where rg is the distance between walls to an inner rect-
angle shown as the dotted line in Fig.2, r,, is the dis-
tance between the fish(7) and wall, r,, and r,,, denotes
the distance to two walls respectively when fish(i) is
in a corner, £(a,6) denotes an angle between « and 6,
min{a, b} denotes a smaller angle(a or b). In selecting
one of actions i) ~ vi), actions against another fish i)
~ iv ) are given priority to actions against wall v), vi).
And action vi) is given priority to action v).

6. 6, 6, 6,
9 J—— — J—— I pea——
b ‘ A= RN 0 ‘ 8
o (a) N
- — W
@ a, (1+4A1)
al
9a? SV‘U ’01 1 6,
6, 6,
W,

Fig. 2: Boundary Conditions in a Water Tank

3 Simulation of Fish School Move-
ments in a Water Tank

3.1 Coarsened trail patterns

In this paper, we fixed the model with r; = 0.5BL,
re = 2.0BL, r3 = 5.0BL, w = 30°(Fig.1), 7:; = 0.3,
and 7o = 0.5BL(= r1). And only when action v) or
vi) occurs, the new direction a(t + At) of fish (3) is
determined with «;; = 1.0 and 8y = 0.0. The rectan-
gular water tank is 25BL long (W,) and 32BL wide
(W,)-

It assumed that each of individuals almost draws
the same locus in the polarized schools, except for the



period when it needs to the self-organization immedi-
ately after a simulation start. It can be said that the
evaluation to the behavior of one tail results the anal-
ysis of a school movements. In this paper, we examine
the trail pattern of a fish as the complicated fish school
movements.

100 100

-100 ~100]
1=500 ~ 1000 (k=10) 1=500 ~ 5500 ( k=100)
. L
-100 0 100 ~100 0 100
(a) (0)

Fig. 3: The coarsened trail pattern of a fish school
(N=100). (with 50 lines). (a):t=500 ~ 1000 (k=10),
(b):t=500 ~ 5500 (k=100)

Let us gaze visually simulated fish school move-
ments with some different time-intervals. In Fig.3, the
fish school movements(N=100) are caught by links of
time-series two-dimensional coordinates. In Fig.3(a),
position coordinates are linked with every 10 simula-
tion steps. We call Fig.3(a) the coarsened trail pattern
with the coarsened level of k = 10. And Fig.3(b) can
be said the coarsened trail pattern with the coarsened
level of k = 100. On analyses the same pattern, in
general, we see less number of lines in more coarsen-
ing. Therefore we need to obtain each trail pattern
with same number of lines and in same area of a fig-
ure, so as not to be influenced by the number of lines
in evaluating complicated movements. Then trail pat-
terns in both of Fig.3(a) and Fig.3(b) consist of 50
lines. Fig.3 shows the complexities of a fish school
movement, corresponding to the level of coarsening.

3.2 Fractal Analyses

We would like to focus on quantitative evaluations
for the different complexities shown in Fig.3. Then,
we apply fractal geometry in understanding of com-
plex behavior. In this study, we obtain the fractal di-
mension which relates to the length of coarsened trail
patterns < L(k) > and the time interval k in mea-
suring length < L(k) >. Then, henceforth, we call
< L(k) > the coarsened length. The < L(k) > at the
level of coarsening k is defined as follows:

= - .
< L(k)> = E[Z \/(fﬁt+k — )" + (Yek — Yt)
t=1

T

: m], (3)

where z; and y; are the elements of the position coor-
dinate P(t) at time ¢. The whole is multiplied by 1/k,

because < L(k) > is found from k sets of time-series
with each the different starting point in computing.
T is the all time of the fish school simulation. And
the term of T/((T — k)k) normalize the difference of
number for subsets. If then < L(k) > is related to the
coarsening time,k, as

< L(k) >oc k7P, (4)

D is the exponent known as the fractal dimension. A
school movement in a two-dimensional area gives D in
range between 1.0 and 2.0.

Fig. 4: The fractal analyses for a simulated fish school
movement(N=100).

There are two fitted lines in Fig.4, one is fitted to
the gradual inclination plot group (1 £ k& £ 40) and
another is fitted to the urgent inclination plot group
(40 £ k £ 1000), calculated slopes of two line are
D, =1.06 and D, = 2.06 respectively. Dy and also D
are fractal dimensions obtained as the characteristic of
fish school movement.

4 Fish School Movements in Real Ob-
servation

Fig. 5: The pictures of video-recorded fish school
movements(N=100).(a):The ordinary fish school.
(b):The fish school perceiving predators.

We analyze the video-recorded fish schools consists
with about 100 sardines in a water tank. The average
of sardines’ body length is about 19.4[cm]. The water
tank is 5.0[m] long, 6.0[m] width, and 0.75[m] in depth.
Fig.5(a) shows the ordinary fish school. And Fig.5(b)
shows the highly polarized movements perceiving the
predators(young yellowtails).



4.1 Coarsened trail patterns

1=0~500 (k=10) 600 1=0~500( k=10)
600
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Fig. 6: The coarsened trail pattern of a real fish
school(N = 100).(k=10, with 50 lines). (a):The ordi-
nary fish school. (b):The fish school perceiving preda-
tors.
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Fig. 7: The coarsened trail pattern of a real fish
school(N = 100).(k=100, with 50 lines). (a):The ordi-
nary fish school. (b):The fish school perceiving preda-
tors.

We examine the video-recorded fish school move-
ments with coarsening and fractal analyses as to the
simulated fish school movements. In analyses of real
fish school movements, we grasped the fish school
movements by tracing a fish with operating a. mouse.
And we obtained the time-series position coordinates
every 0.5[s]. Namely, ¢t = 0 ~ 500 in Fig.6 means the
duration of 250[s] with 500 sampling steps. The de-
picted patterns with 50 lines (in Fig.6 and Fig.7) def-
initely show that the range of fish school movements
in a tank is influenced by a state of school. In a state
of perceiving predators, a fish school moves in a lim-
ited small area in comparison with movements of the
ordinary fish school. Fig.6 and Fig.7 also show that
the direction of fish school is changed largely and fre-
quently in a state of perceiving predators.

4.2 Fractal analyses

The result of the fractal analyses to the real fish
school shown in Figd ~ Fig.7 is presented as the
Fig.8. D(= 2.0) obtained with steep slopes in both of
Fig.8(a) and Fig.8(b) may account for the complicated
behavior by the repeated direction changes against
walls. These complexities are also found in fractal
analyses of simulated movements(Fig.4). On the other
hand, D; obtained with gradual slopes show the dif-
ferent complexities grasped in the coarsening of trail
patterns. Namely, the complicated movements caused

by large and frequent direction change are quantified
as the large Fractal Dimension Dy = 1.17 in compared
with Dy = 1.10 of the movement at the ordinary fish
school. It is possible to interpret that Fractal Dimen-
sion can grasp the degree of tension at some special
movements.

k
(a) (b)

Fig. 8  The fractal analyses for a real fish
school(N=100).(a):The ordinary fish school. (b):The
fish school perceiving predators.

5 Summary

As for the result of fractal analyses about the or-
dinary fish school movements in both of simulations
and real observation, Fractal Dimension D; obtained
with small value of k are almost in of one accord as
D; = 1.10. Tt can be said that fish school movements
swimming sufficiently inside of a tank on a computer
are similar in complexities to the real fish school move-
ments. However, it is supposed that Dy obtained with
large value of k show is influenced by fish movements
in the boundary area.

Moreover, the fish school in case of some special
postures will have different rules of actions against
wall. In this paper, fish school keeps long distance
to walls for the guard against the attack by preda-
tors. These drive us that we need to investigate the
boundary conditions in more detail and to improve
simulation models. And we expect that the reliability
of simulations is evaluated with Fractal Analyses.

We wish to thank Dr. I.Aoki for his valuable sug-
gestion about the observation of real fish school move-
ments.
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ABSTRACT

The two or three layered networks 2LNN, 3LNN which
originate from stereovision neural network are applied to
speech recognition. To accommodate sequential data
flow, we consider a window to which new acoustic data
enter and from which final neural activities are output.
Inside the window recurrent neural network develops
neural activity toward a stable point. The process is
called Winner-Take-All(WTA) with cooperation and
competition. The resulting neural activities clearly
showed recognition of a continuous speech of a word.
The string of phonemes obtained is compared with
reference words by using dynamical programming
method. The resulting recognition rate amounts to 96.7%
for 100 words spoken by 9 male speakers, which is
compared to 97.9% by hidden markov model (HMM)
with three states and single gaussian distribution. The
present results which are close to those of HMM seem
noticeable because the architecture of the neural network
is very simple and parameters in the neural net equations
are small numbered and always fixed.

1. INTRODUCTION

Since we recognize speech through neural network in the
brain, many works on this line have been conducted for
speech recognition. Though probabilistic acoustic models
represented by Hidden Markov Model (HMM) has been
widely used recognizers. it has been long standing go to
let machine enable human abilities of speech recognition
in the brain. Various kind of neural networks have been
proposed for speech recognition such as multilayer
perceptrons (MLP)[1,2], time delayed neural network
(TDNN)[3], hidden control neural network (HCMM)[4],
hybrid  system combining HMM and MLP
(HMM/MLP)[1] and fully recurrent neural network
(FRNN)[5,6], notable things are that these models use
more or less learning algorithms of back propagation of
error and need many parameters to be adjusted.

In the previous works, we employed a new approach to
the problem by applying stereo vision neural network to
hearing system[7,8,9,10,11]. The neural networks are
two or three layered (2LNN, 3LNN) and the parameters
in the equations are fixed and not changed at any time.
The learning processes are considered as that the feature
parameters characteristic of each phoneme are stored or

memorized in the brain in the form of probability density
functions. We consider recognition processes as that the
neural network equations employed from visual system
process the similarities between the characteristic
phonetic features stored in our memory and the input
acoustic data from our ears, eventually giving stable
neural activities. The resulting phoneme recognition rate
was fairly good. resulting 7-9% higher than HMM miodel.
In the present paper we are going to give an algorithins
for the continuous speech recognition. The major
problem in this case are how to introduce an algorithins
to the real time acoustic data flows and how to employ
the neural network to process the data flows. giving the
recognition of continuous speech.

2. APPLICATION OF NEURAL
NETWORK TO SPEECH RECOGNITION

The speech(phoneme) recognition system using sterco
vision neural net equations is divided into four main
processes;

(1) A number of training speech data are classified and
parameterized into sequences of feature vectors for each
phonemes. The feature vectors are used to form standard
Gaussian PDFs which are supposed to be memorized in
our brain for each phoneme.

(2) An input phonemes are referred to these memorized
phoneme data and a similarity measure is obtained by
comparing the input phoneme data with the memorized
PDF of each phoneme.

(3) Suppose that there is a neuron activity £¢

according to the similarity measure A* to a certain

phoneme /a/ at the frame number u.
(4) The stereo vision neural net equations are performed
to make an activity £ move toward a stable point

after the equations receive the similarity measure as an
input and a recognition results are achieved when it
reaches to a stable state.

The memorized standard acoustic models for each
phonemes are expressed in terms of Gaussian PDF for

input o.
1 1 -1
. _ 1 —3(0=ug) T (0=,)
N(oy g, 2,) =7—-¢ (M)

V@2r) 2]
where is a mean value and X is covariance
a a



matrix, of feature vectors for training data of a phoneme
/a/. The normalized similarity 2 of input data o, at

u-th frame to a certain phoneme /a/ is defined as
ﬂa __log N(o,;:p,.L,)-<log N> .

u <log N> 2)
where <logN> means an average over phonemes at the
same frame.

3. TWO LAYERED NEURAL NET
EQUATIONS

Since 3LNN has a similar property with 2LNN, we
discuss about 2LNN which is given as

&S (n) = =& () + fa)) 3
edl = -a+ Ax-BY g+ Y ey

a w'=n-11
f(x) is a well known as sigmoid function and g(u) is a
function given by

f(x)=(tanh(w(x —h))+1)/2 (5
gy =u" =W+ |uly/2 {6)
where A.B.D.w.h are positive constants which are to be
chosen appropriately .

Figure 1 shows three layered structure of the stereo
vision neural network.

O 5
e e o

008

///

FIGURE 1. Three layered neural network(2LNN)

To understand the qualitative feature of the equations
consider an equilibrium for a(c = 0). We obtain

T i) = ~E8 + flal) 7

u+l
af =AM -BY g @)+D Y g&i@) ®

a'za u'=u-1
Notice that the equations (7),(8) give the same solution as
(3).(4) if the stable solution is unique. And simulations
show this is the case. Equations (7) and (8) are understood

as that the similarity measures A are inputted into the

a layer and the outputted 's are fed to the ¢ layer.
In the & layer, it is noticed that large (small) « gives
large (small) ¢ due to the sigmoid function. The new
£'s thus obtained are again brought back into the a

layer and the same procedure is repeated. In the « layer
Winner-Take-All processes take place with competition
(the second term of (8)) and cooperation (the third term of
(8)). The typical dynamics is shown in figure 2 where
cooperation works in the neighboring frames for the same
phoneme, while competition does against other phonemes
at the same frame. The Winner-Take-All processes
accelerate the neuron activities toward stable points where
we will get a speech recognition.

phoneme

a  w

kompctitic;p
SE)

Frame

cecoperation

Excitatory coupling
-----« Inhibitatory coupling

FIGURE 2. Dynamical process of neural activities with
cooperation and competition

4. CONTINUOUS SPEECH
RECOGNITION

For continuous speech, it is considered that input data

A2 are fed to the neural network (3), (4) and the

activities « ., ¢ in the network develop their value
toward a stable point. We judge as that a phoneme /a/ is

recognized at a flame u if &, goes close to 1, while it is

not recognized if £ goes close to 0. In the present study,

we take equations (7),(8) to save calculation time.
Differential equations (7),(8) are described as a loop of N
steps in numerical calculation where time is divided by

discrete span  Ar Thus, ¢  develops as

E(1), E(t+ AD, -+ O E(1+ NAL) .

To treat data flow A sequentially, we consider that the

data enter into a window with L frames and the neural
network (7), (8) processes the L frame data for N steps.
Then, the data are passed one frame forward through the

window, where the initial values of & are set to zero

before entering to the window. The procedure is stated
more in detail as follows; When input data

Arry A ,...,A. are entered inside the window,
equations (7), (8) develop activities &(#) until it arrives
at o (t+NAt) for w'=uu+1,...,u+L-1. Then, new

— 63 —



data A, enter into the window from the left and the
old data A, get out from the window. At the same time
whole & arc replaced by &, . setting the initial
values of &, for the next N step loop calculations. At

this time we have new comers &,.; entering into the

window and the final ones <, outputted from the
window. We eventually judge if phoneme /a/ at u-th
frame is recognized or not according to whether the final
& outputted from the window is close to 1 or 0.
respectively. A sequence of the same processes continues
until whole input data go through the window completely

and whole values of final & are obtained.

5. EXPERIMENTAL RESULTS

We extracted a total 24 labeled phonemes from ATR
Japanese speech database composed of 4000 words
spoken by 10 male speakers and from ASJ speech
database of 500 sentences by 6 male speakers to make
Gaussian PDFs for each phoneme. For recognition test
which is independent. we take 100 words of the training
data. The experimental conditions are as follows

Sampling rate 16kHz, 16bit
Pre-emph asis 0.97
Window function  16ms Hamming window
Frame period Sms
Feature parameters  10-order MFCC
+10-order A MFCC
100 -5 - 7 e T
o N sl rn
0.80 I l N : | T
070 ! "l + —

E 06 - I__J_ -: B DS S . ,,,l,»l, _
050 AL } ] "l —
040 | 1'/ : t. '\

039 e : - -l +

020 } l\ | Hooi 2 |l\ .

00 , : o e - !

