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Abstract

The existing reinforcement learning approaches
have been suffering from the policy alternation
of others in multiagent dynamic environments
such as RoboCup competitions since other
agent behaviors may cause sudden changes
in state transition probabilities of which con-
stancy is needed for the learning to converge.
A modular learning approach would be able to
solve this problem if we can assign each mod-
ule to one situation in which the module can
regard the state transition probabilities as con-
stant. This paper presents a method of mod-
ular learning in a multiagent environment, by
which the learning agent can adapt its behav-
iors to the situations as consequences of the
other agent’s behaviors. Scheduling for learn-
ing is introduced to avoid the complexity in au-
tonomous situation assignment.

1 Introduction

There have been an increasing number of approaches to
robot behavior acquisition based on reinforcement learn-
ing methods [Asada et al., 1996, Connell and Mahade-
van, 1993]. The conventional approaches need an as-
sumption that the environment is almost stationary or
changing slowly so that the learning agent can regard
the state transition probabilities as constant during its
learning. Therefore, it seems difficult to directly ap-
ply the reinforcement learning method to a multiagent
system because a policy alteration of other agents may
occur, which dynamically changes the state transition
probabilities from the viewpoint of the learning agent.
RoboCup provides such a typical situation, that is, a
highly dynamic, hostile environment, in which agents
have to obtain purposive behaviors.

There are a number of studies on reinforcement learn-
ing systems in a multiagent environment. Asada et al.
[Asada et al., 1999] proposed a method which estimates
the state vectors representing the relationship between

the learner’s behavior and those of other agents in the en-
vironment using a technique from system identification,
then reinforcement learning based on the estimated state
vectors is applied to obtain a cooperative behavior. How-
ever, this method requires a global learning schedule in
which only one agent is specified as a learner and the rest
of agents have a fixed policies. Therefore, the method
cannot handle the alternation of the opponents policies.
This problem happens because one learning module can
maintain only one policy. A modular learning approach
would provide one solution to this problem. If we can
assign multiple learning modules to different situations
in each of which module can regard the state transition
probabilities as constant, then the system could show a
reasonable performance.

Jacobs and Jordan [Jacobs et al., 1991] proposed the
mixture of experts, in which a set of the expert modules
learn and the gating system weights the output of the
each expert module for the final system output. This
idea is very general and has a wide range of applica-
tions. Singh [Singh, 1992c, Singh, 1992a] has proposed
compositional Q-learning in which an agent learns mul-
tiple sequential decision tasks with multi learning mod-
ules. Each module learns its own elemental task while
the system has a gating module which learns to se-
lect one of the elemental task modules. However, there
are no such measure to identify the situation that the
agent can switch modules corresponding to the change
of the situation. Tani and Nolfi [Tani and Nolfi, 1997a,
Tani and Nolfi, 1997b] extended the idea to mixture of
recurrent neural network and introduced it to predict
sensory flow pattern under the robot navigation task.
Their scheme, however, doesn’t have any control learn-
ing structure, which makes it difficult to acquire a pur-
posive behavior by itself. Doya et al. [Doya et al., 2000
have proposed MOdular Selection and Identification for
Control (MOSAIC), which is a modular reinforcement
learning architecture for non-linear, non-stationary con-
trol tasks. Their idea was applied to relatively sim-
ple tasks/dynamic environment, however, it is uncertain
that it is possible to assign modules automatically in the
multi-agent system that has highly dynamic ones.



We adopt the basic idea of the mixture of experts into
an architecture of behavior acquisition in the multi-agent
environment. In this paper, we propose a method by
which multiple modules are assigned to different situa-
tions and learn purposive behaviors for the specified sit-
uations which are expected as the consequence of other
agent’s behavior under different policies. Takahashi et
al. [Takahashi et al., 2002] have shown preliminary
experimental results under same domain, however, the
learning modules were assigned by the human designer.
In this paper, a scheduling for learning is introduced
to avoid the complexity in autonomous situation assign-
ment.

2 A Basic Idea and An Assumption

The basic idea is that the learning agent could assign
one behavior learning module to each situation which
is caused by the other agents and the learning module
would acquire a purposive behavior under the situation
if the agent can distinguish a number of situations in
which the state transition probabilities are almost con-
stant. We introduce a modular learning approach to re-
alize this idea. A module consists of learning component
that models the world and an execution-time planning
one. The whole system performs the following proce-
dures simultaneously.

e find a model which represents the best estimation
among the modules,

e update the model, and

e calculate action values to accomplish a given task
based on dynamic programming (DP).

As an experimental task, we prepare a case of ball pass-
ing behavior without interception by the opponent player
(Figs. 3,6). In the environment there are a learning
agent (passer), a ball, an opponent, and two teammates
(receivers). The problem here is to find the model which
can most accurately describe the opponent’s behavior
from the viewpoint of the learning agent and to exe-
cute the policy which is calculated under the estimated
model. It may take a time to distinguish the situation,
therefore, we put an assumption : the opponent contin-
ues the one of its policies during one trial and changes
after the trial.

3 A Multi-Module Learning System

Fig. 1 shows a basic architecture of the proposed system,
that is, a multi-module reinforcement learning system.
Each module has a forward model (predictor) which rep-
resents the state transition model, and a behavior learner
(policy planner) which estimates the state-action value
function based on the forward model in a reinforcement
learning manner. This idea of combination of a forward
model and a reinforcement learning system is similar to
the H-DYNA architecture [Singh, 1992b] or MOSAIC
[Doya et al., 2000]. The system selects one module which
has the best estimation of a state transition sequence by
activating a gate signal corresponding to a module while

Envi ronnment

Figure 1: A multi-module learning system

deactivating the gate signals of other modules, and the
selected module sends action commands based on its pol-

icy.
3.1 Predictor

Each learning module has its own state transition model.
This model estimates the state transition probability

P, for the triplet of state s, action a, and next state s’:

Pe, = Pr{sis1 = s'|s; = s,a; = a} (1)
Each module has a reward model R%,,:
Re, = E{rip1ls; = s,a; = a, 8041 = 8’} (2)

We simply store all experiences (sequences of state-
action-next state and reward) to estimate these models.

