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Abstract

We have to prepare the evaluation (fithess) function to evaluate the performance of the robot when we apply the machine
learning techniques to the robot application. In many cases, the fithess function is composed of several aspects. Simple
implementation to cope with the multiple fitness functions is a weighted summation. This paper presents an adaptive fitness
function for the evolutionary computation to obtain the purposive behaviors through changing the weights for the fithess
function. As an example task, a basic behavior in a simplified soccer game (shooting a ball into the opponent goal) is selected
to show the validity of the adaptive fitness function. Simulation results and real experiments are shown, and a discussion s given.
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1. Introduction

One of the ultimate goals of robotics and Al is to
realize autonomous robots that organize their own in-
ternal structure towards achieving their goals through
interactions with dynamically changing environments.
In applying some of evolutionary approaches to the
robot in order to obtain purposive behaviors, the fit-

ness (evaluation) function should be given in advance.

There are two important issues when we attempt to
design the fitness function.

In order to deal with multiple objectives, several meth-
ods are proposef?]. The weighted sum method is
most popular for multi-objective optimization since it
is easy to implement and allows to scale objectives.
However, this approach faces the essential problem of
weighting itself, that is, how to decide the weight val-
ues. Another approach is to obtain the Pareto optimal
solutions taking advantage of the parallel search of
evolutionary computation. However, in robotic appli-
cations, itis sometimes meaningless to optimize one of
the fithess measures. For example, one of the rational

First one is that the multiple fitness measures should behavior of obstacle avoidance in a static environment
be considered in order to evaluate the resultant per- is not to move, which is not our intentional result.

formance. Since multiple objectives may be conflict-
ing with each other, it is usually difficult to obtain the
global minimum for each objective at the same time.
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In addition, it seems ineffective to fix the weight
values during the evolution. In general, when the
given tasks are too difficult for the robot to accom-
plish them, the good evaluation is seldom obtained
[1,7,8] If we set up the severe fitness function at
the beginning of evolution, the robot does not obtain
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the good evaluation. As a result, the robot cannot the priority of f;. The fitness functiorF (k, ¢) is com-
accomplish the task. Therefore, we have to set up the puted by

appropriate fitness function according to the current n
ability of the robot when the robot can obtain the F(k,r) = Zwi(t)fi(k, 1), (2)
purposive behaviors in a finite learning time. In gen- i=1

eral, it seems difficult to accomplish the complicated
task from the beginning. Asada et §l] proposed a
paradigm called_earning from Easy MissionYang
and Asadd10] proposed Progressive Learning which
would learn a motion to be learned from slow to fast
and apply it to a peg insertion task. Omfahapplied
genetic algorithms to acquire the neural network con-
troller which can drive a bicycle. The designer give
an initial velocity to the bicycle so as to control it
easily. After the generation proceeded, the assist was
slightly decreased.

In this paper, we propose an adaptive fitness func-
tion which changes the weights during the evolution- 1Y
ary processes. We focus on the correlation between Afi(t) = N Z{fi(k’ B = fitk.t =1}, @)
objectives to change the weight. Based on the given k=1
priority, the robot modifies the fitness function to con- whereN is the number of population. Since the ob-
trol the task complexity. In order to obtain the con- jectives are standardizedyf; < 0 means that the
troller, we select a Genetic Programming (GP) method objective f; is improved based on the current fitness
[4]. GP is a kind of genetic algorithms based on the function F. Therefore, the robot does not modify the
tree structure with more abstracted node representa-weight if Af; <Oforalli =1,...,n.
tion than gene coding in ordinary genetic algorithms. ~ The problem is that some objectives get worse, that
As example tasks in our work, we adopt the domain of is Af; > 0. In this case, the weighb; should be
soccer robots, RoboCup, which is an attempt to fos- modified to improve the performance of the controller.
ter robotics and Al researches by providing a standard However, the weights for other objectives (j # i)
problem where a wide range of technologies can be should also be considered since they might be related
integrated and examing@]. In this task, six objec-  to each other. Now we consider the relations between
tives are considered to evaluate the behavior. We showtwo objective functionsf; and f;. Linear correlation
how the robot would acquire the purposive behaviors coefficient of f; and f; is given by
using the adaptive fitness function. Finally, the results

where w; () and n denote the non-negative weight
for objective f; and the number of objectives, respec-
tively. We have to minimize the fithess functian.
Obviously, criteria with large weights have more influ-
ence on the fitness than those with small coefficients.
We focus on the change of eaghand correlation so
as to modify the weights. Technically, all weights are
given an initial value and re-setting them happens by
adding a valueAw after a certain predefined number
of evaluations. We consider the change of the objec-
tive functions by

of computer simulation, real experiments, and a dis- (1) = 2 fitk, ) — fi) (fj (k. 1) — f}) ’

cussion are given. \/Z(fi(k’t) _ ﬁ)z\/Z(f/(k, £ — fi)2
3)