0.00 \ : AR - \
time

FIGURE 3. Best two of f are selected and plotted against
frame (time). Here parameters are set as window size

L=10, A t=0.01,N=100,A=3.0,B=3.0,D=0.5,w=2.0,h=1.0,11=6,

12=0, 7, =1

In figure 3 the tvpical result for a word pronounced /i/ /k/

fu/ /j/ /i/ is shown for the best two &, outputted from

the window. In the figure the best &
sequentially as /i/ /h/ /t/ /k/ /u/ [j/ /Y. 1t is noticed that /v/
has rather high values following to /i/. because /v/
resembles to /i/. /t/ and /t/ do not have correspondence in
the reference word and may be recognized as context
dependent effects between /v/ and /k.

are read

NG a bch d e f g h i 3 k m a ¢ p ssh tts u w y z
1 .0.2.0.1.0.0.4.0.0.2.0.8.9.0.0 0 .0.0.0.5.0.0.3
1 .0.0.2.2.0.0.9.0.0.2.0.0.1.0.3.0.0.0.0.1.8.0.0
1 .0.4.0.0.5.0.0.1.0.3.3.0.0.4.1.2.0.0.3.3.0.1

1 .0.0.0.0.2.1.0.4.0.0.0.1.0.2.4.2.2.0.0.0.0

1 .0.0.4.0.0.1.0.2.1.0.0.2.0.0.1.1.0.0.0.3

1 .0.0.1.2.0.0.0.0.0.0.3.0.0.0.0.2.0.5.0

1 .0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0

1 .0.0.3.0.3.3.0.0.49.0.0.0.0.2.0.0.1

1 .0.0.6.0.0.49.6 0.0.6.2.0.3 .0 .2

1 .6.0.0.0.0.0.0.0.0.0.0.0.0.8.0

1 .0.0.0.0.0.2.0.0.0.0.0.0.3.0

1 .0.0.0.6.0.0.0.6.2.0.0.0.2

1 .9.0.0.5.0.0.0.0.1.0.0.0

1 .0.0.5.0.0.0.0.4.0.0.0

1 .0.0.0.0.0.0.4.5.0.0

1 .1.0.0.6.2.0.0.0.0

1 .0.0.0.0.3.0.0.0

1 .3.0.7.0.0.0.0

1 .2.3.0.0.0.0

1 .7.0.0.0.0

1 .0.0.0.0

1 .5.2 .4

1 .0.0

1.0

1

TABLE 1. Likelihood table among 24 phonemes for the
dynamical programming method. /-/ shows
missing phonemes in nputted word against a
reference word.

00000000000000000000000000000000000000000hoh

reference words

0000000000000000000000000000000000000000000  185.20

40 kkkkkkkkkaaaaaaaaaaaaaaaiiiiiiiiiiiiiiiiiSSSSSSSSS
S55555555555555555555555855555550000000000000000000
0000000000000000000000000000000000000000000000  93.30

57 9999999999999999 kidckkklckklck

000000000000000000000000000000000000000000600000000
oooo0oo  93.00

31 0000000000000000000000000kkkkkkkkkkkkkkkkuuuuuuuuu

uuuuuuuuuuuuuui3iiizzyziiidzizgiiiiziiziiiiijoccoccoo
o

©00000000000000000000000000000 o
84.50

00000000

N

aaaaaaaaaaaaaaaaaaaaSSSSSSSSSSSSSSSSSSSSSSSSSiiiii
"""" 00000 ooootttttt

1111111
tttttttttt0000000000000000000000000000000000  13.30

FIGURE 4. An example of dynamical programming where a
string of phonemes recognized by the neural networks is
compared with reference words and the best five words are
selected. The best scored /a/ /i/ /j/ /o/ is correctly recognized in
this case.

To get the recognition rate. a sequence of phonemes for a
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word obtained from the window are compared with a list
of reference words. We make the list of reference words
composed of phonemes with the mean length which is
estimated from the data of the same word spoken by
many different people. We take dynamical programming
(DP) method to match an inputted words with the
reference word. where a likelihood table between
different phonemes is estimated from phoneme
recognition results given by neural networks reported
previously [8-11](TABLE1). An example for DP is given
in FIGURE 4. where higher scores for reference words
show better likelihood for inputted data.

2LNN HMM
mau 98 98
mht 100 98
mms 93 98
mmy 94 97
mnm 95 97
msh 94 98
mtk 99 98
mtm 97 99
mtt 100 98
average 96.7 97.9

TABLE 2. The recognition results for 100 words spoken by 9
male persons

Experiment was performed in this way and 100 words uttered
by 9 male speakers were recognized with the rate of 96.7%,
where HMM model with 3 states and single gaussian
distribution gave 97.9% for the same sample data.

6. CONCLUSIONS AND DISCUSSIONS

The two or three layered networks 2LNN, 3LNN which
originate from stereovision neural network are applied to
speech recognition. To accommodate sequential data
flow, we consider a window to which new outputted
acoustic data enter and from which final neural activities
are outputted . Inside the window recurrent neural
network develops neural activity toward a stable point.
The process is called Winner-Take-All (WTA) with
cooperation and competition. The resulting neural
activities clearly showed recognition of a continuous
speech of a word. The string of phonemes obtained is
compared with reference words by using DP matching.
The recognition results are 96.7%.compared with 97.9%
by HMM. A simple step forward will be to use
multi-gaussian distribution to obtain more accurate
similarity measures and further improvement of
recognition is expected together with the study of more

input data. The nice feature of our model is that it does
not have many parameters to be adjusted and the
algorithm for recognition is simple.
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Abstract

This paper describes a new approach to control systems for an
autonomous mobile robot by using sandwiches of two
different kinds of neural networks. One is a neural network
with competition and cooperation and used for recognizing
sensor information, where synaptic couplings are fixed. The
second is a neural network with adaptive synaptic couplings
corresponding genotype in the creature and used for self
learning of wheel controls. In the computer simulative
model, we are successful to obtain four types of robot with
good performance when going along a wali. The model also
showed robustness in real environment.

1.Introduction

Many attempts have been focused on developing
autonomous robots inspired by animals and humans
which have robust adaptation and stable behavior in
changing environments. One approach on this line is to
use neural networks between input from senores and
output to controllers and to adapt synaptic couplings in
the networks to the environment. Many authors have
proposed evolutionary robot control systems by using
evolutionary adaptation of neural network [1,2,3],
genetic programming [4] and classifier system [5]. In
general, evolutionary processes require the large
population size and a number of generations. Thus,
experiments for evolutionary robotics are usually
carried out in the computer simulations which were
helpful to train and test robot control systems. However,
we cannot simulate the real world with a proper
treatment of noise completely, so that evolved robots in
the computer simulations are hard to work successfully
in the real world.

Certainly, however, there are some parts in the brain
which do not include learning procedure, just inherited
from parent when born. Some stages of image
processing do not need learning procedures.
Stereovision neural networks, for example, do not have
learning procedure since we have automatic focusing
ability without training and their synaptic couplings are

considered always fixed. The strategy of the present
paper is, therefore, that the neural networks are divided
into two parts. One is sensor recognition processor in
which sensor input data are processed with cooperation
and competition, reducing noise from environment and
giving definite decision for sensor data. The network
parameters in this part are always fixed. Another is
processor with selftraining which processes the data
from sensor recognition part and outputs motor control.
The synaptic couplings are trained to adapt to the
environment by means of , for instance, genetic
algorithms.

For sensor recognition procedure we use the neural
network with competition and cooperation as a
processing unit of robot sensors. The idea of neural
network with competition and cooperation originated
initially from a stereovision pattern recognition. The
famous neural network model for stereovision was
studied by Amari and Arbib[6] which is called a
primitive competitive model. Reinman and Haken [7]
proposed neural network with cooperation and

competition. Kitazoe et al [8] presented neural
networks which were able to give stereo vision
recognition for moving objects. In the neural network
with competition and cooperation, competition makes
only one neuron active and cooperation maintains the
active state. Thus, the robot recognizes the nearest
object in surrounding environments and keeps up this
recognition under small fluctuations of sensor values
and behaves correctly in dynamically changing

environments

2. Khepera

In our experiments we use a miniature mobile robot
Khepera[9]. The Khepera body is 32 mm height and 55
mm in diameter. It has two wheels, each of which is
controlled by a DC motor, and can rotate in both
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directions.

The eight infra-red proximity sensors are installed
around the Khepera body (six in front and two in rear,
see Figure 1). These sensors allow two measures: the
light reflected by obstacles and the ambient light, so
that it detects an obstacle and a light source. The output
values of each sensor are from 0 to 1023 in integer. For
the measurement of the light reflection, low value
means that there are no obstacles near the sensor, while
high value means that an obstacle is close to the sensor.
The maximum detection range of the sensor is about 3
cm. The Khepera communicates with a computer using
a serial line, so that the computer obtains the sensor
values from the Khepera and provides the wheel speed
to the Khepera.

£ : Infra-red Sensor

Figure 1: Mobile Robot Khepera

3. Three Layered Neural Network with

Competition and Cooperation
We explain the three layered neural network[8], which
controls the Khepera. The three layered neural network
equations are given as

1
2 a0 =-o¢ 0+ AR - B E )+ DY 2(E0)
m
e OB HOR I CH O RGO

e = =10+ £ ©)

where ﬁ : (1) is a neuron activity, ¢ ?(¢) is a first

layer activity and B7(¢) is a middle layer one. A is

an input sensor value to this neural network. f{x) is a
well known sigmoid function and g(u) is a function
given by

f(x)=(tanh(w(x—h))+1)/2 4)
guw)=u" = (u+|ul)/2 &)
where 4, B, D, w, h are positive constants which are to
be chosen appropriately. The neural network for these

equations has a three layered structure as shown in
Figure 2.

Figure 2: Three layered neural network

In equation (1), the second, third and forth terms
are referred to the input, competitive and cooperative
terms, respectively. The second term describes an input
data, the third term represents a competition with other
neuron activities g« (4% 4) and the forth term

measures a cooperation with other neuron activities
S

The qualitative feature of this neural network is as
follows.

1} When all A’s have small values (about zero or less),
all activities & are not active, i.e. their values are
almost zero.

2) When one A hasa large value (between zero and
one), it becomes active with value almost close to
one.

3) When two or more A’s have large values, f of
the largest A s active and others are not active be
due to the competition term.

4) When two or more A’s have very large values
(about one or more), é of these A’s areall
active.

5) Even if the value of A for the active & becomes

somewhat smaller, this 5 keeps up the active state
because of the cooperative term.
6) According to the values of A’s, each 5 gets

active or not.

Let us consider the control of Khepera by using
this feature. In our experiments we suppose that the
neuron activities related to Khepera’s sensors compete
with each other and the time sequence of the neuron
activity for each sensor cooperates with each other.
Thus @ and wu indicate a sensor number
(a=0,1,2,3,4,5,6,7) and the u-th past time (#=0,1,...,]) at
a discrete time step, respectively. The input value A
is defines as

a_ sensor value of #a  __
A, =2sesnigete — ] ©)

for a light reflection. We calculate the neural network
equations for a=0, 1, 2, 3, 4, 5, u=0 and keep up the
u-th past activities (#=0,1,2,...,1). Fig.3 shows sensor
values for each detector and Figd shows the neuron
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activities after they are processed by the neural
networks eqgs.(1),(2),(3). A comparison of two Fig’s
show how the neural network gives a decisive result for
noisy low sensor data.

sensor value

1000 time 1500

Figure 3: Sensor values of Khepera

— |

~23

T

° °
o ©

neuron activity &
o
2

0 1500 2000

0 500

Figure 4: Neuron activity é‘ where A=2.5, B=1.0,
D=1.0, w=2.0, h=1.0, I=5, in egs. (1),(2),(3).

4. Evolutional Adaptation

To save time, we perform adaptation under computer
simulative model of a robot and its environment The
data xq, x; > x2 »» x5 outputted from the neural

networks (1),(2),(3) are fed to the second neural
networks with self training abilities. The synaptic
couplings are revised by genetic algorithm. The control
signals to right and left wheels, R, L are given by

R=FWy+IWyx) (D
L=FW,+XW,x,) ®

where F(x) is the sigmoid function given by (4) with

h=0 and w=0. Synaptic couplings, Wg, and W, are

to take discrete values of —1.0, -0.5, 0, 0.5, 1.0 which
correspond to genotype in genetic algorithms. The
evolutional algorithms are as follows.

(1) We make NI robots with randomly generated
synaptic couplings and let them run inside a box
with some obstacles for a certain time period. .

(2) Make new N2 robots from old N1 robots by using
genetic algorithms of mutation and crossover with
a certain rate. Then, let them run for the same
period as (1).

(3) Measure the whole robots NI+N2 by a given

evaluation function and choose best N1 robots with
high scores. If total score of N1 robots exceed a
given threshold, stop the loop, otherwise goto

).

4. Experiments

(1) Movement along a wall

We investigate the movement along a wall task in order
to estimate capability of the control of Khepera by the
combined use of competitive and cooperative neural
network and genetic algorithms, For anti clock wise
movement along a wall, #5 sensor has a crucial role:
if xs is active, it is near a wall so that it should go

along the wall, else it must go toward the wall. Here,
let us take simplest choice for the variables:

X, =xy+x +x,+x;+x, )
X, =x4 (10)

The evaluation function is given as

g =V, +v,)/2) (-, +1)-V,|/V max)-
(1 - Z:‘=0 X, /5) ((VR + VL )/4V max + 1/2)‘ 11D
((sensor(5)/1023 +1)/2)

where sensor(5) shows row sensor value at #5 and take
0 to 1023. g has high value if a robot goes along walls
without avoiding obstacles and if it runs forward as fast
as possible. We set N1 = N2 = 20 and take crossover
among those synaptic couplings with better scores and
set mutation rate to 30%. The evaluation function is
calculated for 1000 steps of a robot run. Fig.5 shows
gradually growing curves of evaluation function for 50
generations. Coupling values of best 8 robots are shown
in table 1 together with fitness value which is a sum of
g for 2000 steps. It is interesting to see these robots are
classified into four types as shown in table 2. Type 1
robot tends to go straight and sometimes leave from the
wall. Type 2 and type 4 have similar behavior with
small frequent oscillation when going along the wall.
Under the circumstance there is no obstacle around,
however, type 2 goes straight, while type 4 goes
forward with a little bit right curved. Type3 goes along
a wall with slow oscillation.

Wri | Wra | Wro | Wii | Wia | Wy JFITNESS
1 05 1-05]1.01]-1.0]0.0 | 1.0 | 18610.5
2 1.0 100 |05 |-1.0] 0.0 | 1.0 ] 18408.3
3 05]100]05]-10]00 | 1.0 ] 18368.0
4100105105 1[F-10}001]10] 167854
5 10105]051-1.0]00 | 1.0 | 16661.3
6 10511005 ]f-1.0]00 ] 1.0 | 16653.8
7 fo051051051)-1.0]001] 10 ]16513.0
3 0.0 TO 05 1-1.0] 0.0 1.0 [ 16481.9

able 1: Coupling values of best 8 robots afier 50
generation
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] 0 1 1 0 1
0 R(Big) | L(Small) 0 Straight | L(Small)
1 Straight | L(Small) 1 R(Big) | L(Small)
Type 1 (4.5,7) Type 2 (1)
1 0 1 1 0 1
0 R(Big) | L({Small) 0 R(Big) | L(Small)
1 L(Big) | L(Small) 1 R(Big) | L(Small)
ype 3 (6,8 ype 4 (2,3

Table2: Four different types of robot movement going along a

wall under X, or X, active(1) or not(0). R(L)(Big(Small)) shows

a robot goes right(left) with big(small) curve.
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Figure 5 : Fitness value of robot for the best one
and for average of N, robots .