3.2 Planner

Now we have the estimated state transition probabilities
P¢, and the expected rewards R%,,, then, an approxi-
mated state-action value function Q(s,a) for a state ac-
tion pair s and a is given by

Qs,a) = > Pey [REy +ymaxQ(s,a)] . (3)

where P2, and R%,, are the state-transition probabilities
and expected rewards, respectively, and v is a discount

rate.

3.3 Module Selection

The reliability of the module becomes larger if the mod-
ule does better state transition prediction during a cer-
tain period, else it becomes smaller. We assume that the
module which does the best state transition prediction
has the best policy against the current situation because
the planner of the module is based on the model which
describes the situation best. In our proposed architec-
ture, the reliability is used for gating the action outputs
from modules. We calculate the reliability g; of the mod-
ule ¢ as follows:

0

gi = H Pl

t=—T+1

where p; is an occurrence probability of the state tran-
sition from the previous (¢ — 1) state to the current (t)
one according to the model 4, and A is a scaling factor.



4 Task and assumption

The task of the learning agent is to pass the ball to
one of the teammates while it avoids interception by the
opponent. The game is like a three on one; there are one
opponent and other three players. The player nearest to
the ball becomes to a passer and passes the ball to one
of the teammates while the opponent tries to intercept
it.

Fig. 2 shows a mobile robot we have designed and
built. Fig. 3 shows the simulator of our robots and the
environment. The robot has an omni-directional camera
system. A simple color image processing is applied to
detect the ball area and an opponent one in the image
in real-time (every 33ms). The left of Fig. 3 shows a
situation in which the agent can encounter and the bot-
tom right shows the simulated image of the camera with
the omni-directional mirror mounted on the robot. The
robot consists of an omni-directional vehicle of which
motion (any translation and rotation on the plane) can
be controlled.

Figure 2: A real robot

teammate

]

omni view

Figure 3: A simulation environment

The state space is constructed in terms of the centroid
of the ball on the image, the angle between the ball and
the opponent, and the angles between the ball and the
teammates (see Figs. 4 (a) and (b)). We quantized the
ball position space 11 by 11 as shown in Fig. 4 (a) and
the each angle into 8. As a result, the number of state
becomes 112 x 8 x 8 x 8 = 61952. The action space is
constructed in terms of desired three velocity values (24,

opponent

(a) state variables (position)

Figure 4: State variables

Yd
Xd

Figure 5: Action variables

Yd, wq) to be sent to the motor controller (Fig. 5). Each
value is quantized into three, then the number of action
is 33 = 27. The robot has a pinball like kick device,
and it automatically kicks the ball whenever the ball
comes to the region to be kicked. It tries to estimate the
mapping from sensory information to appropriate motor
commands by the proposed method.

Figure 6: Task : 3on 1

The initial positions of the ball, the passer, the oppo-
nent, and teammates are shown in Figs. 6. The oppo-
nent has two kinds of behaviors; it defend the left side,
or right side. The passer agent has to estimate which di-
rection the opponent will defend and go to the position
in order to kick the ball to the direction the opponent
does not defend. From a viewpoint of the multi-module
learning system, the passer agent will estimate which
situation of the module is going on, select the most ap-
propriate module to behave. The passer agent acquires
a positive reward when it approach to the ball and kicks
it to one of the teammate dodging the opponent.

(b) state variables (angle)
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(b) left block

(a) right block

Figure 7: Module switching

4.1 Learning Scheduling

We prepare a learning schedule composed of three stages
to show its validity. The opponent fixes its defending
policy as right side block at the first stage. After 250
trials, the opponent changes the policy to block the left
side at the second stage and continues this for another
250 trials. Then, the opponent changes the defending
policy randomly after one trial.

4.2 Simulation Result

We have applied the method to a learning agent and
compared it with only one learning module. We have
also compared the performances between the methods
with and without the learning scheduling. Fig. 8 shows
the success rates of those during the learning. The suc-
cess indicates that the learning agent successfully kick
the ball without interception by the opponent. The suc-
cess rate indicates the number of successes in 50 trials.
The multi-module system with scheduling shows a better
performance than the one-module system. The “mono.
module” in the figure indicates “monolithic module” sys-
tem and it tries to acquire a behavior for both policies of
the opponent. The monolithic module with scheduling
means that we applied learning scheduling mentioned
in 4.1 even though the system has only one learning
module. The performance of this system is similar with
multi-module system until the end of first stage (250 tri-
als), however, it goes down at the second stage because
the obtained policy is biased against the experiences at
the fist stage and cannot follow the policy change of the
opponent. Since the opponent takes one of the poli-
cies at random at the third stage, the learning agent
obtains about 50% of success rate. “without schedul-
ing” means that we do not applied learning scheduling
and the opponent changes its policy at random from the
start. Somehow the performance of the monolithic mod-
ule system without learning scheduling is getting worse
after the 200 trials. The multi-module system without
learning schedule shows the worst performance in our ex-
periments. This result indicates that it is very difficult to
recognize the situation at the early stage of the learning
because the modules has too few experiences to evaluate
their fitness, then the system tends to select the module
without any consistency. As a result, the system cannot
acquires any valid policies at all. Fig. 9 shows an ex-
ample sequence of the behavior when the agent executes
its learned policy and the opponent behaves randomly
after a fixed period. Figs. 10 and 11 show example se-
quences of the reliabilities while the opponent is blocking

without R block and L block

scheduling
heduli R block |, L block | R block and L block
iy I ‘
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Figure 8: Success rate during the learning

the left and right sides. The “LM1” and “LM2” indecate
the learning modules that are assigned the left and right
block behaviors, respectively. The agent seems to fail
to estimate the situation where the opponent is blocking
left or right side at the beginning periods, however, the
reliability of the appropriate module is getting higher
after a few seconds and the agent successfully accom-
plished the task.

5 Conclusion and Future Work

In this paper, we proposed a method by which multiple
modules are assigned to different situations which are
caused by the alternation of the other agent policy and
learn purposive behaviors for the specified situations as
consequences of the other agent’s behaviors. We have
shown results of a simple soccer situation and the im-
portance of the learning scheduling.
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Abstract

Multiple cameras have been used to get a view
of a large area. In some cases, the cam-
eras are layouted so that their views are over-
lapped to get a better view as a whole than
non_overlapping layout. 3D information of the
overlapping areas that are covered with two or
three cameras can be get by stereo vision meth-
ods. Shifting shutter timings of cameras and
using our pseudo stereo vision method, we can

output 3D information faster than 30 fps.

