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agentfacedanewlearningtask,it�rstdeterminedthemostre-

latedtaskcluster,thenexploitedtheinformationfromthistask

clusteronly.However,inalltheseapproaches,thetasksconsid-

eredweresimilartoeachother.Learningsequencesofmultiple

decisiontasks[7]orchangingtheagentbehaviorbasedonthe

environmentalconditions[8],[9]havealsobeenundertaken.

Inadditiontolearning,theevolutionofneuralcontrollersis

wellknownforprovidingafamilyofnaturallyinspiredalgo-

rithmsthatcansuccessfullyaddressawiderangeofrobotbehav-

iorlearningproblems[10]–[12].Inevolutionaryrobotics[13],

differentconstraintsandobjectivesaretypicallyhandledas

weightedcomponentsofthe�tnessfunction[14],[15],thus

applyingasingleobjectiveevolutionaryalgorithm(SOEA).For

example,FloreanoandMondadaevolvedneuralcontrollersfor

Kheperarobotstoperformstraightmovementwhileavoiding

obstacles[14].Theaveragerotationspeed,absolutedifference

betweentherightandleftwheels,andproximitysensorreadings

areallincludedinasingle�tnessfunction.CliffandMillercoe-

volvedapursuerandanevaderinasimulatedenvironment[15].

Whilethe�tnessscoreoftheevaderwassimplythelengthof

timeitlastedbeforebeinghitbythepursuer,the�tnessscore

forthepursuerwasmorecomplicated.Thepursuerreceived�t-

nesspointsforapproachingtheevaderandbonusforhittingthe

evader.Thebonuswasdependentonthetimingofthecollisions.

Astheauthorsnoted,theyhadtotrymanyweightcoef�cients

beforetheyarrivedatasuccessfulcombination.Therefore,to

combinedifferentobjectivesintoasingle�tnessfunction,an

a priori decision is needed about the relative importance of
the objectives, emphasizing a particular type of solution. These
techniques often require some problem-speci�c information,
such as the total range each objective covers. In complex prob-
lems, such as multiple task performance, such information is
rarely known in advance, making the selection of single objec-
tive weighting parameters extremely dif�cult.

This article presents a novel approach for multiple task
robot performance based on multiobjective evolutionary algo-
rithms (MOEAs) [16]–[18]. Unlike previous methods, in the
experiments presented here, each task is considered as a sepa-
rate objective function. The nondominated sorting genetic al-
gorithm (NSGA) [19] is used to generate the Pareto set of
neural networks that tradeoff between the separate task per-
formance. MOEAs have been successfully applied to evolve
neural networks in which the architectural complexity and
performance are co-optimized [20]–[22]. MOEAs have also
been applied to design feedforward neural networks for ob-
ject recognition [23] and time series forecasting [24]. In ad-
dition, Barlow et al. [25] employed the multiobjective ge-
netic programming to evolve controllers for unmanned aerial
vehicles.
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Fig. 6. Performance of CR robot for protecting task (box 1). (a) CR trajectory. (b) Hinton diagram of connection weights.

Fig. 7. Performance of CR robot for battery capturing task (box 5). (a) CR trajectory. (b) Hinton diagram of connection weights.

rotates clockwise to capture the objects. In addition, Fig. 7(a)
shows that the CR robot evolved strategy is to ignore the pro-
tected robot when it became visible. During the last 100 time
steps, when there is no uncollected object in the environment,
the protected robot became visible �ve times. However, the ac-
tivation of theArob andCrob units did not have any effect on
the activation of theLmotor unit, while the activation ofRmotor

was further reduced. Therefore, the CR robot rotates very fast,
and the exposure time of the protected robot is very short. The
Hinton diagram [Fig. 7(b)] shows that the H3 neuron has the
main in�uence on this strategy.

Even when the nearest object is to the front, the CR robot
rotates slowly counterclockwise, due to the strong positive con-
nection between the H3 neuron withRmotor and the negative
connection withLmotor units. When the object gets out of the
visual �eld, the Aobj andDobj units are deactivated, reducing
the activation of the H3 andRmotor units. Therefore, the CR
rotates very fast, and the nearest object becomes visible again.
This strategy is repeated three or four times before the CR
reaches the object. When there is no visible object, the left
wheel moves at maximum speed while the right wheel nearly
stops moving, resulting in a fast clockwise rotation.

The box 3 neural networks induce the CR robot to simulta-
neously perform both tasks with the same priority [Fig. 8(a)].

The CR robot, while following the protected robot, collected
eight of the objects scattered in the environment. The proximity
and distance sensors help the CR robot not to hit the protected
robot, even while it moves very close and perpendicular to the
moving direction of the protected robot. The Hinton diagram
of the box 3 neural controller [Fig. 8(b)] shows thatDobj has
strong weight connections with hidden units. This leads us to
the conclusion that the CR robot switches between two tasks
based on the activation of theDobj unit.