(2) Movement in the real environment
In the real environment, we have to make readaptation
for new situation. However, the task is very time
consuming if applied in real world. Here we show an
example which is successful in the real environment.
We examine the Khepera’s behavior in the case that a
part of a wall is lacking as shown in Figure 6(b). In this
case, the value of the #5 sensor decreases at the gap.
The Khepera with three layered network (1),(2),(3)

moves forward without turning right, because &

keeps up the active state due to the cooperative term
(see Figure 8). If we take off the neural network with
cooperation and competition and let the robot move
under row sensor data, the robot happens to collide the
wall gap(Figure 7). This shows the three layered
network has a nice robust feature under defective
situations.

v

(a) (b)
Figure 6: Khepera’s trajectory in experiment (2).
(a) Movement along a wall.
(b) Movement along a wall, which is lacking
partially.
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Figure 7: Output value of #5 sensor.
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Figure 8: Neuron activity é related to #5 sensor.

5. Conclusion

We have presented the control system for mobile robots
by using competitive and cooperative 3 layered neural
network and also using self adaptive neural network.

The competitive term makes only one neuron ﬁ get
active for large input values and the cooperative term
makes & keep up the active state for a small

fluctuation of the input value. As a result, self learning
neural network created four distinct types of Khepera

by using theé outputted from the 3 layered network.

We found that the Khepera controlled by the
competitive and cooperative neural network had robust
behaviors when going along a defective wall.
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Abstract

In this paper we consider a control system for a mobile
robot Khepera using learning classifier system and
estimate the capability of this system in the simulation
based on the real word physics. In our researches, we
find the Khepera controlled by learning classifier is an
cffective method in patially obserbable and noisy
environments.

1. Introduction

Recently, many people have been researching
autonomous robots extensively. One purpose of this
research is Lo build the robots that are able to behave
in unknown or dynamically changing environments.

Evolutionary robotics is one of the attractive
methodologies  for  autonomous  robots. In
cvolutionary robotics approach, developing robot
systems adapt to dynamic environments, based on
evolutionary algorithms[1]. One promising approach
to evolutionary robot control systems is learning
classifier systems.

In general, evolutionary processes require the
large population size and the number of generation.
Thus, experiments of evolutionary robotics are
usually carried out in the computer simulations.
Computer simulations may be very helpful to train
and test robot control systems. In many cases, the
simulations of agents controlled by classificr systems
arc carried out in a grid world. In the grid world,
agent actions are 5 primitive ones (up, down, left,
right and stay) and a state of an agent surely changes
into a next state according to an agent action. In the
real world, an agent moves in any direction and
transition of states is not always same. Thus to
maximize a fit between real and simulated
environments, the simulation is based on a spatially
continuous two dimensional model of underlying
real world physics.

In the present paper, we simulate a mobile robot
Khepera based on a spatially continuous two
dimensional model and estimate capability of the
control of Khepera using learning classifier systems.

2. Khepera

We consider control system for a miniature mobile
robot Khepera[2]. The Khepera body is 32 mm
height and 55 mm in diameter. It has two wheels,
each of which is controlled by a DC motor, and can
rotate in both directions.

The cight intra-red proximity sensors are
installed around the Khepera body (six in front and
two in rear, sce Figure 1). These sensors allow two
measures: the light reflected by obstacles and the
ambient light. So these detect an obstacle and a light
source. The output values of each sensor are from 0
to 1023 in integer. For the measurement of the light
reflection, 0 means that there are no obstacles near to
the sensor, while 1023 means that an obstacle is very
close to the sensor. The maximum detection range of
the sensor is about 3 cm. On the other hand, for the
measurement of an ambient light, the output values
of the sensor degrease when the intensity of a light
increases. The Khepera
cnvironments through these sensors, so that the

recognizes its own

Khepera can understand the local environments only.

The Khepera can
computer using a serial line. So we can obtain the
sensor values from the Khepera and provide the
wheel speed to the Khepera. In our experiments, the
Khepera is controlled by a Sun SPARCstation
through a serial line.

communicates with a

€= : Infra-red Sensor

Figure 1: Mobile Robot Khepera
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3. Khepera simulator

The experiments are carried out with Khepera
simulator[3], which simulates a real mobile robot
Khepera (See figure 2). The robot has two motors
and eight sensor measuring both ambient light and
distance from obstacles, which are the same ones as
the real robot Khepera. To minimize a gap between
real and simulated environments the simulation takes
into account noise at the level of sensor
measurements and motor actions.

(a) (b)
Figure 2: (a) Field of Khepera simulator. (b)Khepera’s
sensors and motors in Khepera simulator.

4. Learning Classifier Systems

A classifier is a condition-action rule with a scalar
strength. which estimates the classifier’s utility of the
system. The condition part of classifier is represented
by a string composed from the set {0,1}. while the
action part is composed from {1,0,-1}. The strength
is used a measure of utility in both performance and
rule discovery.

In our experiments, the condition part
corresponds to eight sensors’ values, where 0 for a
small sensor value (<600) and 1 for a large sensor
value(=600). The action part corresponds to left and
right motor actions, where 1, 0, -1 mean positive
rotation, stay and negative rotation for left and right
motor, respectively. Thus Khepera has nine
movements (forward, stay, back, turn-left, turn-right,
spin-left, spin-right, backspin-left, backspin-right).

The genetic operations of classifiers consist of
one point crossover, mutation and selection
according to the strength of classifiers. In one point
crossover, we select two parents, where the
probability of a classifier being selected as a parent
is based on its strength, and construct two offspring
using one point crossover. In the selection of
classifiers the genetic operations select 100 different
classifiers of highest strength. Figure 3 shows the
genetic operations of classifiers.

Create initial population (size N)
! <
Crossover (create N offspring)
!

Mutation to offspring
!

Estimate the strength (size 2N)
1

Selection (size 2N—N)

Figure 3: Genetic operations.

5. Experiments

In order to estimate capability of the control of
Khepera by classifier system, we consider the
following tasks:

* Obstacle avoidance

(1) Obstacle avoidance

We consider the obstacle avoidance task, which is
that the Khepera moves around and avoids a wall
(sec Figure 4). In the classifier system, the number of
classificrs is N=100, the crossover rate is 100%, that
is 100 offspring are created from 100 parents, and
the mutation rate is 4%. The evaluation function for
the strength of classifiers is

V., +V IV, =V,
= L—E (0 -—L—2.(1-
f 5 2V ——)- (=)
O
V+V+2VM)
4.V

max

where Vi, Vp, Vinax and i are left and right motor

speeds, the maximum speed of Vy and Vg and the

normalized maximum sensor value, respectively. The
first component is maximized by speed, the second
by straight motion, the third by distance from object
and the forth by forward motion. In addition to the
above rewards, when the Khepera collide with a wall,
the series of selected classifiers (rule(tp), rule(ty-1),

...) suffer punishment:

fiy=p-y"" for t=t1,1,-1 )

where p=-10 is punishment, 7=0.4 is the discount
rate and f1(1)=0 for t<t-1.

Figure 4 shows Khepera’s trajectory controlled



by this classifier system, which has learned in 30
generations. The average values of reward and
punishment at each generation in 4 trials presented in
Figure 4. The average values increase steadily during
30 generations. Table 1 shows the 30 classifiers of
highest strength obtained in this experiment.

| e

Figure 4: Khepera’s trajectory controlled by the
classifier system.
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Figure 5: The average values of reward and punishment

6. Conclusion

We have presented the control system for a mobile
robot Khepera by using learning classifier system
and simulate the obstacle avoidance task in
continuous two dimensional model based on real
world. In the continuous model the transition of
states is not always same, because the Khepera’s
observations of the environment is partial, and sensor
measurement and Khepera movement are noisy and
uncertait.. As a result, we could find that the Khepera
controlled by learning classifier is an effective
method in these situations.

Condition Action Strength

0,0,0,0,0,0,0,0 1,1 8369.548828
1,0,0,0,0,0,0,0 1,1 966.902344
0,0,0,0,0,1,0,0 1,1 614.152344
0,0,0,0,1,1,0,0 0,1 67.132324
1,1,0,0,0,0,0,0 1,0 64.986816
0,1,0,0,0,0,0,0 1,1 29.998047
1.0,0,0,0,0,0,0 1,0 29.401855
0.0,0,0,1,0,0,0 1,1 26.851562
0,0,1.1,0,0,0,0 0,-1 20.938232
0,0,0,0,0,0,0,0 1,0 20.100098
0,1.1,1.0,0,0,0 0,-1 19.477295
0,0,0,0,1,0,0,0 0,1 15.95459
0,0,0,0,0,0,0.0 0,1 15.535645
0,0,1.1,0,1,0,0 0,1 15.268311
0,1,0,0,0,0.0,0 1.0 15.265381
0,0,1,1,1,0,0,0 -1,0 15.177246
0,0,1,1,0,0,0,0 -1,0 14.906738
0,1,1,0,0,0.0,0 1,0 14.00708
0.0.0,0,0,1,0,0 0,1 13.9104
0,0,0,0,0,0,1,1 1,1 11.029297
0,0,0,0,1,0,1,0 1,1 10.910156
0,0,0,0,0,0,1,0 1,1 10.363281
0,0,1,1,1,1,0,0 -1.0 10.116943
1,1,0,0,0,0,0,1 1,1 9.773438
0.0,1,1,1,0,0,0 0.-1 9.268555
1,0,0,0,0,0,1,1 1,1 8.865234
0,0,0,0,0,1,1,1 1,1 8.662109
0,1,0,0,0,0,0,0 0,-1 8.615723
0,1,1,1,0,0,0,0 -1,0 8.143799
0.0,0.0,1,1,0.0 1.0 6.615479

Table 1: Classifiers obtained in the experiment (1)
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Abstract

The authors, as previously reported [1], developed a
general platform for simulation, called SIVA, on which
life activities and their evolution can be simulated in
conditions that approximate the actual terrestrial
ecosystem and living organisms, based on the
development and examination of SIVA-I, 11, and 11l as
prototypes of the simulator. That is, SIVA is characterized
by simulated environmental conditions that are finite and
heterogeneous, and by simulated individuals that are
able to self-decompose as well as self-reproduce. The
source program of SIVA version 1.1 in JAVA language is
distributed by ATR'! 3. In the present study, the authors
conducted simulations on SIVA in order to examine
evolutionary adaptation, and tried to clarify whether
divergent proliferation of the most prolific or vital
individual introduced the broad distribution of
individuals observed in the result of the simulation, or
whether it was due to the complications of “habitat
segregation.” As a result, it was found that the
complications of “habitat segregation” led to the broad
distribution of individuals, through a comparative
analysis of existable area and that of the degree of
correspondence of genetic information. This finding
introduces a way to investigate the constructive
mechanism of “habitat segregation” in the actual
terrestrial ecosystem, and also suggests a survival
strategy for human beings.

1. Introduction

Observation of living organisms in the actual terrestrial
ecosystem shows that the most prolific organisms do not
expand their living area uniformly or occupy the whole
ecosystem. Instead, diverse kinds of organisms co-exist
and share the ecosystem. Such phenomena were named
as “SUMIWAKE (habitat segregation)” in Japan and
gained interest of many biologists since the 1930’s (e.g. K.
Imanishi [2]). In order to examine these phenomena, we
have made the following definition: All living organisms
on the earth have their own inherent positions and
extents (dwellings) to live, and they apportion the
positions and extents to each other or share them with
each other. In other words, an ecosystem includes a
complex pile of all the positions and extents. There is a
special state in which plural groups of organisms that
belong to different species from each other or to the same
species, and that have similar life styles, apportion the
environment in aspects of time or space to each other, do
not mix with each other, and live their own lives with
little or no interaction. This state is defined as

“SUMIWAKE (habitat segregation).” The Japanese name
for this concept is used in this report because it may not
precisely correspond to the concept called habitat
segregation or mniche in English. SUMIWAKE is an
essential basis of an ecosystem. It is important to

investigate its characteristics and the mechanism of its
formation in order to obtain a more prefound
understanding of the terrestrial ecosystem. _

Since a certain period of history, human beings have
come to consider continuous advancement and
expansion as great value. This sense of values should be a
basis and a fountainhead for the advancement of modern
societies and imperialism. It is thought that the authentic
understandings of biological evolution also are closely
connecled with this sense of values, as shown that the
sense was authorized by the beginnings of Darwinism as
the logic of power. For example, “natural selection, ”
which is regarded as the most important and authentic
mechanism of biological evolution, can be expressed as
“the most generally prolific organisms prosper.” That is,
natural selection presupposes a tendency towards
expansion, divergence, and competition with other
organisms. It is important to examine the idea that such a
viewpoint towards expansion, divergence, and
competition can explain the actual terrestrial ecosystem
with more complete fidelity than the viewpoint of
SUMIWAKE towards convergence and co-existence.

Many studies have been conducted in the field of
Artificial Life, in order to simulate the evolution or
adaptation of living organisms, towards clarifying the
evolutionary mechanism and its application to engineering.
The design of almost all simulative platforms attached
importance to ALife modeling itself or to interactions
between AlLives, especially the struggle for existence, but
the procedure and the expression of the interactions
between ALives and their environment were still relatively
primitive. Therefore, these platforms were relatively useful
for simulations of the proliferation, growth, and activities
of AlLife or for interactions between ALives, but not for
simulations of SUMIWAKE in which the interactions
between AlLives and their environment are a main factor.

Concretely, the actual terrestrial ecosystem has finite,
heterogeneous, and dynamic environmental conditions.
Therefore, it is expected more effective to let a simulative
environment also have finite, heterogeneous, and
dynamic conditions, in order to investigate life activities
including interactions with the environment. Moreover,
in spite of the fact that death and decomposition as well
as reproduction and growth are important aspects of life
activities [3-7], the ordinarily designed simulation
platforms could treat death and decomposition only in a
passive way, and the dynamics of the life activities
realized by them were narrow. Therefore, ALife should
have the ability of autonomous death. In order to realize
these requirements, we previously developed and
proposed the simulation platform SIVA [1]. SIVA is a
general simulation platform, which enables the
simulation of self-reproductive and self-decomposable
ALives in a finite, heterogeneous, and dynamic
environment.
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Based on the above, a simulation of evolutionary
adaptation on SIVA and the following analyses were
conducted in the present study. First, it was confirmed
that virtual organisms expand their distribution to
various areas characterized by different environmental
conditions. Second, we examined whether such
distribution resulted from the phenomena of
SUMIWAKE of the habitat segregation type of organism,
or from a uniform expansion of the divergent
proliferation type of organism that appeared
evolutionarily, or anything else.

2. On the composition of SIVA [1]
2.1 Overview

We have proposed a theoretical hypothesis of the
programmed self-decomposition (PSD) model [3,4] and
obtained some supportive results of computer
simulations using SIVA-I, II, and IlI, the prototype series
of the simulation platform, concerning merits of the PSD
mechanism [4-7]. The simulation platform SIVA was
designed and developed on the basis of the above
concept and findings. It is a general simulator, which
enables the simulation of virtual life activities based on
the PSD model in a finite, heterogeneous, and dynamic
environment. SIVA has the characteristics shown in Table
1. The version number of the program, used in this study,
is 1.1, and we call it SIVA-v1.1 in this report.

Table 1 The characteristics of SIVA

Characteristics

Environment  |Finite (Substance, Energy, Space)
Heterogeneous (Substance, Energy)
Individuals Based on the PSD model

Virtual biological molecules are classified
According to their roles in the activities
- Automaton - Structure automaton
- Function automaton
- Temporary information automaton
- Information - Constitutive information
- Energy
Virtual biological molecules compose a multi-layer system
- Polymer
- Sub-polymer
- Monomer
- Element

2.2 Implementation of SIVA-v1.1

Implementation of virtual environment

The virtual space of SIVA-v1.1 is a finite 2-dimensional
lattice of 16 x 16 pixels. The initial values of physical
conditions, such as the amount of substances, amount of
energy, and temperature, can be defined for each block of
the lattice independently. Each block consists of a lattice
of 8 x 8 pixels. One individual can occupy each pixel.

Implementation of virtual individuals

Simulative individuals consist of virtual biological
molecules. The molecules are classified into Automata,
Information, and Energy according to their roles (Table
1). Automata and Information have a 4-layer system
(Polymer, Sub-Polymer, Monomer, and Element). One
can design the diversity of the structure and the activities
of the individuals in a well-ordered style. The activities of
the individuals are defined using SIVA-Language, each
word of which is  equivalent to  one
Automaton-Sub-Polymer. Each Automaton is
synthesized according to the series of Information. There
is an inter-generational transmission of Information
(sometimes mutated). Consequently, one can observe

hereditary or evolutionary phenomena. There is
redundancy in the correspondence between a series of
Information and Automaton, as like the redundancy of
the actual living organisms.