In this paper, we propose a pseudo stereo vi-
sion method using cameras with different shut-
ter timings. Using three cameras, two types of
shutter timings are discussed. In three different
shutter timings, 90 times of 3D position for a
sec are obtained because proposed method can
output 3D positions at every shutter timings of
three cameras. In two different shutter timings,
it is possible to calculate the 3D position at 60

fps with better accuracy.
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=

This paper proposes an evolutionary method for ac-
quiring team strategy of RoboCup soccer agents. The
action of an agent in a subspace is specified by a set of
action rules. The antecedent part of action rules includes
the position of the agent and whether the nearest oppo-
nent agent is near the agent or not. The consequent part
indicates the action the agent has to take when the an-
tecedent part of the action rule is satisfied. The action of
each agent is encoded by a bit string that represents the
action rules. A chromosome is the concatenated string
of bit strings for all the agents. The main genetic op-
erator in our evolutionary method is mutation where a
value of each bit is changed with a prespecified prob-
ability. Through computer simulaitons, we discuss the
results and show some future researches.

1 [XLCHIC

RoboCup I > #—rmRy ML o #FEFEET, £
DEAE AL 12050 £ E TITFIFA UV—/L R v 7O F v
VEFY TN OZ N TEHREEAEMDOE 2 —
v /A R-aRy N F—LEELZ L] THD. Wi~
NFr—T = MEEE TR % 9 RoboCup TiX, Y
T harta—T 4 TICESWEFENLISEHINT
w5 ).

Py —r—Tx FORFIZIE, NARLRNY 7Y
DX IIK L~ OITENC x5 FEEE L, BERESIH
T VARED LD W@ LIV OITENI X 2 RN
BEThDH. FED 1], EL-vofTBiE LTR—LA
VHE—E T NEEERY B, 77V QLY A
FTAVTAFNAD BEZT) FIELZREZELTND.

—5, HEALRUERE A AT RIS O (L OBFSE & AT
bivTnsd. #ilz X, Chellapilla & [2, 3] 1%, L7 =

TSI T OPBERNT, Fry h—F — L EIT I8
Wr—Y = hEEMEOMBAEAT LI LR LICH
BT AT LY XAZHOWTOFEMARHEREIT- T
W5,

%72, RoboCup Vv 1—x— = h~DHELTLFE
DISAIE, Luke & [4] 13X L, #%< H5. Luke b,
DO EZ T ANTBEN T2 77 I 72 A0
THALWIH B CIXE 73 > 1 —Tdh o 7o T — LHRRE S,
ERDOK TEMETIE, 74— A—Yarv¥yh—%1T5 &
D IRHRIE A SRS T E D FENRINT VD,

AL TIE, @V OTEN R 2 (LR EIC LY
177 FEERET S, BRI, EEAGERICLY, &
TV MRV EFSTND & EDITEINIRE S
4. ZOTENL, =—Yxr FOFET HMEORELE
EIZAND. BEEROFKERN O, HANETIZHONT
Yy =Tz M NRRIRITENCHNS & 5T 5
Z L ERT

2 MERE

ARFFECIE, EEARFEEZAWD Z LIk, By
B —DF— LERIE 2 G925 Z LSRN E D v E R
XD, ZOHOIZ, T LHET—LE2—EIREL, £
DX T— 2IZxE U TR 72 Ml & 153 5 F3 Ik 5
INE I MEFRDEICTH.

HEME O LROER AT O Yy h—F — L DR HE %
UTIORT. &y b—x—V =y MITEL— L 2R
LTEBY, R—NZFoTW\WD L EIZITEDITEINL—IL
WS TITEN AT 9. R—ILBFF-> TN D0 E D D Df|l
1, R—ntx—T = NOIEEEN kickable area LA 7>
EIOMNTITH>bDETH. T 2T, kickable area (X4 >
A=Y= SNTED LN TWDHIEDERTH 5.
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FEL— LU FOER D I-Then L— L Th 5.

Rj : If Agent is in Area A;
and the nearest opponent is B;

(1)

then the action is Cj

ZIT, R BNANADA T v I A, A=Y= b
OALEIZBET DR OME T 1 ~ 48 DI E & 5.
DI 1 D XS Ic 8 nEI SNty h—7 14—
RO O 8K Z 7R~ L,Tb\é Bj lZ=—Y = b
EHLITWHlc— 2 PR — = MIHEFIZIEW D
E ) DERTHMEE T near b L < 1T not near 23 X
5. near 7> not near 2>OHWHE = — = b LT —
Yz b & OHEEN kickable arex 1.5 AN TéH UL near,
Z 5 TR HUT not near £ 9%, C; I fEmEATEIZ KT
BHETHY, 1~10 0BEEEZ & 5. 54 OBHAEITL
ToTEhERLTND

-
—

1.@:—»ﬁm Mo T7 44—/ RO g @lid5mE &
TIZRU T 9 5.

iy — Aol (FRZ O/ 12
NETD.

B> T RY T

LT — L DOHRLIZ»> T RY TV ET 50, i

WET D Z EITLDOEEETLD.

BIEOW T T — = MZEN- TR %R T D, i
TEOWR Tt — 2 FABES LD BAITFETD
IR — IV FENC 7 U TR — Va5 .

2FHIZITWMRF T —Y = MZAN- T/RAET
5. 2FZBBIGEVWBRF=—Y = bRRES LD bEA
ICATET DA IR T — LV TN B> T 7 U TR —
IVEIRD.

Yy H—T 4 — KON
TT5.