2. Adaptive fitness function where f; and f; denote the average of; and f;,

respectively. Based on the linear correlation, the
As described above, adaptive fitness function is ef- relations between two objectives can be roughly cat-
fective to accelerate the speed of evolution. Here, we egorized into three: (a) no correlation, (b) positive
explain the advantage of this method schematically. correlation, and (c) negative correlation. I&tbe the
Let theith objective function of the individual at the set of objectives which is related to t#h objective
enerationy be f;(k,t). We assume thaf; is stan- - .
gardized, and p{)sitive fitness representation. In other Ci=Ullrl > & j=i+1....n} )
words, the smaller is the better (0.0 is the best). In wheree is a threshold between 0 and 1, ardis a
addition, we introduce a priority functiopr to define correlation betweetrf; and f;. In case ofC; = ¢ (the
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objective f; is unrelated to other objectiveg); can
be modified independently. Therefote, is increased
so thatf; would be emphasized:
wi(t+1) =w;@) + Aw, (5)
whereAw is a small positive constant. In case(@f
¢, the weight is updated by

1 (= >e),

o, (6)

ij*(t)z -1 (’”ij*<

where j* is prior to other objectives i€;, that is
J* = argmaxr(f;).
jeCi

The reason whyw; is not changed directly is that
the weight of the upper objective would continue to
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3. Task and assumption
3.1. Environment and robots

RoboCup [3] is an attempt to promote intelli-
gent robotics research by providing a common task
for evaluation of various theories, algorithms, and
agent architectures. RoboCup has been increasingly
attracting many researchers. In order for a robot to
play soccer game reasonably well, many technolo-
gies need to be integrated and a number of technical
breakthroughs must be accomplished. Therefore, we
have selected a simplified soccer game consisting
of two mobile robots as a testbed to show the va-
lidity of the adaptive fithess function. The task for
the learner is to shoot a ball into the opponent goal
without collisions with an opponent. At the begin-
ning, the behavior is obtained in computer simulation,
and we transfer the result of simulation to the real

be emphasized even if the corresponding objective is robot.

saturated. As a result, the lower objective related to
the upper one is emphasized directly.

Finally, we summarize our proposed method to
modify the weight of fitness function as follows:

(1) Fori =1,...,n, update the weights as follows:

A. In case ofC = ¢, update theth weight by

w; (t+1) = w; (t) +«, wherex is a step-size
parameter.

B. In case ofC # ¢, update thej*th weight by

(2) Create the next population, and increment the gen-

eration byr — t + 1.

Fig. 1(a) shows an our mobile robot, a ball, and a
goal. The environment consists of a ball, two goals
(own and opponent goal), and two robots. The sizes
of the ball, the goals and the field are the same as
those of the middle-size real robot league of RoboCup
Initiative. The robot cannot obtain the complete infor-
mation about the environment because of limitation of
its sensing capability and occlusion of the objects. For
example, in order to capture the front view, the robot
has a TV camera of which visual angles aré aad
30° in horizontal and vertical directions, respectively.
As motor commands, each mobile robot has two de-
grees of freedom.

current population

best one
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crossover Ereation
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| !
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Fig. 1. GP implementation: (a) our mobile robot; (b) flowchart of GP.
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3.2. Objective functions

Although shooting behavior is one of the funda-
mental ability to play a soccer game, many objectives
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(objecty x 4 (feature$ = 16 since the objects in the

environment are the ball, two goals and an opponent.
Due to severe problems such as the limitation of sens-
ing capabilities, the robot does not always perceive

have to be considered. In this experiment, we set up the correct information about the image features. As

six objective functions;fopp (the number of achieved
goals), fown (the number of lost goals)kick (the total
number of ball-kicking),f: (the total number of col-
lisions), fstep (the total number of steps until all trials
end), andfyy. The first five objective functions are
the same as what were used in our previous W8}k
The sixth objectivefyy can be regarded as a sub-goal
to shoot the ball into the opponent goal effectively. If

the ball and the opponent goal are observed in a line,

fov become a small value.

In addition, our proposed method might depend on
the priority that is given in advance. In order to check
the dependence on the priority function, we prepare
four priorities (case A, B, C, and D) as follows:

A. fopp— fown = fov = fiick = fc = fstep
B. fopp—> fown = fkick = fc — fov = fstep
C. Sopp = fstep— fov = fkick = fc — Sfown
D. Sopp = fown = fov = fstep— foc = fick

a function set, we prepare four fundamental operators
such ast, —, x and/.

Fig. 1(b) shows a flowchart to create a new gen-
eration. The best performing tree in the current gen-
eration will survive in the next generation. The size
of the population is set to 150. In order to select
parents for crossover, we use tournament selection
with size 10. The maximum depth by crossing two
trees is 25. We perfornT = 30 trials to evaluate
each robot. The number of generations for which the
evolutionary process should run is 200. One trial is
terminated if the robot shoots the ball into the goal or
the pre-specified time interval expires. The parameter
¢ in EqQ. (4)is set to 05. The step-size parameteris
set to 002. A time interval is defined as a time period
for one action execution corresponding to the sensory
input of a robot (33 ms).