3. Simulative experiment of evolutionary adaptation
3.1 Methods

(1) Configuration of the environmental conditions

The target of the present investigation was evolutionary
adaptation in a finite, heterogeneous environment. So,
the initial distribution of the environmental conditions
was prepared according to the default configuration of
SIVA-v1.1 (Figure 1). When the upper direction of the
simulative environment was called as north in figure 1,
abundant element A was prepared in the west area, but
poor in the east area for example. The higher temperature
was given in the northwest, but lower in the southeast.
Abundant energy was prepared in the center of the
environment, and but poor in the marginal area.

“Eléments .’ R Mperature Energy. - -

Figure 1 Initial distribution of he environmental conditions

(2) Designing of the virtual organism

The target of the present investigation was evolutionary
adaptation of the self-reproductive and
self-decomposable virtual organisms. So, the original
individual of the . virtual organism was designed
according to the default configuration of SIVA-v1.1. That
is, the original individual was designed to have a set of
Automaton, which conducted the statements of
SIVA-Language shown in table 2, and a series of
Information, which corresponded to the Automaton.
Consequently, the optimum temperature of this
individual was set to 10 degree of temperature (ID0), and
it could synthesize Automaton according to Information
(ID1), could replicate Information (ID2), could divide a
new individual from itself (ID3), and could decompose
itself to elements (ID4).

Table 2 Statements of SIVA-Language of the original individual

Automaton DO .
Polymer 0 opt_temperature == 50000 <<4762 .
Automaton ID1.
Polymer 1 syntha .
movef .
Automaton D2 .
Polymer 2 copyi .
movef .
Automaton ID3.
Polymer 3 length_AP >= max_length_AP
length_IM >= max_length_IM divid .
Automaton D4 .
Polymer 4 length_IM = 0 length_AP = 1 decsf .
unconformity > 2 decae decie .
age > 20 decae decie .

Some essential parts of these Information was masked
against mutation, in order not to damage the basic life
activities (IDO - ID4). Therefore, the optimum temperature
and the ratio of the element formation, which was due to
mutation of the redundant parts of Information, were
changeable in the present experiment. The change of these
conditions changes the conformity of the individual to the
local block of the environment where the individual exists.
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That is, the larger the distance between the local
temperature and the optimum temperature, or the fewer
the elements buried in the local block than the
requirement, the more the energy for temporary
adaptation of the individual is required. If the execution of
a life activity was failed due to lack of cnergy and so on,
the degree of the unconformity of the individual to the
environment increases by 1. When the degree of the
unconformity exceeds 2, the PSD mechanism must be
triggered (ID4).

(3) Executive procedure of the simulation

In order to simulate evolutionary adaptation, one
individual designed as above-mentioned was seeded in
the center of the environment configured as formerly
mentioned. Mutation rate at both the replication of
Information and the synthesis of Automaton was 104,
Duration of the simulation was TC = 0 - 100000. The
detailed conditions of SIVA-v1.1 are shown in table 3.

Tabie 3 The present conditions of simulation for SIVA-v1.1

Environment Individuai

env_size 128x128 | coc_mask 1500 Temperature
block_size 8x8 matter_gain 0.4 Distance Rate
diff_matter 0.001 monomer_gain 0.0 8] 1.0
diff_monomer 0.0 energy_gain 0.8 1 1.0
matter_sense 0.45 mis_copyi_rate 0.0001 2 0.95
monomer_sense | 0.4 mis_syntha_rate 0.0001 3 0.9
energy_sense ‘0.6 mis_co_rate 0.0 4 0.8

Individual cosmic_ray 0.0 5 0.7
energy_release 0.0 temp_adaptability 0.95 6 0.5
diff_indiv off temp_adapt_base 16.0 7 0.2
opt_temperature | 10 temp_adapt_thrsid | 0.1 8 - 20 0.1

(4) Analysis of the simulation results

Following analyses were conducted, contriving to
examine whether it was the phenomena of SUMIWAKE
of the habitat segregation type of organism, the result of a
uniform expansion of the divergent proliferation type of
organism, or anything else.

Observation of individuals distribution

The transition of the simulation was observed. It was
confirmed that self-reproductive and self-decomposable
individuals adapted evolutionarily and advanced to the
new areas in the finite and heterogeneous environment
during 100000TC of the simulation.

Sampling individuals and analysis of existable area

Extension of the existable areas of individuals was
examined at the end of the simulation. Based on the
extension of the existable area, it was determined
whether the examined individual was an individual
characterized by the divergent proliferation type which
had non-limited existable areas, or whether it had limited
existable areas. First, fifteen individuals were randomly
sampled from various areas at the end of the simulation
of 100000TC. Second, each 256 copied-individuals were
prepared for the each sampled individual. Third, each of
256 copied-individuals was seeded in the center of the
each 256 environmental blocks (environmental conditions
were homogeneous in one block) after initialization of the
simulation environment. Fourth, a simulation was
conducted for each sampled individual under the
condition as follows: mutation rate was 0.0; duration was
TCO - 1000. It had been confirmed that extension of living
areas became almost stable after 1000TC of simulation if
mutation rate was 0.0 by preliminary experiments. Fifth,
the blocks in which any descendant of the
copied-individuals survived after the simulation were

determined as the existable area of the sampled
individual.

Analysis of correspondence of Information

In order to examine whether the degree of
correspondence of Information (what is called genotype)
was high or not between individuals that have similar
existable areas (what is called phenotype) with each other,
the degree of correspondence was calculate about
Information according to the following procedure. First,
each pair of Information-Monomers was compared with
each other, from the top of Information-Polymers of the
examined two individuals to the bottom of them. Second,
the number of pair ¢ which consisted of the same kinds of
Monomers (W,X,Y, or Z) was counted. Third, the degree
of correspondence was calculate as the ratio of c to the
total number of Monomers .

3.2 Results
(1) Changes in individual distribution

We verified the emergence of evolutionary adaptation by
observing the progress of simulation. That is, individuals
expand their distribution through repetitive proliferation
and decomposition, and finally (TC100000) occupied one
third of the whole environment (Figure 2). We conducted
the following analyses to examine the state of adaptation
to the heterogeneous environment.

Figure 2 Individual distribution observed at TC100000

(2) Distribution of existable areas

Fifteen individuals were randomly sampled. By
examining their existable areas, we determined whether
they were individuals characterized by the divergent
proliferation type which had non-limited existable areas,
or individuals which had limited existable areas. As a
result, all the 15 samples had limited existable areas, and
not the divergent proliferation type. The existable areas
of these 15 samples were roughly categorized into three
groups shown in Figures 3(a)(b)(c).

(a)Group A (b)Group B.

Gray: Existable area for each group
White: Locations for random sampling of individuals
Dark Gray: Overlapped existable area among Group A, B, C

(c)Group C

(d)A+B+C

Figure 3. Existable areas

As shown in these figures, the group A had its existable
areas in the southeast, when the upper direction of the
simulative environment was called as north. The
existable area for the group B contained that for the
group A and extended to northeast. However, the
individuals belonging to the groups A and B did not
intermix. The existable areas for the group C extended to
the southwest. Although these three groups shared the
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common existable area in the center of the simulated
ecosystem (Figure 3(d)), the individuals belonging to
these three groups never intermixed.

(3) Degree of correspondence in Information

We examined the degree of correspondence in
Constitutive Information for the fifteen sampled
individuals. Then, we examined relationship between the
degree of correspondence in Information and the
overlaps of existalbe area. As a result, each of the group
A and B was divided into two groups, respectively
(Figure 4). The individuals belonging to each group
showed remarkably high degree of correspondence of the
Constitutive Information, namely, always above 93 %
and around 99 % in most cases. In contrast, the
individuals belonging to the different groups showed
significantly lower degree of correspondence, between 54
and 66 %. Note that all the individuals analyzed here
shared 65-68% of Constitutive Information with the
original individual in the evolutionary adaptation
simulation.

Figure 4. Segregation of groups by correspondence of Information

3.3 Discussion

First of all, we discuss that whether the composition of
expansion of living areas observed in the present
simulation resulted from the phenomenon of
SUMIWAKE of the habitat segregation type of organism,
or from a uniform expansion of the divergent
proliferation type of organism that appeared
evolutionarily, or anything else. It is expected that the
divergent proliferation type of organisms would possess
extensive .existable areas where they would distribute.
However, no sampled individual was characterized by
such divergent proliferation type. In addition, there was a
clear tendency that the individuals which possessed
similar existable areas lived neighborhood. Conversely,
the individuals which possessed different existable areas
in a certain degree never intermixed. Although these
sampled individuals possessed an living ability in the
areas where their ancestor (original individual) lived to
some extent, they developed evolutionary adaptation so
as to ensure different existable areas. When longer
simulation time will be employed, it is very likely that
each existable area will not have any overlaps. This
direction of evolution can be judged as a progression
towards SUMIWAKE, based on the present definition.
The analysis of degree of correspondence of
constitutive  information  supported the above
characteristics of distribution structure that each group of
individuals did not diverge, but did converge and
gradually segregated. Although any individuals
belonging to the same group showed more than 93 % of
the degree of correspondence, any individuals belonging
to the different groups showed the degree of
correspondence between 54 % and 66 %. Namely,
similarity of gene (Constitutive Information) was clearly
categorized into two groups, similar or dissimilar, and no
intermediate zone. This finding indicated that individuals,
which possessed similar gene (Constitutive Information),

gathered together and composed each group. In other
words, it is suggested that the evolution would be
developed in a direction to compose groups.

It is interesting that we observed only 55% degree of
correspondence in Constitutive Information between A-1
group and A-2 group, in spite that both groups had a
similar existable area. The degree of correspondence
between B-1 group and B-2 group was also only 66%.
Namely, accumulated mutation, which has less relation
to determination of existable area, caused less degree of
correspondence. The accumulated genetic information
develop totally different life activities at some point,
resulting in generating groups that have different life
activities and genetic information. M. Kimura proposed
the neutral theory of molecular evolution where he
argued that the evolutionary change in the molecular
level is mostly explained by the incidental fixation of
mutational gene, which is neutral or almost neutral in the
sense of Darwinian selection [8]. The results we observed
may be related to this Kimura’s neutral mutation theory
in its principle.

Thus, it is interesting that the evolutionary
adaptation to finite, heterogeneous environment is
realized by complication in state of SUMIWAKE, not by
occupation of the divergent proliferation type of
organisms. The simulation using SIVA has made it
possible to examine the mechanism of SUMIWAKE that
can explain actual terrestrial ecosystem. We would like
to examine it considering its relation to community
theory and non-equilibrium theory of species coexistence,
etc. Present finding also suggests, for human beings
living in the terrestrial ecosystem characterized by finite
heterogeneous environment, living strategy more
effective than divergent and expansive behaviors shown
in the divergent proliferation type of organisms in the
present simulation.

4. Conclusion

A simulation of the evolutionary adaptation of
self-reproductive  and  self-decomposable  virtual
organisms in a finite, heterogeneous, and dynamic
environment was conducted on the SIVA version 1.1
simulation platform. The results of a comparative
analysis of existable area and that of the degree of
correspondence of genetic information suggest that the
complication of “SUMIWAKE (habitat segregation)” led
to the broad distribution of individuals.
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Abstract

This paper introduces a new evolutionary algo-
rithm named Macro-micro Evolutionary Algorithm
(MmEA), developed for solving multimodal optimiza-
tion problems. The algorithmn consists of two evolu-
tionary algorithms which controls global species and
local individuals respectively. The hierarchical archi-
tecture of the proposed algorithm incorporates two
contradictory aspects of evolutionary search methods:
Speed and Robustness. By examining the computa-
tional results, we notice that the algorithm is effec-
tive and efficient than previous algorithms in large in-
stances of test problems.

1 Introduction

Evolutionary algorithms (EAs) are stochastic
search techniques inspired by the mechanism of natu-
ral evolution. Although they have been demonstrated
to be robust in searching large spaces in a wide range
of applications, they have some problems such as pre-
mature convergence and slow search speed.

In order to accelerate and improve the performance
of EAs, many algorithms have been developed. In
simple genetic algirthm (GA), diversity of popula-
tion is controlled by genetic operators (mutation rates,
crossover rates, and selection methods, etc.) [2]. De
Jong suggested crowding method as a niching method.
Goldberg and Richardson [2] proposed a sharing func-
tion to induce species and niches. On the other ap-
proaches, parallel subpopulation structures have been
researched including many hierarchical and hybrid
methods [1]. To enhance the search speed, problem-
specific local search operators have been used in many
practical problems [3]. Although local operators en-
hance the speed of search, it easily induces premature
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convergence and must be adopted deliberately.

In this paper, we propose a Macro-micro Evolu-
tionary Algorithm (MmEA) to maintain the diver-
sity of population and enhance the local search abil-
ity. The model is primarily inspired by the macorev-
olutionary algorithm (MA) introduced by Marin et al
[4]. The MA model exploits the presence of links be-
tween “species” that represent candidate solutions to
the optimization problem. Using the relation links,
extinction and diversification of species are at work
as evolutionary operators. In our work, we extend
the structure of MA to two-level hierarchical model
which implies many subpopulations. Each subpopula-
tion have several individuals and performs local search
operations to accelerate the search processing. On the
other side, we exploit the evolution of multiple species
using the relationship similar to that of MA to main-
tain the diversity of population.

In the next section, a brief review on MA and uGA
is given. Then, we describes the proposed MmEA. In
Section 3, computational experiments are presented.
Section 4 concludes this paper with some remarks.

2 The Macro-Micro Evolutionary Al-
gorithm

2.1 Macroevolutionary algorithm

The model of macroevolution was proposed by
Marin and Solé and facilitates simulating the dynam-
ics of species extinction and diversification for large
time scales. The relation between species are essential
to determine the existence of each species and repre-
sented by a connectivity matrix W, where each item
W; ; measures the influence of species on species with
a continuous value. The influence W, ; represents the



relative fitness with sharing function (eq. 1).

Ipi —Pj\

where, p; = (p}, ...,p}") are input parameters of the ith
individual.

At every generation, all influence W; ; are calculated
and used for determining the existence and extinction
of each species. The selection is determined by sum of
relation S;.

1t 357, Wig(t) 2 0
0 otherwise

Si(t+1) = { (2)
where, ¢ is the generation number. Species with S; = 0
will be extincted from whole population P.

Then, all extinct species are replaced by varieties of
existing species or randomly generated species. This
replacement operator called colonization operator has
two different operators based on exlorationa and ex-
ploitation. As an exploration operator, a totally new
solution (p,) will be generated to inject new alles with
a given probability. Otherwise, exploitation of surviv-
ing solutions takes place through colonization using
extinct solution p; and surviving solution p;, (eq. 3).

pilt+1) :{ Po(t) + pA(Pe(t) = pi(t), &>
Px otherwise
(3)
where ¢ € [0,1] is a uniform random number, A €
[-1,+1] and p and 7 is given constant.

The main idea of MA is that the system will choose,
through network interactions, which are the individu-
als to be eliminated so as to guarantee exploration by
new individuals and exploitation of better solutions by
further generations. In MA model, each species have
only one individual and interact with each other us-
ing network structure, so it can be categorized into
fine-grained model of evoultionary algorithm.

2.2 Micro-Genetic Algorithm

One drawback of simple genetic algorithm (SGA)
is the time penalty involved in evaluating the fitness
functions (performance indices) for large populations,
generation after generation. In Kris’s work, a small
population approach (named pGA) with some very
simple genetic parameters was proposed, and it was
shown that pGA implementation reaches the near-
optimal region much earlier than the SGA implemen-
tation. The superior performance of the uGA in the
presence of multimodality and their merits in solving

non-stationary function optimization problems were
demonstrated.