BPo TCAR—NE 7Y

eescscssemeccccscane

I3
esscscscenescscssscsccfhecccccccscqecccccscadecccae

X 1: 74— FDO45E
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7.y =T 4= ROIMANZ B93> THR— L E 7 Y
75,

8. MUA—/NVANIAR—NEFX Y 7T 5.

9. HITFEDOHT T— = MTAL—/RAEIT ).

10. T — 1 iZmro Cra— T 5.

72720, ==y RRE AT LT 0 2 ) TN
WAHEA (M1DOA T v 7 A 38 ~ 41 & 44 ~ 47) I
1%, £, Ya—ba—ZAREBNTNDINE I DEHER
L, Va— MBRAEENE I DEFHRD. v =— FAHHEET
HD LT IE2— 2L, Y2— FRAEETRITN
AT L — L OFEGRERICAE > TITENZ 1T

A= E2F->TWARNnT— 2 FOESEVILUTO
BYTHDH. £, BF—2DT—Y 2 FORT, FD
TV PR LBELSR—IVIZRET DL LN TED
MWER—IVONME EHE, BILOT—T = MOMLE &H
ENLHETD. HbBEL AR IZBETDHZ ENTE
Hr—Txy MIRKOFECR—ZANH. F&bHF<
R—VIZBET B ENTE D M SN o lzo—
Ve MITOT—T 2 hOR—LRT g ER—L
ERESHY EICBSB WA X I2EL.

EEFEICLSF—LEBRBROER

AEITIL, F— LERE OGO ORI FIEIZ O
THMA$ 5. F—LEIKIEISCFIITRE SN, £OXFF
ZHELRRABIC LV EIE L THRWTF — LIS 2 PRR T 5.

3

XFHNDAER

2EITCHALI- LI, =—V =2 "R — L E2F-TC
W5 & & OfTENER (1) OB TRR Sh B T8 —IC
BEH. Vo h—7 14— RTS8 DR RIS Bl ST
B (K12, 1o, FEEOR=—Y = M3 near
7> not near 2>OEEIA (1) DEUEHICEEN TS Z
LEEETHE, x0T —T 2 MNT48x 2 =96 D
TTEWV— NV EFFOZ &7 D, RIFETIE, —/—%
R\ 10 =— Y = FOITEIN— V2L FEIC LY
BETHDT, —DOF—ANHOHEEIT 96 x 10 = 960
BEOITEINL— AN E R D8EE LD, ABIETIE, Zh
5 960 B DOFTEL—/VIZFEE & L, fhimaf T8 ke 5
NG A—=RL7xh. 6-T, EEHTFEORNIE, LV E
W T — LNEEIE A R BT B 960 B OITEIL— L OfE R &
BRI HZLTHD., F—2rZ2bbbdTXFiL, EE
960 DXFFHITH 5. K212, HrOT—T = M
BATEIN— N D LT T

3.1



Actions when the nearest opponent player is near

g
[t]2]3

<
47 |48 |49 |50 |51

... ...%|%|

Y

Actions when the nearest opponent player is not near

X 2: 1 o0 —Y =y MK LTHWSLN S STFS]

2T, KA 48 LFIERLEDOMT—Y = b3t
Hlighr— V= MUGEWREOITEINL—/L %, RO 48
L, BB — 2 RIS A —T
MZUEL R WEEDITEIL— L &2 FE LTV, F— Ak
1%, M2 OXFHE 10 =— = by A S 7z 960
XFNDRD. FHEY ML L~ 10 DEEERAY, %
BEOMIT, 2ETRENTVET—V = hOff8 %
x7.

3.2 XFI D

ARG E ORI T A 7 71X, EEROFHHED &
WHDERDARIFEL, ROWMRDERKDT=DITIEH
THETHDH. AT, BE, T7bbT— LMK
AEMFEIE & LC, BRI v h—%&{Th¥ - & & 0¥A
BREEZBEZDZEIZTH. EE LSRR ETUEED
38, FOMEOFMEIZEV. b L, BEROMEDES
BAEDBF L THHGAITIE, B iMEEEE LT, Ra%
BERDHZEITT D, ZORE, RENVRNF—LEEZ
DOF —LOFHMNEL 725, 2121, EEESICTTIeE
NHDHILGEIIE, REIZESEBE LN D LT 5.

3.3 ELRE

AW TRET HETHE T, ZXEBETHAVD
i, ERERBIEO 2% AV TTF — LI 2 R
FINMEIEEMZ D Z EI2T 5.

FERIEBIETIE, FE Y MIH LT, HH0LHHRD
DNTRINERERCEEEET 5. BREREZT 5
By MITZUHALIZ1~10 0 HBIRENT-EICE XL
LD, BXHz i ECMENRIND Z ELFFSN
TWa5b.

HRFEFILLTOHECEI VTS, £7, HIEOHE
BB B ENLEEND T & DEEEZRINL, 20
BRI 2R AR E 2 TSI L 0 B LB Z AR T
5. HONCDWD LI ETZ T H LWERE £ERL LT
%, BIEOEAEREH L ERINTZBAEESOF NS
FHMIER E WS OB EREEY A X7 HRE ML, £k
WOMHROFEEREEL T 5.
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Lk, AIFZECRET L2EMMFROFRE 2L L O
HELUTDL IS,

Step 1: FIHIEAEEEDER. T 7 L6 LIZHDHRDE
MIZ TR &0 AT AR S £ 2 AR 2 fEf
BV A RT2T AT 5.

BIEDMRARRED D T o F MR A2 RN L, 259K
ZEREMEZ T FICLVF LWMEERZH LT
Red LN T AERRT 5.

Step 2:

Step 3: BEDOEMABEIZE L DKL Step 2 TH L
RS NTARROFH 21T 5. AT, @K
DOFARILY » I —DO%FERIZ L B A & 7Tz LT
B2, B AHMERICR L CEIZFE Uil Tt
D EFRLRNT EIZHEERET .

Step 4: FHARD BUMEKRD D EAREY A 253 OME 72 kit

ROEEEEE T 5.