The initial weights for the six fithess measures are set 4. Experimental results

as follows: fown = fopp = 9.0, fiick = 8.0, fc = 4.0,
fstep = fov = 2.0. They are the best values in our
previous experiments using the fixed weight fithess
function. The policy to design the priority is explained
as follows. Since the main purpose is to shoot a ball
into the opponent goal, the objectivigpp is prior to

all other objectives.

3.3. GP settings

In order to obtain the controller, we select the GP
method[4]. In our case one individual corresponds to
one controller, and each individual has two GP trees
which generate the motor command of the left and
right wheel, respectively. GP learns to obtain mapping
function from the image features to the motor com-
mand. In other words, GP tries to obtain the simple
feedback controller.

4.1. Comparison between the proposed method
and the fixed weight method

At first, we perform a simulation using a station-
ary opponent. We compared the proposed method with
the fixed weight method. Since the opponent did not
move, this experiment can be regarded as an easy sit-
uation.Fig. 2(a) shows the result when the opponent
is stationary. In the case of the fixed weight method,
the performance was not improved after the 50th gen-
eration. On the other hand, the performance based on
the proposed method was improved gradually.

Next, we show a simulation results using an active
opponent. This experiment can be regarded as a more
difficult situation. As an initial population for this
experiment, we used the best population which was
obtained in the previous experimefig. 2(b) shows

Then, we select the terminals as the center posi- the histories of fopp. In this experiment, although
tion of the objects in the image plane. For exam- the opponent just chased the ball, the speed could
ple, in a case of the ball, the current center position be controlled by the human designer. Its speed was
(xp (1), yp(2)) and the previous onef(r—1), y, (r—1)) gradually increased at the 40th and 80th generations,
are considered. The total number of the terminals is 4 respectively. According to the increase of the speed
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Fig. 2. Average of the number of achieved goals in the first experiment: (a) with the stationary opponent; (b) with the moving opponent.

of the opponent, the obtained scorfgp was slightly would acquire such behaviors as follows. At the be-
decreased in a case of the fixed weight method. On ginning of the evolution, the most important thing is
the other hand, the robot using the proposed methodto kick the ball towards the opponent goal even if it
kept the performance same in spite of the increase of makes a collision with the opponent. Therefore, the
the speed. weights for fo and fsiep are set to small values in
We checked the obtained behaviors based on botha case of the fixed weight method. After a number
methods, and it was found the following issues: with of generation, the weight fofopp affected the dif-
respect tofopp and fown, both methods achieved the ferences of fitness among individuals because most
almost same performances. In cases of the number ofindividuals accomplished the shooting behavior. Con-
collisions (f;) and the stepsftep, the performance  sequently, the robot using the fixed weight method
of the proposed method is better than that of the fixed did not considerf; and fstep through the whole gen-
weight method. We suppose the reason why the robot erations. On the other hand, the robot based on the
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proposed method changed the weight ffep to limitation of the space, we show the results of four
be considered. As a result, the robot using the pro- fithess measures ikig. 3 using the four priorities.
posed method obtained the shooting behavior more FromFig. 3(a), although the learning curves were dif-

quickly. ferent among four cases, the final values converged to
the almost same value.

4.2. Comparison among the different priority Fig. 3(b) shows the weights of case C during

function the evolution. Since the weights for the number of

achieved and lost goals were constant, only one line
Next, we checked how the priority affects the ac- was shown in this figure. It follows from the ini-
quired behaviors when we changed the order of the tial weights described irsection 3.2 the important
priority, because the priority of fitness measures must order of fithess measures were described as foll-
be given to the robot in advance. For the sake of the ows: fown — fopp = fkick = fc — fstep ~> fov-
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Fig. 3. Comparison among four priority functions: (a) achieved goals; (b) weight based on case C.
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Using the adaptive fitness function, the resultant order nent goal in red, blue, and yellow respectively. There
were described as followgiick = fstep— fown — is only one robot in the environment because of the
fopp = fc = fov. In many cases we can see that limitation of image processing to detect the opponent
settlement. That is, ball-kicking was emphasized robot.

through the evolution. On the other hand, it was not  Fig. 4 shows the preliminary result of the experi-
important for the robot to consider the measure about ments, that is, one sequence of images where the robot

the overlapping degreg,, directly. accomplished the shooting behavior. As compared
with the behaviors based on our previous methods
4.3. Real experiments [1,8], obtained behavior seems very smooth because

of mapping from the continuous sensor space to the
We transfer the controller obtained in the computer continuous action space. Our robot participated in the
simulation to the real robot. A simple color image pro- competition of RoboCup 1999 and 2000 which were
cessing (Hitachi IP5000) is applied to detect the ob- held in Stockholm and Melbourne, respectively. The
jects in the image plane in real time (every 33ms). In evolutionary processes among different priority were
order to simplify and speed up the image processing slightly different, but resultant performance were
time, we painted the ball, the own goal, and the oppo- almost same in this experiment.

Fig. 4. Typical shooting behavior in the real environment.
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