In the uGA proposed by Kris, the population size is
fixed at five. It is a known fact that GA generally do
poorly with very small populations due to insufficient
information processing and early convergence to non-
optimal results. The key to overcome the drawback is
in bringing in new strings at regular intervals into the
population. Based on this, a procedure for the uGA
implementation is presented below.

1. Select a population of size 5 either randomly or
4 randomly and 1 good string from any previous
search.

2. Evaluate fitness and determine the best string.
(elitist strategy)

3. Perform selection and crossover.

4. Check for nominal convergence. If converged go
to step 1.

5. Go to step 2.
2.3 Macro-micro Evolutionary Algorithm

The MmEA is proposed to balance the exploration
and exploitation by incorporating local search oper-
ators and global search operators. Because EAs dis-
play inherent difficulties in performing local search for
many applications, there exists a lot of approaches
that use various fine local tuning methods [3] [5]. The
MmEA also use those hierarchical approach in which
high-level algorithm maintains the diversity of popula-
tion while low-level algorithm finds local optimal solu-
tion. In high-level structure of MmEA, various species
are conserved by network interaction between specics
and undergo diversification and extinction like as does
in MA. In low-level structure of MmEA, each species
has small number of individuals as its members. The
extension of concept of species helps to finding local
optimal solutions by giving chance to cooperate among
individuals. Although it is possible to adopt various
local search operators, we use a simplified quadratic
optimization method as a local search operator for nu-
merical optimization problems in our implementation.

The detailed method is as following.

A) Global Optimization Structure: Population of
size P is consist of P/3 subpopulations (species).
Competition between species is determined by eq. 2,
and fitness value of i'th species (p;) is calculated using
best indviduals 4.5 in i’th species.

_ f(Pi) = f(Pjss)

Wi = (4)
" ‘pibusl - pjl)esll
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Extinction and diversification of species is determined
by relative fitness values of species (see eq. 2). This
sharing process ensures that a spread of solutions is
obtained over multi-modal fitness spaces.

B) Fine Local Tuning: Each species contains three
individuals as its members, and these individuals co-
operate with each other to find local optimal solu-
tion. Because the size of subpopulation is small, com-
putation burden per each species are much smaller
than standard GA and local search ability is better
than other algorithm. The simplified quadratic op-
timization method introduced in this paper performs
d one-dimensional quadratic optimization rather than
solving d-dimensional quadratic optimization problem
which requires gradient and hessian matrix of fittness
landscape. For given three points and their function
values (z1,f1), (2,/2), (x3,/3), an optimal solution can
be obtained under the assumption that those points
are lying on same quadratic function. The optimal so-
lution candidate g(-) based on three points (1,22,23)
can be formulated as follows:

g(z1, f1, 22, f2, %3, f3) = (5)
fi(@d = 23) + fo(a} = 2]) + fa(a] — =)
fi(ze — x3) + falws — 1) + f3(z1 — 2)

Using above results, one offspring is obtained by sim-
plified quadratic optimization method like eq. 6.

ph(t+1) = g0k L, F(pin), Doy F(Pi2), plss f(pi3)) (6)

where, pf ; 1s kth vector of individual j in species ¢ and
f(pi;) is p;;’s fitness value. This simplified method
shows acceptable results for a range of numerical opti-
mizaion problems with small dimensions, and easy to
implement as a local search operator. In addition to
the offspring candidate generated by above method,
five offsprings are generated. One is generated by
elitism and others are generated by standard evolu-
tionary strategy (ES). With these six offsprings, next
3 parents are determined by 2-fold tournament selec-
tion.
The flow of the MmEA is as follows.

1. Initialize all species and individuals.

0.5

2. Generate six offsprings per species using local
search and ES.

3. Select three individuals from six offsprings.

4. Repeat Step 2 and Step 3 T' times. (T'=5)
(micro EA: Step 2, 3)

5. Calculate W; ; using eq. 4 to determine species to
survive or to extinct.

6. Fill the vacant species by migration or random
initialization. (macro EA: Step 5,6)

- 79 —

7. If the maximum number of generations is reached,
then stop, else go to step 2.

3 Performance Comparison

Minimization experiments on the test suite, de-
scribed in following Section 3.1, were carried out in
order to determine the peformance of MmEA. During
our experiments we compared the MmEA to GA and
MA. The first is a GA, in which crossover is applied
with probability 0.7 and the mutation rate is set to 1/1,
where [ is the length of the bit-string. Also, MmEA is
compared to the macroevolutionay algorithm of Marin
et al.

3.1 Test Problems

The test suite that we have used for the experiments
consists of eight test functions which can be seen as
part of a standard test set [6].

2

1. Sphere: fon (z) = Y oiy 7

2. Rosenbrock’s function:
fros(x) = Z?;ll(loo ’ (33i+1 - x%)Q + (:L’,; - 1)2)
Step function: fyep(z) = Y iy Lzl + O.E)J2

Ellipsoid: foi(x) = SO0, ia?
Schwefel’s ridge: frigge(2) = Sy (Xi=y )°
Cigar: fuigar () = 2} + AL, 27

Rastrigen’s function:
fras(z) = ST, [22 — 10 - cos(2m - ;) + 10]

-

N o

8. Ackley’s function:
fack(z) = —20exp(—0.24/2 37 a?)

i

—exp(L 37, cos(2mz;)) +20 + €
3.2 Results

In our all experiments, results are averaged over
30 runs. Fig. 1 shows the effect of the simplified
quadratic optimization method on sphere function.
The local search operator shows good results for small
dimensional problems, but the effectiveness decreases
as the problem size increases. This origins from the
correlation between paramters which is ignored in sim-
plified quadratic optimization method. However, the
local optimization method can be useful for lots of op-
timization problems with moderate complexity.

The improvement by local search opeartor is illus-
trated by comparing the MA and MmEA (Fig. 2).
Table I summarize the comparison results on several
test functions.



4 Summary

This paper presented the MmEA, an algorithm that
mimics natural evolution of species and individuals.
MmEA can be considered as a hierarchical parallel
EAs with large number of subpopulation of small size
which is characterized by hierarchical sturcture that
mimics evolution of eco-systems. At population level,
sharing mechanism between species controls global
evolution processing and diversity of population based
on the concept of MA. Within each species, both the
local search operator inspired by numerical optimiza-
tion methods and basic ES are used as an local evolu-
tionary operators. By looking at the results, MmEA
outperformed MA over a wide range of condition, but
it does not shows any improvement for complex prob-
lems. Application to large size problems would consti-
tute a part of future investigation.
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Table 1: Comparison Results (50000 evaluations)
Method fSph fROs indge fRas
GA 6.5e-19 | 6.5e-01 | 3.le-14 | 2.5e-+00
MA 3.7e-16 | 3.2e-01 | 1.4e-16 | 2.4e+00
MmEA | 2.8e-21 | 2.4e-01 | 3.9e-17 | 2.4e+00

Effect of Local Optimization Operator
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with simplified quadratic optimization
without simplified quadratic optimization
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Figure 1: Effect of simplified quadratic optimization

method in low-dimensional problems. (Minimization of

sphere function during 100 generations)
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Figure 2: Comparison results of MA, MmEA, GA (fras)
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Abstract

DNA computing is one of computing paradigms based
on biomolecules. In this field, I.. Adleman presented
the first research in 1994 [11. Adleman was success-
ful in solving a Hamiltonian path problem with 7 ver-
tices by using some chemical reactions of DNA. Among
them, the hybridization process is one of the most
important reactions in Adleman’s experiment, which
generates many paths in a directed graph by annealing
two single strands DNAs with Watson-Click comple-
mentary base pairing.

In this paper, we focus on the hybridization pro-
cess because its feature has a great direct effect on
the DNA computing process. We consider that defin-
ing initial DNA (input DNA) concentrations are the
most critical facter for the computing process. Based
on this idea, we aim to realize a new DNA computing
model, showing that the concentration of target DNA
can be controlled by regulating the input DNA concen-
trations. For the realization of this model, we propose
a new encoding method based on the initial concentra-
tions of input DNA, and we examined the possibility
of quantitative analysis with the concentration. Next,
we carried out laboratory experiments and simulations
in order to verify that our DNA computing model is
valid.

Keywords: DNA computing, chemical reaction, opti-
mization problem, parallel computing

1 Introduction

Biomolecules (e.g., DNA, RNA, protein, and bacteria)
exist in our bodies to maintain physical and meta-
physical conditions. For this purpose, they have the
ability to process the biological information in a cell
or in an organ. In particular, it is important that
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DNA can process genetic information in the nucleus
with a superior data processing svstem. The system
has three main features. First is massive parallelism,
which means that many DNA molecules react in par-
allel. Second is high efficiency, which means that DNA
needs little energy to realize its chemical reaction.
Third is massive storage, which means that DNA can
store a massive amount of information in its double
helix structure; for example, 1 g of DNA is equal to
about 4,000 CD-ROMs.

DNA computing (molecular computation) is a com-
puting paradigm based on the abovementioned fea-
tures, for construction of a computer that transcends
the traditional silicon-computer. In 1994, L.Adleman
showed the possibility of realization of DNA comput-
ing for the first time [1]. Adleman was successful in
solving a Hamiltonian path problem with 7 vertices
by using a chemical reaction of DNA. Adleman’s DNA
computing model consists of three processes. The first
process is the encoding of the problem to DNA. The
vertices and edges of the Hamiltonian path are en-
coded in single strand DNA. The second process is
hybridization, which generates many paths in the di-
rected graph by fusing two single strands DNA with
Watson-Click complementary base pairing. This pro-
cess corresponds to the computing process. The third
process is the detection of the target DNA path en-
coded as the Hamiltonian path in the graph. The
methods for detection include PCR, gel electrophore-
sis, and affinity separation.

In this paper, we focus on the hybridization process
since the hybridization process is one of the important
processes in DNA computing. In particular, we con-
sider that the input DNA concentrations is a critical
parameter for annealing of DNA. Based on this idea,
we propose a new DNA computing model and aim to
realize this model. The model shows that concentra-



tion of the target DNA can be controlled by regulating
the input DNA concentrations.

For the realization of our model, we apply the
proposed model to the directed shortest path prob-
lem (SPP). First, we encode the costs (distances) of
edges in the SPP into the input DNA concentrations.
After the encoding process is finished, we perform
the hybridization process, similar to that in Adle-
man’s model. Then in the detection process, we find
the shortest path (optimal or near-optimal solution)
by analyzing the concentration of the resultant DNA
paths.

Furthermore, in order to show the validity of our
model, we analyze its results by using the hybridiza-
tion simulator, which is a simulation model of the hy-
bridization process based on the concentration dynam-
ics model. We discuss the quantities of the resultant
DNA paths.

2 DNA computing for shortest
path problem

In this section, we present the new DNA computing
model that enables the target DNA concentration to
be controlled.

2.1 Encoding

In DNA computing, encoding is the process of trans-
lating a given problem we want to solve into DNA. In
this paper, we are concerned with the shortest path
problem with 6 vertices and 9 edges (Fig. 1 (A)). To
encode the problem, we used a traditional encoding
method, similar to Adleman’s one. In this method, we
must encode the information (e.g., vertices and edges)
into nucleotide sequences or lengths of nucleotide se-
quences. Furthermore, we propose a new encoding
method to encode the costs into the concentration of
DNA edges. In our encoding method, the costs of one
shortest path problem are encoded as follows:

Dij = (Min/Cy;)* (1)

where Min is the shortest cost among all edges in

the graph, C;; are the costs in each edge, and «a is a

parameter related to the relative concentration. The

shortest path problem encoded by the above equation
is shown in Fig. 1 (B):

2.2 Hybridization

The hybridization process is one of the most impor-
tant chemical reactions of DNA computing. DNA
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Figure 1: (A) The shortest path problem treated in
this paper. (B) The problem coded by the encoding
method based on the control of concentration.

has four types of bases (A, G, C, T), and a single
strand DNA is composed by the combinations of these
4 bases. Annealing two single strands DNA each other
based on Watson-Click complementary base pairing, is
called hybridization, restricted that base A combines
with base T and base G combines with base C. In
our DNA computing model, the hybridization process
functions as a computing process that generates many
paths in the directed graph from the input DNA. Fig.
2 shows that DNA complexes representing a path in
the directed graph are generated in the hybridization
process.
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Figure 2: Design of vertices and edges, and the DNA
complex representing the DNA path generated from
them. '

The concentrations of the resultant DNA complexes
strongly depend on the input DNA concentrations.



Therefore, we try to control of the target DNA com-
plex by altering the concentrations of initial DNAs.
So we implemented the new encoding method men-
tioned above, in order to control the quantities of the
resultant DNA complexes.

We treat a shortest path problem with 6 vertices
and 9 edges (see Fig. 1), and there are 7 paths in
the graph from the vertex 0 to the vertex 5. We
applied our proposed DNA computing model to the
graph shown in Fig. 1. In our computing model, the
input DNA concentrations are calculated using equa-
tion (1). We then performed the hybridization process
by using a mixture containing each single strand DNA.
It is expected that more DNA paths corresponding to
a shorter path in the graph will be generated than will
other DNA paths. Therefore, we can find the short-
est path by analyzing the concentrations of resultant
DNA paths.

2.3 Detection

In order to select the DNA paths that begin with Op
(start) and end with Os (goal), DNA amplification is
performed by using polymerase chain reaction (PCR).
PCR is a method that enables amplificaton of DNA
contained specific sequence in a short time by using
DNA polymerase, two primers, and fluctuation in tem-
perature.

Next, we need to quantify in detail the concentra-
tions of each DNA path amplified by PCR. To do this,
amplified DNA paths are separated by polyacrylamide
gel electrophoresis, and the DNA bands are visualized
by ethidium bromide (Fig. 3). A photograph of the
gel is taken, and the image is fed into a computer. By
using software for analysis of DNA bands, we can ana-
lyze the histograms representing the concentrations of
DNA path. As a result, we consider the band showing
the highest peak to be the shortest path. To confirm
the abovementioned feature, we perform the DNA se-
quence analysis of the most-intensive DNA path.

In order to verify that our DNA computing model
is valid, we use a simulation model of the hybridiza-
tion process proposed by Yamamoto et al. [2]. The
simulation takes input DNA (e.g., DNA sequences, re-
action velocity, and concentration) and calculates the
possible DNA paths and their concentrations based on
the concentration dynamics model.

3 Experiments

In this section, we show the validity of our DNA com-
puting model by presenting results of both laboratory
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Figure 3: Confirmation of the formation.of DNA
paths. Gel electrophoresis was performed and the
DNA bands were quantified by image analyzer. Lane
M, DNA size marker (100 bp ladder); lanes 1-5, ampli-
fied DNA paths after 11 cycles of PCR; templates (hy-
bridized DNA solution) were diluted as follows, lane 1
: 1, lane 2 : 1/5, lane 3 : 1/10, lane 4 : 1/20, lane 5 :
1/40.

experiments and simulations. We then discuss the im-
plementation of our model based on a comparison of
the results of laboratory experiments and those of sim-
ulations.

3.1 Simulations

In order to determine whether the DNA path that has
the highest concentration actually corresponds to the

shortest path, we simulated our model using a simu-
lator (Fig. 4).
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Figure 4: Comparison of the amounts of DNA paths
from the simulation.

The graph on the left shows the results in the case
in which the concentrations of all input DNA are the
same, and the graph on the right shows the results
in the case in which the concentrations of each in-
put DNA are set to the values calculated by equation
(1). These results, that the DNA path we designed to
be the shortest path was generated with the highest



concentration, showed the possibility of the control of
concentration.

Next, in order to verify that equation (1) is effective
for solving the directed shortest path problems, we
performed some experiments using the simulator. In
the same graph as Fig. 1, further 30 problems were
generated by randomly assigning costs to all edges, the
shortest path being calculated by the Dijkstra method.
Comparing it with the solution obtained by using the
simulator (DNA path with the highest concentration),
we evaluated our computing model. We were able to
find the shortest path by our model in 21 of the 30
problems (70 % ). The results showed the validity of
our model.