Step 5: F&THIE. #&TEREN I IILTWIUTFRE &
BTT5. S TWRWEAT Step 2 ~B
1D,

4 BUERER

4.1 ZEHBROETE

AREBETIE, A CTRELEBAHECLY, B
T — LEREE N ER TE 2 Z & 2 BEERICL VRS S,
BUEEBR CTHW O NI E DT A =2 ZLLF D
LBV THD.

o fE{RREY 1 X 1

o B L AT 2EEE 1

o JEIRZEFAESR 1/96

o FIHIE{KR DA AL Hand-coding

AR A X% 1 & LDk, EEROFEMm I H A3
M5 (1REIL 10 3 THERSILD) , kDT
BEEY A X /NS THRERDH- IO THDH. HE
FEERANE S 572012, FIHEARIT Hand-coding (Z &
AR LT,

R T 5720 0xt ke LT, UTFTD21EY %5
Z72. 120, BUEOREBEHCE TN EE L B L < AR
SN fBREEER ST HETH S, ZoBs, &
EIHER] LT T — 2 O SCFFN DS IR MAR OB (B A A Rk 3
HEEE LTRY b, 9o 12, HDHEELE
F— L & OXFEAERIZ LV EEROFM AT O HiETH S.
AW TIE, UvA Trilearn2003 O-X—RX a— R&FEH L
o, Thbb, ZOFETEET, BECEEHIIEEN
ZEAR & UvA Trilearn2003 & %S5, ®IZ, #HL



AR ENZMEKR L UvA Trilearn2003 & %% H S 5.
TODOX AR A R L, EEEANRZWVT — AL R
ROBEBEICET 2EAEET5. BERANRFEA—-THD
LA, REONINTF—L20FEiE LV BRWET .
RKELRILTH-HAIE, BECEAEHICIEEND
a2 D FE FRMEROMEBFHELZELT LD LT 5,
B, AR TELONRE LF—LH0E UvA
Trilearn2003 OX— A 23— R&JEIZ LT 2E TR~ L 9
RITENFREID F— MUEIET HHFIC L E S Lz,

4.2 EEBRER

F, EHSGRIC L 0 EER O - #AEH 2T
Y OBNEFEBRE R 2~ d. EAREHE A 6000 HAE T
FITL, THIZL VLN 1000 #HAH, 2000 HACH,
3000 HARH, 4000 AL H, 5000 #HAKH, 6000 AL H D
fEfR & TR 2 10 [ S TE OMEE R~ K
1 ICBIE RS R 27T

#F 1. FUEERREREZD 1

R B A% 514 PEER CPERA
1000 4 2 4 0.9 0.7
2000 4 5 1 4.5 4.8
3000 7 3 0 4.6 3.9
4000 5 5 0 4.3 3.5
5000 2 6 2 3.3 4.5
6000 ) 4 1 3.8 4.3

#1 LD, 51000 HARIZE S ERIZEA5520 0.9
EIRWDIZK LT, FRLUEOHATE I EEIT 1
HREFE 3 ELULEER->TNS, ZDZ LTk, Al
FREICEY, XvEOKEBE S OF— AOHRS) ER S
NicEtnWz s, 2L, RFRTREL TS HERE
BFEETIE, SFATDOT—AEKIIZEEINTE LT,
WEST B2 DT — LAEEIKIZESAENINL TN D T2DIT,
S EE, HRBEDRICONTRELSR>TNS LN
IERBELN. STFHODOF — AEBIEOELEE X
L2 EE, ABOMERED—D>THS.

Wiz, MEOFMEH 25— EDOF — A (UvA
Trilearn2003 ~~— A F— &) (Zxf 7 5 kFikpkAE & L
7= 5E OHELRIF H % 600 fHL3EIT L7=. 100 f{CE,
300 fifREH, 500 ffH, 600 L EH THLIL-FEKE,
UvA Trilearn2003 N— A F— A & 10 AR I E7- & %
DEAERBFE R AR 2 1R T

£2L0, HRBERICHONT, EHWESREML, £
7=, RROBEFIBAHINL TS Z E NS5, £7-, #
100 AR T/ DT EIR OGN 0.7 TH - 7= DIkt
LT, %600 R THOLNEERDFEE KA 0.5 &b

* 2: FUEEBFER LD 2

R B A% 510 PERAS KRR
100 2 4 4 0.3 0.7
300 1 4 5 0.1 0.4
500 2 3 5 0.2 0.4
600 4 2 4 0.8 0.5

H L TWAENRSMNE. 2O enb, HEEMEEIZ L
D, EROFHEO 7= DIER ST — LI L THEZT
HDHT— LEEENESTEENZD.

5 HbHbYIC

AT I, #EAFHE % VT RoboCup ¥ 1 —3
Ralb—var ) —7ZBT 5%y —F— AR OE(L
A7) FEOREETo72. oy bh—xo—T =2 ME, 17T
B — LV OESIZE > THRD DNTATENIHE - TITEN L
HEALTRIGH B IIATE L — L Ol 22 i i T A R T 5.
HALREHE CIE, RXEEITHT, BRERBEDO A%
FAWTEEE RS CTINEEET 5. BEROFEIX, ¥
H— DA K DRIRAGE TIThoh o, BEEROREE,
ELEEIAHETRECI VY oy —F— 2N LV E
VRIS A SR IR D AR S L.

St OIS & LTI, BEREE S L CEEED
FRMEZ NS5 Z L DEBHRIN DT — LEIE~DF
EIRDHE, SFHODF— LI A AT D FEOR
, BIDBEHOT — L L ORI LEEZFHIL, S
72T — BNITHR LT H I KHS TE 5 F— LHRES %
BT HENEKD LD RFEORERENET OND.
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Abstract

In this paper, we propose a behavior selection
method based on sensor history. The robot’s
motion, the environment and the history of the
sensors have close and important relationship.
Thus, we make a map which denotes the rela-
tionship between them by analyzing the sensor
history and apply it to the robot. The robot
can decide own motion adapted to the envi-
ronment by utilizing the decision tree based on
the map. We verify the validity of our method
by performing preliminary experiments with a

small humanoid type robot, named Robovie-M.

1 004

00000000000000000000000000
0000000000000000000000000
0000000000000 O0O0OO0OO0oOOooOooOO
00000000000000000000000000
00000000000000000000000000
0000000000000000000O0000000
0000000000000 0000000000000
0000000000000000000000000
000000000000000000
000000000000 00000000oo0oo
00000000000000000000000000
000000000000 000000O0000000
0000000 0o00o00[oo,19400000000
00000000000 000 [Fennema, 1987|0000
00000000000000000000000000
0000000000000000000 [Hirose, 2001]0
0000000000000 0000000oooon