The performance of the evolved neural controllers was also
tested in environments different from those in which they had
been evolved (Fig. 9). Fig. 9(a) shows the CR robot perfor-
mance controlled by the box 3 neural network. The CR robot
is placed initially in a different position near the center of the
environment. In addition, the objects are placed in different po-
sitions. The number of objects collected is increased due to
the new environment. Fig. 9(a) shows that, initially, the CR
robot collects two objects, and then, it starts moving toward the
protected robot. Fig. 9(b) shows the performance of box 4 neu-
ral controllers as the protected robot follows a different trajec-
tory, and the density of objects in the environment is decreased.
These results demonstrate that evolved neural controllers gen-
eralize well in new environments. However, in certain speci�c
environments, the box 5 neural controllers failed to perform
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Fig. 8. CR multiple tasks performance (box 3). (a) CR trajectory. (b) Hinton diagram of connection weights.

Fig. 9. Performance of evolved neural controllers in different environment settings.

the object collection task. For example, when the number of
objects was reduced or when they were not well distributed,
the CR was unable to explore the environment and �nd the
objects.

An important advantage of applying MOEAs to evolve neural
controllers for multiple task robot performance is the ease with
which the number of tasks may be increased. In the following,
in addition to the protection and object collection tasks, the
exploration of the environment, by moving close to the walls
and obstacles, is also undertaken. In order to maintain a constant
distance from the wall while moving along it, the �tness is
calculated as

fwall =
max st∑

i=1

∣∣di
t wall � di

r wall

∣∣ � 3.1dmove (9)

where max_st is the maximum number of steps,dmove is the
moving distance of the CR robot, anddt wall and dr wall are
the target and real distance, respectively, to the nearest wall. In
order to force the evolutionary process to select individuals able
to move in the environment while keeping a speci�ed distance
from the wall,dmove is added in the �tness function.

Fig. 10(a) shows the CR robot performance controlled by the
best neural controller for the wall following task. The CR robot
moves close to walls and obstacles utilizing the data of proximity
sensors (PS3–PS5) and the distance sensor. In addition, the

MOEA generated neural networks that control the CR robot to
simultaneously switch among three tasks [Fig. 10(b)].

B. Comparison to the Weighted Sum Method

As already pointed out, other approaches [14], [15] have com-
bined different objectives into a single objective using predeter-
mined weight parameters. Although this approach is advanta-
geous because it applies traditional SOEA, the method requires
some problem-speci�c information, such as the total range each
objective covers. In order to compare the relative performances,
we also ran new simulations in which two cost functions of the
protecting and object collecting tasks are merged into a single
objective. The values off1 andf2 are normalized between 0
and 1, setting the cost functionfs as

fs = �
(

�
min(f1)

f1

)
+ (1 � �)

(
�

f2

max(f2)

)
(10)

where� is the weighting constant restricted to [0, 1].
The results of �ve different simulations with different values

of � are given in Table I. Although we utilized the information
about the �tness functions generated by the MOEA, the results
show that it is very dif�cult and time-consuming to determine
the best weighting constants for a predetermined number of
collected objects. For example, the CR robot captured �ve ob-
jects while following the protected robot when the weighting
coef�cient was selected as� = 0.5. The difference between the
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[31] P. E. Hotz and G. Ǵomez, “The transfer problem from simulation to the
real world in arti�cial evolution,” inProc. 9th Int. Conf. Simul. Synthesis
Living Syst. (Alife IX), 2004, pp. 17–20.

[32] P. Husbands, T. Smith, N. Jakobi, and M. O’Shea, “Better living through
chemistry: Evolving gasnets for robot control,”Connect. Sci., vol. 10,
no. 3/4, pp. 185–210, 1998.

[33] O. Miglino, H. H. Lund, and S. Nol�, “Evolving mobile robots in simulated
and real environments,”Artif. Life, vol. 2, no. 4, pp. 417–434, 1995.

[34] A. L. Nelson, E. Grant, J. M. Galeotti, and S. Rhody, “Maze exploration
behaviors using an integrated evolutionary robotics environment,”Robot.
Auton. Syst., vol. 46, pp. 159–173, 2004.

[35] S. Nol�, J. L. Elman, and D. Parisi, “Learning and evolution in neural
networks,” Adapt. Behav., vol. 3, no. 1, pp. 5–28, 1994.

[36] R. Odagiri, Y. Wei, T. Asai, O. Yamakawa, and K. Murase, “Measuring
the complexity of the real environment with evolutionary robot: Evolution
of a real mobile robot Khepera to have minimal structure,” inProc. IEEE
Int. Conf. Evol. Comput. (ICEC 1998), pp. 348–353.

[37] J. Teo and H. A. Abbass, “Automatic generation of controllers for embod-
ied legged organisms: A Pareto evolutionary multi-objective approach,”
Evol. Comput., vol. 12, no. 3, pp. 355–394, 2004.

Genci Capi (M’01) received the B.E. degree in me-
chanical engineering from the Polytechnic University
of Tirana, Tirana, Albania, in 1993, and the Ph.D.
degree in information systems engineering from Ya-
magata University, Yamagata, Japan, in 2002.

From 2002 to 2004, he was a Researcher in the De-
partment of Computational Neurobiology, Advanced
Telecommunications Research Institute International
(ATR), Kyoto, Japan. In 2004, he joined the Depart-
ment of System Management, Fukuoka Institute of
Technology, as an Assistant Professor, and in 2006,

he was promoted to Associate Professor. He is currently an Associate Professor
in the Department of Electrical and Electronic Systems Engineering, University
of Toyama, Toyama, Japan. His current research interests include intelligent
robots, multirobot systems, humanoid robots, learning, and evolution.