3.2 Laboratory Experiments

We compared the results of laboratory experiments
with those of simulations. First, we used SSCP, which
is a gel electrophoresis that enables separation of DNA
complexes according to their size, base sequences, and
base composition. We analyzed the concentrations of
each DNA path by using SSCP and compared the re-
sults with the simulation results (Fig. 5).
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Figure 5: Comparison of the relative amounts of DNA
paths obtained from an SSCP experiment and from
simulation.

We found a definite dark band in the image of
SSCP, which we assume is the DNA path represent-
ing the shortest path. We are currently confirming its
DNA sequence. Next, in order to show the validity
of our model by another experiment, we used a 6 %
polyacrylamide gel electrophoresis that enables sepa-
ration of DNA complexes according to their lengths.
The comparison results are shown in Fig. 6.

The tendencies in both the results of laboratory ex-
periments and those of simulations are similar. We
therefore conclude that the control of concentrations
of DNA paths can be achieved by using our new en-
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Figure 6: Comparison of the relative amounts of DNA
paths obtained from 6 % gel electrophoresis and sim-
ulation.

coding method for solving the directed shortest path
problems.

4 Summary

In this paper, we focused or the feature related to
the concentration of DNA in the hybridization pro-
cess, and we proposed a new DNA computing model
based on the concentration of DNA. Moreover, we pre-
sented a new encoding method that enables the con-
centration of target DNA to be controlled. In order to
determine the validity of our DNA computing model
and the reliability of our proposed encoding method,
we performed laboratory experiments and simulations,
and we compared their results. The results show the
validity of our proposed DNA computing model based
on concentration control.
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Abstract

In this paper, genetic algorithm (GA) is
proposed to search for the optimal structure
(i.e., the kind of neural network, the number of
hidden neuron) of the neural network which are
used approximating a given nonlinear function
in the temperature control system in the steel
plant. We consider one kind of neural network
in this paper, that is general multi layer feed-
forward neural network. The decision method
of synapse weights of each neuron in each
generation used the improved back-propagation
method. In this study, we simulated nonlinear
function approximation in the temperature
control system.

1.Introduction

Neural network (NN) have been successfully
implemented in various application fields in the
last decade because of their parallel
computation and complex nonlinear function
mapping  characteristics  compared  with
conventional schemes. Neural networks also
possess a learning ability which is the most
important feature in its real applications.

The neural networks implemented in above
applications may have different structures, may
use the classical back-propagation training
algorithm  or other improved training
algorithms to obtain the synapses weights of
the neural networks, they all have the common
features, i.e., the neural networks have the fixed
structures. It means that we do not exactly
know what kind of neural networks, the related
training algorithms and how many inputs and

hidden neurons will be mostly suitable to the
special object.

To design the optimal architectures of neural
network, e.g. attempt is implementing the
evolutionally algorithms, e.g. evolutionaly
programming (EP) and genetic algorithm.

In this paper, GA based algorithm is
proposed to search for the optimal architecture
of neural network which are used to
approximate a given nonlinear function in the
temperature control system.

2.Neural network structure and training

algorithm

We mainly consider the general multi layer
feed-forward neural network in this paper. The
training algorithm is the improved back-
propagation algorithm.

3.Genetic algorithm

3.1 Fitness function

The fitness of each fully trained network is
calculated using Eq.1.

i G el B

where f is the fitness of the neural network, E is
the error of neural network, o and B are
coefficients implying the influence of inputs
number and hidden neuron number, Nj,,, and
Nhmax 1S the maximum number of inputs and
hidden neurons, respectively.
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3.2 Encoding algorithm

The first step before using GA operators is
encoding the neural networks into binary
strings called chromosome. A chromosome’s
characteristic is determined by the genes which
are presented by binary bits in this paper. There
are numerous encoding algorithms in neural
network optimization. Because we emphasis
our research on the neural network architecture
optimization, the encoded strings just contain
the architecture information of neural network,
i.e. the synapse weights of neural network will
not be involved in the encoded strings. The job
of obtaining suitable weights is fulfilled by
using the neural network training algorithms.
The general description of encoding method is
shown by Fig.1.
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Fig.1 The chromosome presentation

Fig.1 shows one chromosome related to one
neural network architecture, where x is one
binary bit representing ‘0’ or ‘l’. The
chromosome consists of four parts, i.e. input
area, hidden layer area and output area,
respectively. The length of each parts is Ni, Ny
and N, bits, respectively, where N;, Ny and N,
is the number of inputs, hidden neurons and
outputs of neural network, respectively.

In input area, one bit represents one input in
input layer of neural network, with
‘I'representing the existence of the input and
‘O’representing the absence of the associated
input. In hidden layer and output areas, one bits
represent one neuron because we consider
sigmoid function for each neuron, with ‘0’---
represents the absence of the neuron, ‘1’--- the
neuron with sigmoid function, respectively.
Fig.2 shows one of chromosome generated by
GA randomly, with the capacity of 4 inputs, 16
neurons in hidden layer, one neuron in output
layer.

1110 | 11011010 01011101 | 1

Fig.2 One of chromosome of NN

3.3 GA operators

Three GA operators, i.e. reproduction,
crossover and mutation are implemented one
generation by generation to search for the
optimal architecture of neural network.

3.3.1 Reproduction

One commonly used technique is rouletie
wheel reproduction. It can be regarded as
allocating pie shaped slices on a roulette wheel
to population members, with each slice
proportional to the member’s fitness. There are
two drawbacks to this method: it is possible
that some of the best individuals may not be
reproduced at all, and thus their genes may be
lost. Also, it is possible that the genetic
operators alter the best chromosome’s gene so
that whatever was good about them is
destroyed.

To improve the properties of roulette wheel
reproduction, an alternative called steady state
reproduction is used in this paper. In this
method, P, percent of the best individuals will
just be copied into the new generation, while
the remained (100-P,) percent individuals will
carry out the crossover and mutation process.
This method removes the drawbacks in roulette
wheel, the best individuals will always
reproduce because they are simply copied into
the new generation and their genes are not
changed by GA operators. The factor P, is set
between 5%-10% to guarantee the number of
remaining individuals large enough and to yield
enough new individuals to compete in the new
generation.

3.3.2 Crossover

Crossover is one of important operators in
GA unlike the case in evolutionary
programming, in which crossover is not
implemented and only mutation is carried out.

There are different possible crossovers in GA
literature, e.g. one-point crossover and two-
point crossover. For one-point crossover, one
part of the parent chromosomes are exchanged
at the randomly selected point, another part is
kept the same as before. The simplicity of one-
point crossover makes it be widely used in GA
operators, but its drawback is obvious, that is
the possible searching space is limited because
only one point is chosen. In this paper, we use
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the two-point crossover to over come the
shortage of the previous one.

3.3.3 Mutation

Mutations are important for keeping a bit of
wildness and random search flavor to
optimization process. In this paper, we use the
general random mutation method, that means
each gene in a chromosome changes its value
(called allele) from ‘0’ to ‘1, or from ‘1’ to ‘O’
at the given probability P, where Py, is set to
0.003 in the following simulation.

4.Simulation
4.1 Training and testing data

The nonlinear function which will be
approximated is multi input single output
function. It is extracted from a temperature
control system in a steel plant. The input and
output are illustrated in Fig.3.where, x;, X,, X3,
X4, Xs are inputs, d is the output of the real
system. There are 666 sets of input and output
data as the real inputs and output sets. Two
parts of these sets are separated, i.e. 333
training and 333 testing data. The training data
is used to train the neural network and the
testing data is used calculate the fitness of the
same neural network to sort the networks and
find the best one in one generation. Every two
real data in time sequence compose of the
training sets, with the remaining 333 real data
compose the testing data. Each generated
neural network by GA operator or randomly at
start stage will be fully trained using the trained
using the training data and them, its fitness will
be calculated and the GA operators are applied
to these chromosomes.

To consider the influence of neural network
based on the training data and testing data, a
combined fitness is employed in estimating the
feature of evolved neural network, see Eq.2.

.+ "
- #lﬁram 2 lu2ffe.s (2)

f

where fi,in, fes 1S the fitness of neural network
based on the training data and testing data,

respectively. 4, and g, are the influence

coefficients for training and testing data,
respectively.

4.2 Normalization

Data normalization is important for the
neural network training. In this paper, we
employ the general dimensionless
normalization technique to pre-process the real
data and form the training and testing data. The
data normalization is performed by Eq.3.

x = 7 X 3)
xmax _Xmin

where x, x, Xmin and Xg.x 1S the variable after
normalization, the original variable, the
minimum of x and the maximum of x,
respectively. After the data normalization, the
value of data will be limited to the range from O
to 1, referring to Fig.3.
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Fig.3 The nonlinear function

4.3 Simulation

The simulation was carried out using the real
data illustrated by Fig.3.Each generated neural
network by GA operator or randomly at start
stage will be fully trained using the trained
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using the training data and them, its fitness will
be calculated and the GA operators will be
implemented to carry out the GA process.

The system parameters are set as following.
Population size N_=30, generation number
N,=100, the input factor «=0.025, the hidden
neuron factor B =0.1, reproduction factor
P=0.05, the mutation probability P,=0.003,
using two point crossover method, the
maximum number of hidden neurons Npm.x=20,
the maximum number of inputs Nin.,=5, the
initial random weights are limited between =+
0.5, the learning rate is 0.1, the momentum
coefficient is 0.08. The final results are shown
by Fig.4.
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Fig.4 The final result

5.Conclusion

We made some attempts to automatically
search for the optimal architecture of neural
networks employing genetic algorithm. The
simulation results show that the presented
method is suitable in nonlinear function
approximation application. In the near future,
we will add other kinds of neural networks and
training algorithms to expand the searching
ability of this method.

Also, we are considering to use this method
to other applications.
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Abstract

The probabilistic neural networks (PNN) is one of the
promising neural networks because of its theoretical
background of the Bayesian statistics and rather sim-
ple learning algorithm. However, it requires long com-
putational time both in the recognition and the learn-
ing process. Especially, there is no generalized algo-
rithm to choose the network parameter (kernel size)
in the learning phase. Therefore, the learning must be
repeated changing the parameter within a wide range.
The purpose of this paper is to propose novel neural
network hardware based on the PNN; and the goal of
our project is to demonstrate the high performance of
newly proposed hardware under the real world appli-
cations.

1

The pattern recognition/classification is widely used in
various applications such as security systems, criminal
investigation, biology, automatic motion control, com-
puter vision, etc. The probabilistic neural networks
(PNN) is one of the promising neural networks and is
expected to achieve high recognition accuracy for those
practical applications because the PNN is based on the
Bayesian statistics. However, a large number of sam-
ple patterns are required for each category, thus, some
applications containing many categories such as finger-
print recognition or face recognition cannot be finished
within the required time. Furthermore, in the PNN,
there is no generalized algorithm to choose the learn-
ing parameter (i.e., kernel size). Therefore, a set of
learning procedure using all sample patterns must be
repeated changing the parameter within a wide range
to choose the best one.

Because of this background, specialized hardware of
the PNN both for the high speed recognition and
for the high speed learning is required. In order to

Introduction
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meet this requirement, we propose newly PNN hard-
ware with a built-in learning circuit. Moreover, recon-
figuable LSIs such as FPGAs or CPLDs are effectively
used in order to design the optimized circuits for each
application in terms of the computational precision.
Because of this flexibility, we can choose the optimal
design for each application in the trade-off between
the circuit complexity (computational precision) and
recognition accuracy.

2 Probabilistic Neural Network

The probabilistic neural network(PNN) is one of the
promising neural networks, and its hardware imple-
mentation is expected much easier than the back-
propagation and other widely used neural networks[1]
[2] [3]. The PNN is one of the non-parametric clas-

x1

x2 ~a

xn

Input Pattern Summation| Decision
Layer Layer Layer Layer

Figure 1: Structure of Probabilistic Neural Network.



sification algorithms based on the Bayes classification
rule. One neuron corresponds to a kernel function the
center of which is at each sample pattern. In the net-
work, superposition (, or summation) of the neurons’
outputs in the same category forms the conditional
probabilistic distribution of each category, so that a
large number of sample patterns (, or neurons) are
required to estimate the distribution precisely. The
recognition accuracy thus tightly depends on the num-
ber of sample patterns, that is, the number of neurons.
The PNN’s structure is shown in Fig.1. Fig.1 shows an
example using only 2 categories in the pattern layer.
In the practical applications much more than hundred
categories are frequently used. However, the same
structure shown in Fig.l in universally used no mat-
ter how the number of categories increases. The are
unknown pattern(x1,x2,...,xn) at the input layer, is in-
put to all neurons at the pattern layer. The Pattern
layer consists of groups of neurons for each category.
The kernel size which the neurons represents is the
distance from the sample pattern to the border of the
kernel function. The kernel size is the only parameter
in this classification, and it is decided in the learning
phase. The summation layer sums up the number of
the neurons into which the unknown pattern falls. Fi-
nally, the detector in the decision layer picks up the
category the summation of which is the largest and it
is estimated as the category of the unknown pattern.

3 System Configuration

The PNN hardware architecture is shown in Fig.2.
The unknown pattern is compared with the sample
patterns in the node processor. The node processor
outputs degree of similarity with binary number of
24-bit precision, where each set of 8-bit in 24-bit is
sent sequentially to the max detector. Then, the max
detector picks up the node processor outputting the
largest number, and the category of the node proces-
sor is chosen as the unknown pattern’s category. The
central calculation in the PNN is the superposition of
the kernel functions which are regarded as neurons in
the PNN. The kernel function, or neuron is defined to
each learning datum (sample patterns) with a kernel
size o (Fig.3). The learning phase in the PNN is to de-
termine the optimal kernel size o previously before the
recognition phase. The best o detector(Fig.2) detects
the ¢ with which the highest accuracy of recognition
is achieved by using the max detector’s output, test
patterns’ categories, changing the kernel size ¢. This
calcuration is based on the leave-one-out method. It
uses only sample patterns in the memory, and takes
out a test pattern from sample patterns, and calcu-
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Figure 2: PNN Hardware Configuration.

lates the recognition accuracy. Then, another set of
sample patterns and a test pattern is used. This pro-
cedure is repeated changing the combination of sam-
ple and test patterns within a wide range of o. The
Multiplexer (MUX) in Fig.1 is switched to SO at the
learning phase, and the 4-bit binary counter generates
the variable o from 0 to 255. In the recognition phase,
MUX is switched to S1, and each node processor uses
the detected best o.

Node Processors:

The node processor is shown Fig.3. The 0/2 is added
to and subtracted from an pixel’s brightness in each
sample pattern from the memory in the kernel size ad-
juster. Then, it is compared with the corresponding
pixel’s brightness in the unknown pattern in the kernel
size comparator. The kernel size comparator outputs
“1” if the unknown pattern is inside the kernel, while
“0” if not. Then, the counter in Fig.3 counts the num-
ber of “1”s for each category. The shift register con-
verts 24-bit to the sequential three sets of 8-bit, and
its output is connected to the external bus through a
try-state buffer.

Max Detector:

The category having the largest count is chosen by
the max detector(Fig.4). The each data sent from the
node processors is reconstructed to 24-bit data in the
shift register, and compared with each other. The in-
dex number to the category of the largest one is stored
in the output register in Fig.4. In the recognition
phase, this register’s output is the answer of recog-
nition.