16

gbobooobobooooobooooobooobanon
gbooooboooooboo

gbobboobouboooboooboboobooboaa
gbooooboobobooooboboboboobog
gbobooobooobooooboooboooboon
obooboooboooobooboooooboobobogon
goobboooboobobbooobboooobooa
gbobobobobobobooooboobobog
gboboooooooooboooooooboboooobo
ooboooboboooooobooooobooboooooo
goboboooboobobbooboobooboboo

bobOoobooboboooboboooboobanon
gobooooboooooooOoboboooboooooooo
goooooboooobobobobooboboboon
gooooobooobobooboobuoboooboo
gbooboooboboooobooobobooboobonon
oboboooboooooooboooboooobooooo
gbooooobDooooooboooooooooboon
gbooooboooobooboooooboooooao
gboobooobooooooboooooobobogan
oboooooboooooboobooboobooobon
goboooobooooooooobooooooooobo
gbobooobobooooboobooboobooobanon
gboooobobooobobooooobobooobaon
oboooobooooobooooooooboobooooobo
gbooooooooobobooooobooogooo
gobooooooboooboooobooboooboooobo
gbooooooboooooboooooobooon

goboboobbooobobooobobooobooa
gboboboboboboooooboboboboobg
gobooOoooOooooooobooooobooooooo
obooboooboooobooboooooboobobogon
gobooboobobooboobooon
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Figure 2: Outline of the Sensor-Motion-Environment
Map
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(a) Walking

(b) Getting up 1

Figure 3: Examples of motion primitives on the soft plain
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Abstract—This paper proposes a method of bahavior gen- is used for object recognition by active touching by the
eration for humanoids in which a robot learns sensorimotor  ypper torso of the humanoid [1]. In these studies, the robots
maps in each motion module as the forward and inverse  paye much fewer DoFs than humanoids, therefore it seems
relationships between optic flows in the robots view and difficult to directly apply their methods to realize various
motion parameters. Humanoids use these maps to determine ~. - . Rags
appropliate motion parameters that generate a desired flow Kinds of humanoid behaviors. One solution is to decompose
given by a planner. Each module consists of a planner and a humanoid action into basic motion primitives and to
sensorimotor maps of primitives and can accomplish a simple  acquire the sensorimotor mapping in each motion primitive.
task. Using a predefined module transition rule, humanoids Tpjs makes it possible for a robot to learn the sensorimotor
can accomplish a complex task. Passing a ball (face-to-face . - . . A
pass) between two humanoids which have different camera mapP'”g F’” line because 'r.] each motion primitive the
lens and body parameters is realized as an example task. rE|at|0nSh|p between the motion parameters and the sensor

values is usually much simpler than in case of multiple
I. INTRODUCTION motions.

Understanding the causal relationship between a self- This paper presents a method of visuo-motor learning
induced motion and changes in sensory data is essentfal behavior generation of humanoids, and, as an example
for a robot to move around and manipulate objects in théask, passing a ball between two humanoids (face-to-face
environment. This relationship can be obtained by serpass) is realized based on the sensorimotor mappings of
sorimotor mapping from the self-induced motion and themotion primitives. The task is decomposed into three basic
seonsory data that reflect the consequecen of the motiamotion modules: trapping a ball, approaching to a ball
Vision is one of the typical sensations to percieve whaand kicking a ball to the opponent. Each motion module
is going on in the external world, and has been utilizeatan be further decomposed into several motion primitives,
to obtain the relationship of sensorimotor mapping. Theach of which has motion parameters to control the motion
methods can be classified into two categories. One is taajectory. The sensorimotor mapping is learned as the
top-down approach in which a designer constructs visioforward and inverse relationships between these motion
and motor systems separately and gives their relationshiparameters and optic flow information in each motion.
that is, the sensorimotor mapping. In this approach, eacthe acquired sensorimotor maps are used to select the
system is calibrated in the reference frame of the globappropriate motion primitive and its parameters to realize
coordinate system [4] [5]. These methods do not considehe desired pathway or destination in the robot’s view given
changes in an environment or in robot morphology (bodyy the planner.
size and structure, and sensor configuration). Therefore, if The rest of the paper is organized as follows. Section
such changes happen, the designer need to give anothieintroduces an overview of our proposed system. Section
sensorimotor mapping or to devise an adaptive model botli provides the details of each module for "passin a ball”
of which seem difficult to prepare or to build since ittask. Section IV shows the experimental result of the task
seems impossible for the designer to prepare all kinds @® use integrated modules. Finally concluding remarks are
relationships in advance. given.

On the other hand, the other approach does not cali-
brate each system separately, but directly correlate visual
information and motor commands. In this approach, aft- Robot platforms
optic flow has been used for mapping, because an optic Fig. 1 shows biped robots used in the experiments,
flow caused by the motion contains the information of theHOAP-1, HOAP-2, and their on-board views. HOAP-1 is
causal relationship between the environmental changes ad80 [mm] in height and about 6 [kg] in weight. It has a
the motion. The mapping between optic flows and motiomne-link torso, two four-link arms, and two six-link legs.
commands are learned for obstacle avoidance plannddhe other robot, HOAP-2, is a successor of HOAP-1. It
by the learned forward model [2] or finding obstaclesis 510 [mm] in height and about 7 [kg] in weight. It has
that show different flows from the environments usingtwo more joints in neck and one more joint at waist. Both
reinforcement learning [3] in wheel-based robots. Also, irobots have four force sensing registors (FSRs) in each foot

Il. TASK, ROBOT, AND ENVIRONMENT
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to detect reaction force from the floor and a CCD camera All these basic modules need the appropriate relation-
with a fish-eye lens or semi-fish-eye lens. ships between motion parameters and the environment
changes. For example, to trap a ball appropriately, the
robots must estimate the arrival time and the position of the
coming ball. To approach to a kicking position, the robot
should know the causal relationship between the walking
parameters and the positional change of the objects in its
image. Further, to kick a ball to the opponent, the robot
must know the causal relationship between the kicking
parameters and the direction the kicked ball will go.

Moreover, basic modules to realize these behaviors
should be activated at the appropriate situations. Here,
the designer determines these situations to switch the
behaviors, and we focus on the module learning based on
the optic flow information. Fig. 2 shows an overview of
the proposed system.

Sensorimotor
Map

Fig. 1. HOAP-1 with fish-eye lens and HOAP-2 with semi-fish-eye lens

These robots detect objects in the environments by @
colors. In this experiment, a ball is colored orange, and ’ Environment |
the knees of the opponent robot are colored yellow. The
centers of these colored regions in the images are recorded Fig. 2. A system overview

as the detected positions.