Best ¢ Detector:

In the learning phase, the best o detector(Fig.5) de-
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tects o which achieves the highest recognition accu-
racy. The predicted category output from the max
detector is input to A while its corresponding answer
is input to B. The binary counter counts how often
A matches B. This number of times is compared with
the previous one, and this comparison goes on sequen-
tially changing o little by little. Finally, the best one
is stored in the register. The recognition accuracy de-
pends on the kernel size o considerably, thus, the ker-
nel size needs to be chosen precisely within the large
search space in the learning phase.
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Figure 4: Max detector

4 Implementation

The photograph of hardware prototype is shown in
Fig.6. One FPGA chip(Xilinx XCS30XL) contains 8
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Figure 5: Best o Detector

node processors (neurons), and 8 memory chips (4Mbit
SRAM chips with 25ns access time) are connected
to the FPGA. The current base clock frequency is
25MHz. The speed is especially limited by the memo-
ries’ read access time. The max detector and the best
o detector are implemented onto another FPGA that
is located on the end of external bus, and it contains
8 node processors too. This architecture also has high
scalability, because it needs a few control lines(such
as clk, CE, etc.) and only four common bus(Fig.2):
the unknown pattern’s input, the ¢’s input, the node
processor’s output, and memory address bus(it’s not
shown in Fig.2). And, a slight increment of the num-
ber of pins does not impede the scalability. Therefore,
it is possible to connect the node processors in parallel
until the clock delay bounds.
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Figure 6: Photograph of Prototype Board.

5 Theoretical Estimation of Perfor-
mance and Simulation

The part of the circuits are implemented onto FP-
GAs. Thus, the processors and their peripheral cir-
cuits can be designed flexibly and optimally. On the
other hand, external memories’ capacity, band width,
and base clock speed are fixed. Therefore this sys-
tem’s performance is limited by these properties. For
example, if the unknown picture and sample pat-
terns size are 16 x 16pixels, and each pixel’s depth
1s 8-bit, the one picture’s total size is computed to
16 x 16 x 8 = 2048bits. If the memory can be read
with 30MHz, and the band-width to it is 8-bit, it is
possible to read about 3,900 pictures at 33ms. Thus,
the total capacity is counted to 2048 x 3900 ~ 1M B,
therefore, by using the memory of 1MB capacity, 8-
bit data bus, and read access time shorter than 33ns
it is possible to process 3,900 sample pictures in 33ms.
And, it is possible to execute it in parallel, in real-
1izing high scalability. In the case of a picture size is

Memory capacity[MB] || pictures
1 3,906
9 7,812
4 15,625
8 31,250
16 62,500
32 125,000
64 250,000

Table 1: Scalability

16 x 16pixels, and each pixel’s depth is 8-bit, one pic-
ture has 16 x 16 x 8 = 2048bits. The unknown pattern
and the all sample patterns have this size. These pic-

tures are made generated from original pictures taken
by the NTSC video camera through 8-bit A/D con-
verter and a preprocessor. The 30,000 sample pictures
are compared with one unknown pattern, and the sys-
tem can process them in about 33ms. The same pro-
cess on the PC(PentiumlII-400MHz,on Linux with gec)
requires about 1~2s. By using the proposed hardware,
1t 1s possible to process pictures at the real-time video
speed(~33ms).

6 Conclusions

We have proposed a novel hardware for the proba-
bilistic neural networks. The hardware contains self-
learning circuits to choose the best parameter. There-
fore, it can accelerate not only the recognition speed
but the learning speed. By using FPGAs with memory
chips connected to them to implement the hardware,
the optimal design in the trade-off between the circuit
complexity (computational precision) and recognition
accuracy.
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Abstract

In this paper, we propose a new method of camera
calibration for stereo vision using neural network.
Multilayer perceptrons of neural nerwork are developed
to transform the coordinates of each image point to the
real world coordinates. Experimental results, the new
method of calibration for stereo vision is theoretically
and experimentally proven to be viable for depth
extraction with stereo images and it is shown to be
efficient, ar~urate, and simple to implement in camera
calibratio.  r stereo vision.
KeyWord : Camera calibraton, Stereo vision, Multilaver
perceprrons

1 Introduction

Camera calibration is the process of determining the
coordinate relationship between a camera image and its
real world space. Accurate calibration of a camera is
necessary for the applications that involve quantitative
measurement of camera images. Camera calibration in
the context of three dimensional (3D) machine vision is
the process of determining the internal camera geometric
and optical characteristics (intrinsic parameters) and the
3D position and orientation of camera frame relative to a
certain world coordinate system (extrinsic parameters),
for the inferring 3D information from computer image
coordinates and inferring 2D computer image
coordinates from 3D information’.

It is difficult to calibration that complex camera
model to consider of constraints and nonlinear
optimization. In addition, Tsai algorithm need that the
calibration plate is sufficiently tilted with respect to the
image plane (at least 30). So we need to new method of
camera calibration that regardless of tilt of image plane
and external. internal parameter of camera model. We

intended to extract depth information (3D World
Coordinate) from 2D image plane. But we are impossible
to extract from only one image plane. So we need to a
pair of image with stereo vision.

Calculating the distance of various points in the
scene relative to the position of the camera is one of the
important tasks for a computer vision system. A common
method for extracting such depth information form
intensity images is to acquire a pair of images using two
cameras displaced from each other by a known distance.
Two images of the same scene taken from a slightly
different view-point convey information about the
distance of the object to the camera pair.

The displacement between the locations of the two
features in the image plane is called the disparity. 3-D
information can be estimated indirectly from 2-D
intensity image using principles of triangulation. The
depth at various scene points may be recovered by
knowing the disparities of corresponding image points.
Thus if we have a pair of image with stereo vision, we
can extract 3D depth information from stereo image with
disparity.

We propose a new method of stereo camera
calibration using neural network that have input to stereo
images and output to 3D depth information. The result
shows that the new method is proven to be efficient.
simple to implement in calibration of stereo camera .

2 Camera calibration using neural network

In this section. we describe the structure of
proposed neural network and learning mode and testing
mode in The study showed that neural networks were
able to model these simple calibration of stereo vision.
illustrating the feasibility of using neural networks to



perform calibrated object extracting of 3D depth
information on stereo vision.

2.1 Structure of neural network

Main concept of proposed camera calibration
algorithm is based upon the multilayer percpetrons.
Multilayer perceptrons are developed to transform the
coordinates of each image point to the world coordinates.
It has two hidden layer and input layer and output layer.

The structure of neural network is given in Fig. 1.
Input layer has four node and output layer has three node
and hidden layer has four node per one layer. These node
is connected in each layer entirely. Transfer function is
used to sigmoid function in first hidden layer, and used
to linear function last hidden layer.

Fig. 1. structure of multilayer perceptrons for stereo
camera calibration

In Fig. 1, (xﬂ, y ﬂ) of input layer means pixel
value of target points in left image and (xf,, yﬁ)
means pixel value of target points in right image.

(xW’ yw’ ZW)
coordinate in pixel value of target points.

of output layer output 3D world

2.2 Training and testing the neural network

We have presented the new method of calibration
using neural network that is build to learning mode and
testing mode. The network is provided with a set of pixel
value of a stereo pair of input images and corresponding
output pixel value of target points.

First, learning mode (training mode) procedure for
determining the weight factors. The weight factor
produce correct real world coordinate to response for a
given set of pixel value of target points. We use error
backpropagation learning algorithm that correct weight
factors using pixel value of target point value.

After the network is trained to give the desired 3D
world coordinate provided with the pixel value of a
stereo pair of input images, its performance with tested.
A new target point of input image is provided and the
output is compared with the desired 3D world coordinate

(xw’yw’zw)'

2.3 divide boundary with lens distortion

In training mode, the input pixel value of target
point is divided boundary to lens distortion. Lens
distortions include two components: radial distortion
and tangential distortion. Lens distortion can be

measured by D, = k(r?) as Fig. 2. Radial distortion

bends the light rays by more or less than the correct
amount. We measured change of radial distortion of

distance from image center. ) is radial distortion and
¥ is distance from center of input image.

Dx =kr* |

extract to r value r

Fig. 2. Extract r value from image center

Fig. 3 shows that the target points of input image
are classified with radial distortion from image center.
Classified data is trained the classified neural network in
each one.

Fig. 3. Data classification with lens distortion of
input image

3 Experiment of camera calibration

In this section, we will describe the procedure and
analyze the result of two different tests of the two-stage
camera calibration: 1) single-plane calibration : calibrate
with no transformation of z axis, 2) multiplane
calibration : calibrate with transformation of z axis. Fig.
4 shows that overall of system.
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} r—_\ The stereo pair of input image which is processed
various image processing is showed in Fig. 6. Input

1 l image is processed in threshold that is a method to

convert a gray scale image into a binary image so that
target points are separated from background. A blob

CCco - - o

samera | | % T analysis algorithm finds all target points in an input
. image and a labeling algorithm assigns a unique label to
all target points for correspondence in the stereo pair of

urninator

images.
= Note that error of calibration points is comparable
& to Tsai’s camera calibration in Fig. 7 and they are giver

1 Frame Grabber =
L (Matrox) _%ﬂl D in the following :
L =

b error, = \/ (x,, —O0x) +(¥,, —Oy,)

: calibration error of target point 7

CCD camera : PULNIX TM-7AS (Ox,,0y,)
Lens : 12mm lens X< 2 - output value of mutil layer perceptron
Frame grabber Matrox Meteor Board Xe, = I x, —Ox, l
Fig. 4. Configuration of overall system - error of target point 7 in x axis
Yei :iywi _Oyi l

3.1 Single plane calibration
The validity of the approach is tested with - error of target point / iny axis

calibration target points which is covered the whole 2D
space concerned in coplanar. The center of the 180

circles are treated as calibration point, 100 points were o o
used in learning data and 81 point were used in test data calibration error in single plane
of neural network. Diameter of target points is 2mm and 1.4
interval of target points is 6mm. 12 Prad
e 5 e ‘ 08 / -+ maxium
E ® * & ’ g 06 / --minimum
: . / . -+-average

LN

0 -] ° P
Xe Ye error Xe tsai Ye_tsai error_tsai

comparable to Tsai's algorithm

Fig. 7. error of calibration points is comparable to Tsai’s

camera calibration
Fig. 5. right input image before image processin -
g . nght mp g gep J Using neural network
1 2 a ; 10 Error Xe Ye error
a1 212 243 %4 25 516 a7 Big 21910 .
W21 522 23 %24 225 €26, .27’ Ezﬁ »23 Max 0.514 0.2400 0.752
4 040314 %2 2 ,3‘43.3: ;35',4'3324 2 3347d848 Min 0.015 0.0002 0.273
O LI R TN AT
5 43,300 351 <52 563 o614 #65 aBC 267 > Average 0.187 0.0805 0.089
69 #70 o71 o2 273 =74 475 278 »
38;73 8 «3980953 1978392'8 23 k0 829:8 s ibrati 1 1 k
0L oo g, 400 401 40 40504 40% Table 1. calibration error using neural networ
AOG 407 408 403 410 411 412413 414 »
ot on 4ot on s AT AT d i i 1
B % 5 T 33;31 435 1 42:§ B ’ As. the‘ result, the experiment 1s provide enqrhqf
E 51 452
e o 2 show in Table 1 but, m case of Tea’s
A64_A165 466 467 471
172473 474 475 476 A77 478 473 480 451 1.0 as shown In 1abic ut, n case Of 1521
- & = & 5 = method with intenal parameter and external parameter

in camera model, the following error table is obtained.
Fig. 6. right input image after image processing
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Tsai’s calibration method

Error Xe Ye error
Max 1.059 1.077 1.285
Min 0.006 0.012 0.072
Average 0.418 0.480 0.333

Table 2. calibration error using Tsai’s method

3.2 multiplane calibration

In multiplane case, Zw of output pixel value is
changed as input image which has 3D depth information
to differ in z axis. This means that we have to train the
neural network with Zw set of pixel value of a stereo pair
of input images.

The neural network is trained for determining the
depth information. When error The same pattern used in
multiplane case can be used, except that Zw of output
value is changed. To obtain error of depth information,
the following equation are necessary :

error, = \/(xwi _Oxi)z + (ywi _Oyi)z + (sz' _OZI‘)Z
- calibration error of target point 7
(Ox,,0y,,0z,)

. output value of mutil layer perceptron

Xe, = lxw,. -Ox, |

- error of target point 7 in X axis
Y € =DVwi Oy i |

- error of target point / iny axis
Ze, =z, — Oz, [

: error of target point 7 in z axis

calibration error in rulti plane

0.4
0.35 ‘\
0.3
g 0.2 - Variance
0.15 r/\‘\\ | Average |
0.1
0.05 /‘\//
0
Xe Ye Ze error
Fig. 8. error of calibration in multiplane
Using neural network in multiplane
Error Xe Ye Ze error
Min 0.00104 | 0.01911 | 0.001446 | 0.08202
Variance | 0.35823 | 0.26075 | 0.218340 | 0.206330
Average | 0.18322 | 0.19814 | 0.163921 | 0.127123

Table 3. calibration error in multiplane

The error in case of multiplane is shown in Fig. 8,
and in Table 3. That has minimum of calibration error
and variance and average of error to extract depth
information and the output from trained neural network
data is available.

4 Conclusion

In this paper, the new method of calibration is
experimentally proven to be viable for stereo vision.
The contribution of this work can be summarized as
follows:

® We have proposed new method of camera

calibration for a stereo pair of images using
neural network. The network can be trained in
target points of 2D input image and tested to
output target point with 3D world coordinate.

® The network can be applied in single plane with
same value of z axis and multiplane with
difference value of z axis. This method is to be
used when the input images of stereo camera
exist in the same plane(coplanar).

® The advantage of proposed calibration method
are versatile-stereo camera can be used for a
variety of automation applications, availability-
regardless of tilt of image plane and calibration
plate. simple-we have no need to be solved
extrinsic and intrinsic parameter included camera
model.

Experimental results show that. 3D world
coordinate computed from multilayer perceptron in
neural network. The new technique is theoretically and
experimentally proven to be viable for stero vision and it
is shown to be efficient, accurate. and simple to
implement in camera calibration.
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Abstract

The problem of determining the proper size of an
neural network is recognized to be crucial, especially for
its practical implications in such important issues as
learning and generalization. Unfortunately, it usually is
not obvious what size is best; a system that is too small
will not be able to learn the data while one that is just
big enough may learn very slowly and be very sensitive
to initial conditions and learning parameters. One
popular technique is commonly known as pruning and
consists of training a larger than necessary network and
then removing unnecessary weights/nodes. In this paper,
a new pruning mcthod is developed, based on the
penalty-term methods. This method makes the neural
networks good for the generalization and reduces the
retraining time after pruning weights/nodes.

1. Introduction

Despite many advances, for neural networks to find
general applicability in real-world problems, several
questions must still be answered. One such open
question involves determining the most appropriate
network size for solving a specific task. There is
dilemma that stems from the fact that both large and
small networks exhibit a number of advantages. When a
network has too many free parameters, not only is
learning fast, but local minima are more easily avoided.
Large networks can also form as complex decision
regions as the problem requires and should exhibit a
certain degree of fault tolerance wunder damage
conditions. On the other hand, both theory and
experience show that networks with few free parameters
exhibit a better generalization performance, and this is
explained by recalling the analogy between neural
network learning and curve fitting. Moreover,
knowledge embedded in small trained networks is easier
to interpret and thus the extraction of simple rules can
hopefully be facilitated.

To solve the problem of choosing the right size
network, two different incremental approaches are often
pursued. The first starts with a small initial network and
gradually adds new hidden units or layers until learning
takes place. Well-known examples of such growing
algorithms are cascade correlation and others. The

second, referred to as pruning, starts with a large
network and excises unnecessary weights and/or units.
This approach combines the advantages of training large
networks (i.e., learning speed and avoidance of local
minima) and those of running small ones (i.e., improved
generalization). However it requires advance knowledge
of what size is “large” for the problem at hand, but this is
not a serious concern as upper bounds on the number of
hidden units have been established. Among pruning
algorithms there are methods that reduce the excess
weights/nodes during the training process, such as
penalty term methods and the gain competition
technique.

Various techniques such as optimal brain surgeon
(OBS) and optimal brain damage (OBD) have been
proposed in literature to prune a fully connected
feedforward artificial neural network (FANN). These
techniques, however, require considerable additional
computation as they require calculation of the Hessian
matrix of the system. These post-training pruning
procedures do not interfere with the learning process, but
they usually require some retraining to maintain the
performance of the original network.

In this paper, a novel post-training pruning method for
arbitrary feedforward networks is proposed, which aims
to select the optimal size by gradually reducing a large
trained network. The method is based on the simple idea
of calculating sensitivity term called impact factor (IMF)
in order to make the output of the each neuron over the
all training input have the same value or low variance.
So the output of the neuron that has the low variance can
be constant value. We can easily prune this neuron or
weight. IMF can easily select the unnecessary weight to
be pruned and reduce retraining effort to maintain the
performance of the original network. The connections
that have the smallest IMF will be pruned and the FANN
will be retrained. The IMF’s are then recalculated and
the weight connections corresponding to the lowest IMF
will be pruned again. The whole process of “training -
IMF calculation - pruning” will be continued until no
further improvement in the FANN model is noticed, i.c.,
no further decrease of global um squared error (SSE).
We define the concept of IMF in the second section. And
the section 3 introduces the algorithm. The related
equations are scripted and the detail explanation is added.
In section 4, the computer simulation results are included.
In last section, we discuss and conclude paper.
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2. Impact Factor

As mentioned in section one, the present studies are
based on a two layer FANN with nonlinear sigmoidal
activation function in the hidden layer neurons and linear
activation function output. The connections between the
input and the hidden layer are represented by “hidden
layer weights” and the connections between the hidden
layer and the output layer are represented by “Output
Layer Weights.”

2.1 Definition of IMF

Most significant component to determine the
importance of synaptic weight is the magnitude of
weight. And the component of determining the
importance of the neuron using IMF method is the
variation of the neuron’s output. If the output of some
neuron varies largely for the input patterns compared
with other neurons, we can rightly think that this neuron
is a significant one for this network. On the contrary, if
varies insignificantly, we can think that this neuron is not
important one. So we also think that this neuron’s output
is constant and this neuron can be transmuted into next
layer’s bias term and the weights related to this neuron’s
output layer could be pruned.

Fig. 1 Single-Layer Perceptrons
Like Fig. 1, the output equation of neuron i is described
as follows

X, = f(wafxf +me
=f[zwii(xf"?i)+zwifff+wi0J (1)

Where X, is the output vector of ith layer, f(e) is
activation function, w; is the weight vector between
ith layer and jth layer, W, is the bias vector of jth
layer, X; isthe average output value of jth layer

In the above nonlinear function f(e), the second and
third term is constant. So the value of the ith neuron’s
output is determined by the first term that is calculated
by the product of the weight and the deviation of the jth
neuron’s output. As the same reason, the importance of a
synapse’s weight, IMF is defined as follows

IMF =w;xo 2)

where O s variance.

Using this factor, there is two methods to calculate the
error term; weight-decay and weight-elimination. The
detail representation equation and differential equation is
explained in next section.

3. Algorithm

3.1 Weight Decay

Weight decay is a method that after training a neural
network and calculating IMF of all the synaptic weights,
the weight with most small IMF is pruned and network is
re-calculated. To obtain IMF, the calculating time and
memory is more needed than normal training method.
Also, as the number of neuron in each layer is different,
so IMFs of layer with many numbers of weights are
larger than those of other layer. As this reason, IMF must
be normalized.

m /1 2 m — .2
E"=E},+En, =En +ﬁ§‘5wij(x,. -x) 0
we
where Eygg is the sum squared error between the target
and the actual output of the network, Eyyr is the sum of
all the weight’s IMFs.
Therefore, the total sum of error can be written as

E ot =Evyse E e

| A o =
=ﬁ;E;SE+-ﬁ;;w,;(x7—xj)z (4)
By the differentiation of above equation’s second term
with respect to each synaptic weight, newly proposed
learning law for IMF can be shown. In this paper, we
will apply this new learning law to two-layer perceptron
and can expand to neural network that has more layers.

3.1.1 Weight connected to output part of synapse
The differentiation of the second term Eyyrof eqn. (4)
with respect to W, is as follow

A I ,
EIMF(wij)=—zwi}Z'(xj _xj)2+EIMF(wij) ©)
M <

E,, 22 .
..—a~w—f‘=ﬁ'wij2(x;‘ —-x].) (6)

ij m
That is, the differentiation of IMF with respect to weight
is the product of variance of hidden neuron’s output and

weight.

3.1.2 Weight connected to input part of synapse

©
Fig.2 Multi-Layer Perceptrons

The structure is like figure 2. The differentiation of Eyy
of eqn. (4) must be calculated. During the signal
transmitting, the weight W, of the rear layer affects on
the weight W of the front layer. The total error Eyg is
composed of the input part error E\yg, and the output
part error Epyp, .
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As Eyr is a function of the input part weights, we can
describe this as follow,

E e (ij) = EIMF.I(ij ) +E1MF,2(ij) +E;MF(wjk) O

sz'k Z(xl’(n -%)! ®)

E o Z z W,, ®

As eqn. (8) is as same as the case of previous output part
weight, we can obtain the differentiation with same
procedure. However, by chain rule, the differentiation of
eqn. (9) with respect tow,, is given by

EIMF.I(wjk) ='];["

1MF2 _EBEI,;{F.Z . ax;n (10)
w Ox7 ow

Each part is calculated as follow,

aE,'"M” A , d w =2
ox" M z,“ Y Bx'."( %)

J J

= W'QT_@) (11)
and

X7 = f[ijkxf +wjoj (12)
3

therefore

ox7
o, =f Zw]kxk +W, (13)
from eqn (11) and (13) we can calculate eqn. (10) as follows
a—E’ﬂﬁl— Z(Zwu ~x;) f(Ewkxk +w, j ]
oW,

(14

Therefore, the total weight learning law is given from
eqn. (6) and eqn. (14).

3.2 Weight Elimination

Like the case of the weight decay problem, a new
learning law for weight elimination can be obtained by
defining the term with IMF as error term and
differentiating it. First, we apply this learning law to
two-layer perceptron and expand to more-than-three-
layer perceptron.

3.2.1 Weight connected to output part of synapse

ETotaI =Eyg +E
——})Z/IMF0
E7 . (15)
Z st ;;Prw,}(x -x,)} | IMF,

The differentiation of the second term Eypof eqn. (15)
with respect to W is written by

A wl(xT —x,)* | IMF
EIMF(Wij)z_z le,m = 2 Ul +
M 14w (x] —%,)" | IMF,

IMF(Wij)
(16)
OE ,r =&wuz X7 =X, ) / IMF,
ow, M (4wl (x! -X,)’ /IMF,)

Ui

3.2.2 Weight connected to input part of synapse

The structure is like figure 2. The differentiation of
Eyr of eqn. (15) must be calculated. During the signal
transmitting, the weight W of the rear layer affects on
the weight W of the front layer. The total error E,MF is
composed of the input part error E\yg; and the output
parterror Epygs .
As Eyyr is a function of the input part weights, we can
describe this as follow,

Eyr (W,'k) = Eer,t(ij) +EIMF.2(ij)+E;MF(ij) (18)
sz'k (x{ —x,)" | IMF,

(19)

Enpi(wy)= M21+W2-k(x1:" -x,)’ | IMF,
w,](x f})z/IMFU 20)

Epe,(Wy) = zzl+w —)?}.)Z/IMFO

As eqn. (18) is as same as the case of previous output
part weight, we can obtain the differentiation with same
procedure. However, by chain rule, the differentiation of
eqn. (20) with respect tow, is given by

OE,, Ox]
[MFZ _; a;MFz _aw (21)
Each part is calculated as follow,

CA SR R T
i MY x| 1+wi(x] -x,)" | IMF,
=i2w2[ 2(x" ~%,) | IMF, } -
M Y (1+w (x7 —x) | IMF,)*

and

=f[2wjkx,:" +wj0] (23)
k
therefore

ox7

5 =f [Zw]kxk +w, ]x,ﬁ" 4
W i

from eqn (22) and (24) we can calculate eqn. (21) as follows

oF 24 (x"
G 2y(5 ]

m
i ,,, T+w; (x]

—X,)/ IMF,
-%,)’ | IMF)’

f (ijkx,’(" Wi }x,:" J @3)
k

Therefore, the total weight learning law is given from



eqn. (17) and eqn. (25).

4. Simulations and Results

We applied the new pruning method to the function
approximation. The given function is as fig. 3. The
number of training data is 225 and the number of testing
data is 10000.

Fig.3 Testing Function
Before testing our pruning algorithm, it must be pre-
determined that how many weight is needed. Therefore,
Using Quasi-Newton method, we had trained this
function. We used 2-input layer, n-hidden layer and 1
output-layer full-linked network.
Through the preprocessing, we have known that the
20~30 hidden neurons are suitable for this function.
Therefore through pruning algorithm, the network size
must converge to this size.
Table.1 shows the results of pruning with the proposed
pruning algorithm.

Table 1. The results of pruning with weight-decay and
elimination using IMF

Method #of # of ratio Performance
hidden pruned improvement
neurons weight

Weight 40 51 31.7% 5.6%

Decay 50 60 29.8% 8.5%

Weight 40 66 40.9% 5.0%

Elimination 50 72 35.8% 3.4%

The table 1 was made after 5O trials and averaging. The

“training—pruning-retraining” procedure was iteratively done.

This result shows that the proposed pruning algorithm is
doing well. Both weight-decay and weight-elimination
methods make network size 20~30. In addition,
generalization performance improved by 3~8%. Next two
figures show graphically the change of generalization
performance. After each pruning, the performance was re-
calculated.

Fig 4. The change of generalization performance
Using weight-decay and weight-elimination

B e

[T
P T S O

>

Fig 5. Result of Retraining Time of each algorithm

As the value of weight-decay method is larger than the
value of weight-elimination method, so the variation of
generalization performance and the epoch for re-training
of weight-decay are larger than these of weight-
elimination.

Weight-elimination method helps more small weight
with small IMF.

5. Conclusions

In this paper, a formal pruning selection scheme based
on a penalty term was proposed. During the training
procedure, the insignificant neuron will make the same
output for all input pattern. So we can easily select the
weight that should be pruned.

Using IMF pruning algorithm, we can more easily select
insignificant weights and more easily re-train the
network.

This paper shows the improvement of generalization
performance. This algorithm improves the network by
the 8.5% for weight-decay and 3.4% for weight-
elimination.
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Abstract

In this paper, we have propose autonomous learn-
ing algorithm based on the internal state of the as-
sociative memory. The proposed associative memory
model consists of structurally unstable oscillators and
a common field such as chemical concentration.

In computer simulations, when the pattern memo-
rized in the network is given to the network from the
environment, the state of the common field becomes a
periodic state. On the other hand, when the pattern
has not been memorized is given to the network, the
state becomes an intermittently chaotic and the out-
put of the network travels around the input and some
memorized patterns. This chaotic state is regarded
as "I don’t know” state. Further, when the proposed
autonomous learning algorithm is applied to the pro-
posed network, the network can learn only the novel
patterns automatically without destroying the previ-
ously mernorized patterns.

Keywords: autonomous learning algorithm, associa-
tive memory, time-dependent internal state.

1 Introduction

There are many neural networks which model some
information process in the brain. The associative
memory model proposed by Hopfield[1] is one of them.
In this model, the memories are embedded in the net-
work such as each synaptic weight Jij between the
neuron ¢ and neuron j in advance. For recalling the
menory, an initial state which is a point inside of the
basins is given to the network as the stimulus. Then,
the state of the network converges to the relevant point
attractor, that is, the network dynamics is based on
the Liapunov stability theory. This stability is robust

itoQ@dis.titech.ac.jp

to a noise. However, for this robustness, if novel pat-
terns are given to the network as the continuous exter-
nal input, the network must converges to 1)one of the
embedded patterns, 2)the input pattern, or 3)a mixed
pattern of them. Hence, it is necessary that the in-
formational process of the network is divided into the
the associative and learning phases.

Freeman and coworkers[2] showed that when the
novel odor stimuli are given to the rabbit, the olfactory
bulb responses chaotically, which is known as “I don’t
know” state. Further, if the rabbit has learned the
novel odor, the olfactory bulb changes to response pe-
riodically. These physiological facts suggest that the
brain and neural systems utilize a chaotic dynamics
and a phase transition or a bifurcation for the recog-
nition process including the learning process.

From this point of view, we propose a dynamical
memory network constructed from chaotic dynamics
and an new learning algorithm based on the internal
state of the network. There are many network based
on a chaotic dynamics[3]~[6]. These studies focused
on the dynamical associative process on each network.
On the other hand, in this paper we focus the learning
process of the network.

2 Proposed Dynamical System

We need a dynamical memory system not based
on the Liapunov stability in order to realize “I don’t
know” state. We proposed the new network based on
an analogy between associative memory and Lorenz
system(7].

The proposed network is shown in Fig. 1 and the
evolution equations are represented by a set of ordi-
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(a) (b)

Output Output

Input Input

Figure 1: Schematic illustration of the network archi-
tecture.

nary differential equations as follows.

N
o= —uita )\—%va v; + h; (la)
=1
v, = —o(vi —uy) (1b)
. ’)/ N
M= bf1-a- D e (1c)
i=1

where v = 20 /b — 1.

This network consists of the neural oscillators and
the common field which stands for the concentration
of a certain kind of chemical substances. Further,
these oscillators are soaked in this common field. The
schematic illustrations of the proposed network are
shown in Fig. 1.

Each neural oscillator consists of the excitatory u-
neuron and the inhibitory v-neuron shown in Fig.1
(b). There are two type intra-connections from the
inhibitory v-neuron to the excitatory u-neuron. These
are the first order excitatory connection and the third
order inhibitory connection. In Fig.1 (b), the former
and the latter corresponds to the solid and the broken
lines, respectively. Further, the intension of the first
order excitatory connection depends on the common

filed X.

On the other hand, there are two types of inter-
connections among oscillators, one is the mutual in-
hibitory connections from the v;(j # %) neurons to the
u; neuron, the other is the mutual connections among
u neurons which corresponds to the thick broken and
the thick solid line in Fig.1 (a) and (b), respectively.

The mutual connections among u neurons induces
the local filed h; defined as follows.

N

h; = ¢ Z J,‘J'Sj + eo1; (2)
J#i
S = ta,nh(ﬁui). (3)

where J;;, I; and (3 is coupling weight, input and step-
ness parameter, respectively.

In Eq.(1la), when the parameter a is zero, the evo-
lution equations are equivalent to the conventional
Hopfield model[l]. Then, the proposed model is an
expanded model of the conventional Hopfield model.

The common filed is uniform for the space. Further,
it is consumed by the oscillators and supplied from the
outside. Hence, this system is an open system.

3 Simulations

We use binary patterns that each pixel consists of
{—1,1} and its size is 49. These binary patterns are
no-orthogonal set.

In order to investigate the network dynamics when
known and unknown patterns are given to the net-
work, the patterns €, €3) and |, £€4) are embed-
ded in the network in advance. Namely, the synap-
tic weights J;; between u; and u; neurons are given
by the superposition of auto-correlation matrix of the
each pattern as follows.

A
Jij = N(;(l—éi,-)éf”)é;”)) (4)

where §;; is Kronecker’s é. It is simple auto-correlation
matrix. we assume no special structure on the synap-
tic coupling weights J;;.

Each parameter of the network was selected as fol-
lows: &k = 100, b = %, B = 50.0, e = 0.2 and
e = 0.048.

4 Dynamical Associative Process

Next, we show the dynamical behavior of A; and
the output pattern of the network around this critical
region. The parameter a was selected as o = 200.
For measuring the output pattern of the network, we
calculated Hamming distances defined as follow.

( 1 1 &
Htu) = 3 (1 -5 Z;E(”)si’t> (5)
=
When Hamming distance H,f”) is 0 or 1, the output
pattern is pattern £ or the inverse pattern of it,
respectively.

These result are shown in Fig. 2. In this Figure,
when the Hamming distance is less than 0.2 or more
than 0.8, dot is plotted.

When the known pattern £€(*) is given to the net-
work, )\ oscillated periodically with cycle 4, and the
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