B. Visuo-motor learnin
d IIl. M ODULE LEARNING BASED ONOPTIC FLOW

Let the motion flow vectorAr at the positionr in INEORMATION
the robot's view when a robot takes a motion, The
relationships between them can be written, A. Ball Approaching
Ar = f(r,a) ) Approaching to a ball is th_e most_ difficult task among
T the three modules because this task involves several motion
a = g(r,Ar). ) primitives each of which has parameters to be determined.

The latter is useful to determine the motion parameter&h€S€ motions yield various types of image flows de-

after planning the motion path way in the image. Howevef€nding on the values of the parameters which change
it is difficult to determine one motion to realize a certaincontinuously. We make use of environmental image flow

motion flow because different motion primitives can pro-Pattérns during various motions to approach to the ball.
duce the same image flow by adjusting motion parameters. e separate the description of the relationship between
So, we separate the description of the relationship betwedi® motion and the image flow into the relationship between

the motion parameters in each primitive and the image floi’€ motion primitive and the image flow, and the relation-
ship between the motion parameters in each primitive and

as follows. i i
‘ ‘ _ _ the image flow (Fig. 3), as follows:
a’ = (pi,....ph)" =gi(r,Ar) ®3) A i
Ar = fi(r.a), (@) ™= (A7), ©)
P . . . a = (pl’pQ) = gp(T’,A’I"), (6)
a' is a motion parameter vector of thieh motion primi- Ar = fi(r,a) )

tive. We use neural networks to learn these relationships.
. wherem; is an index of thé-th motion primitive anda? =
C. Task and Assumptions i NT ; , :
_ ~ (p},py)" is the motion parameter vector of tixh motion
Face-to-face pass” can be decomposed into followingyrimitive. In this study, the motion primitives related to this

three modules: module consists of 6 primitivesprward walk (left and
1) approaching to a ball to kick, right), curve walk(left and right), andside step(left and
2) kicking a ball to the opponent, and right). Each of the primitives has two parameters which
3) trapping a ball which is coming to the player have real values, as shown in Fig. 4.
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Sensorimotor Map
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Fig. 5. An example of an optic flow in the robot's view

Aciton primitive
parameters

Fig. 3. An overview of the approaching module

Given the desired motion pathway in the robot’s view,
we can select appropriate primitive lpy,, and determine N,
the motion parameters of the selected motion primitive by g righ) curve walk (right side step (righ)
glz’ l.)aSEd on the learned relatlonshlps'amo'ng the prlmlFlveSFig. 6. Distribution of motion primitives on the SOM of optic flows
their parameters, and flows. If the desired image flow yields
several motion primitives, the preferred motion primitive is

determined by an evaluation function.

primitive and the image flowf”, g/, are realized by a sim-

ple neural network. The neural network in each primitive
' _ is trained so that it outputs the motion parameters when
forward walk curve walk side step .. . .
(left, right) (left, right) (left, right) the flow vector and the positional vector in the image are
input.

plannning and evaluation functionln this study, the
desired optic flows in the robot's view for the ball and
the receiver,syq, sre, are determined as vectors from
the current position of a ball to the desired position
(kicking position) in the robot’s view, and as the horizontal
vector from the current position to the vertical center line,
respectively. The next desired optic flow of a ball to be
realized, s,,;, is calculated based on these desired optic

Fig. 4. Motion primitives and parameters for approaching

flows,
Images are recorded every step and the image flow is A
calculated by block matching between the current image Nstep | sbaull/ Armaz, (8)
and the previous one. The templates for calculating flows Spall = Sball/Msteps 9)

are 24 blocks in one image as shown in Fig. 5.

gm: All of the data sets of the flow and its positional
vector in the image(r, Ar), are classified by the self
organizing map (SOM), which consists of 225 (Hb)
representational vectors. After organizing, the indices
motion primitives are attributed to each representation
vector. Fig. 6 shows the classified image vector (the figure
at the left side) and the distribution of each primitive in
SOM. This SOM outputs the index of appropriate motionvherer;; is the current ball position in the robot’s view.
primitive so that the desired flow vector in the image iswhen the primitive selector outputs several candidates of
realized. primitives, the evaluation function depending on the task,

fi,g;',: The forward and inverse functions that correlated’(m;), determines the preferred primitive. In this study,
the relationship between the motion parameters in eadlobots have to not only approach to a ball but also take an

where Ar,,.. IS the maximum length of the experienced
optic flow. This reference vector is input to the primitive
selectorg,,, and the candidate primitives which can output
ﬁhe reference vector are activated. The motion parameters
o) - : o

eﬂf the selected primitive are determined by the funcipn

a' = gy(Tbait; Sbait), (10)
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appropriate position to kick a ball to the other. For that, The kicking parameter is the hip joint angle shown

we set the evaluation function as follows,

V(m:) = |3pau — f*(Tbau, a")||
+k||sre - 7’Lstepfz(""Te7 a’)||, (11)
P = argmin V(m;)

iEprimitives

in Fig. 9 (a). A quick motion like kicking changes its
dynamics depending on its motion parameter. The sensor
feedback from the floor reaction force sensors is used for
stabilizing the kicking motion. The displacement of the
position of the center of pressure (CoP) in the support
leg is used as feedback to the angle of the ankle joint

wherek is the constant value:,. is the current position ©f the support leg (see Fig. 9(b)). ,Fig. 9 (c) shows the
of the receiver in the robot's view, anf is the selected effectiveness of the stabilization of the kicking motion.

primitive.

Fig. 7 shows experimental results of approaching to a
ball. A robot successfully approach to a ball so that the

hypothetical opponent (a poll) comes in front of it.

Fig. 7. Experimental results of approaching to a ball

B. Ball Kicking to the Opponent

) threshold |

! COP !

(a) Kick pa-
rameter

(b) An overview of stabilization of
kick motion

feedback threshold

A

b |
M1
WW \Vf\v :

o 1 2 3 4 5
time [sec]

position of Cop [mm]
position of Cop [mm]

e

4 5 6 1 8
time [sec]

6 7 8

without feedback with feedback

(c) The trajectories of CoP of the support leg during kicking
motion

Fig. 9. The parameter and the stabilization of kicking

The initial ball position and the parameter of the kicking
motion affects sensitively the ball trace in the robot’s view.

Itis necessary for the robots to kick a ball to the receivefg describe the relationship among them, we use a neural
very precisely because they cannot sidestep quickly. Weetwork, which is trained in the environment where the poll
correlate the parameter of kicking motion with the trace 0(10 [cm]) is put about 1 [m] in front of the robot (Fig. 10
the kicked ball in the robot’s view so that they can kick to(a)). The trace of the ball (the effects of the self motion is
each other precisely. Fig. 8 shows a proposed controllefptracted) is recorded every 100 [msec], and the weights

for kicking.
[}
Action primitive 1
(kick)
d e Phall, Tre
Thall, i
=0
parameter
Aciton primitive i
parameter

Fig. 8. The system for kicking module
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in the neural network are updated every one trial. Fig. 10
(b) shows the time course of error distance between target
poll position and kicked ball in the robot’s view. It shows
that the error is reduced rapidly within 20 [pixel], which is
the same size of the width of the target poll. Fig. 11 shows
the kicking performance of the robot.

C. Ball Trapping

Fig. 12 shows an overview of trapping module. Robots
learn the relationship between the position of the foot
in robot’'s view and the trap parameter which affects the
position of the foot, to acquire the skill to trap a coming
ball.

Fig. 14 shows the trapping motion by HOAP-2 acquired
by the method described below. In order to realized such a



distance of poll and ball in robot’s view [pixel]

Fig. 10. The environmental setting and the learning curve for kicking

Fig. 11. An experimental result of kicking a ball to the poll
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Fig. 12. An overview of trapping module

motion, the robot has to predict the position and the arrival
time of a ball from its optic flow captured in the robot view.
For that purpose, we use a neural network which learns the
causal relationship between the position and an optic flow
of the ball in visual image of a robot and the arrival position
and time of the coming ball. This neural network is trained
by the data in which a ball is thrown to a robot from the
various positions. Fig. 13 shows several prediction results
of the neural network after learnind\z [pixel] and At
[sec] indicates the errors of the arrival position and the
time predicted at each point (every 0.3[sec]) in the robot’s
view. T denotes a duration of the ball rolling. Based on
this neural network, the robots can activate the trapping
motion primitive with the appropriate leg (right or left) at
the appropriate timing (Fig. 14).
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Fig. 13. The prediction of the position and time of a coming ball

IV. INTEGRATION OF THEMODULES FOR
FACE-TO-FACE PASS

To realize passing a ball between two humanoids, the
basic modules described in the previous sections are inte-
grated by a simple rule as shown in Fig. 15.

if thebal is
in front of foot

if missed kick

if kicked the ball
o ()
[Y
if the ball isnot

in front of foot if the ball
moving here

=i

Fig. 15. The rule for integrating motion modules

Fig. 16 shows the experimental result. Two humanoids
with different body and different camera lens realize the
appropriate motions for passing a ball to each other based
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Fig. 16.

An experimental result of

on their own sensorimotor mapping. The passing lasts more
than 3 times.

V. CONCLUSIONS

In this paper, the robots learn the sensorimotor mapping
between optic flow information and motion parameters.
Acquiring basic modules for passing a ball is achieved
using the sensorimotor mapping. In each module, optic
flow information is correlated with the motion parameters.
Through this correlation, a humanoid robot can obtain the
sensorimotor mapping to realize the desired modules. The
experimental results show that a simple neural network
quickly learns and models well the relationship between
optic flow information and motion parameters of each
motion primitive. However, there remain the harder prob-
lems we skip in this paper. First is module decomposition
problem, that is how to determine what are the basic
modules for the given task. Second is planning, that is
how to organize each motion primitive to achieve the given
task. In this paper, we assume module decomposition and
planning are given in advance. Combining the learning in
each module level with that in higher level is our future
issue.

REFERENCES

[1] P. Fitzpatrick. First Contact: an Active Vision Approach to
Segmentation, InProc. of IEEE/RSJ Int. Conf. on Intelligent
Robots and Systemgp. 2161-2166, 2003.

27

passes between two humanoids

[2] K. F. MacDorman, K. Tatani, Y. Miyazaki, M. Koeda and Y.
Nakamura. Protosymbol emergence based on embodiment: Robot
experiments, InProc. of the IEEE Int. Conf. on Robotics and
Automation pp. 1968-1974, 2001.

[3] T. Nakamura and M. Asada. Motion Sketch: Acquisition of Visual
Motion Guided Behaviors. IRroc. of Int. Joint Conf. on Atrtificial
Intelligence pp. 126-132, 1995.

] K. Nishiwaki, S. Kagami, J. Kuffner, M. Inaba and H. Inoue,
Walking Control System of a Humanoid for Tracking a Moving
Object with Estimate of the Target Motion, Proc. of 3rd IEEE
Int. Conf. on Humanoid Robqt2003.

[4

[5] J. F. Seara, K. Strobl, and G. Schmidt. Information Management

for Gaze Control in Vision Guided Biped Walking, Rroceedings
of the IEEE/RSJ International Conference on Intelligent Robots
and Systemsp. 31-36, Lausanne, Switzerland, October 2002.



(© 2004 Special Interest Group on Al Challenges
Japanese Society for Artificial Intelligence
0000 0DO0D0O0DO Aloooooooo

016200000000004-70SO0O 40200 03-5261-3401 Fax: 03-5261-3402

(0000000U0oOo00ooOooDUoooooooo.

Algooogoogno

o 0

ao o

googoobo bogoood
gbooobobodg bogdgboobo
0 606-8501 DO OOOooooDOn

Tel: 075-753-5376 Fax: 075-753-5977

okuno@nue.org

ooogn
ugo o,d00 0o
gboooooo boooo

googoobooboo booboobboo

0 565-0871 000000 0ODO0O 2-1

Tel: 06-6879-7349 Fax: 06-6879-7348
{asada,mitchy } @ams.eng.osaka-u.ac.jp

Executive Committee

Chair

Hiroshi G. Okuno

Dept. of Intelligence Science and
Technology, Graduate School of
Informatics, Kyoto University
Yoshida-honmachi Sakyo-ku,
Kyoto, 606-8501, JAPAN

Secretary in Charge

Minoru Asada and

Noriaki Mitsunaga

Dept. of Adaptive Machine Systems
Graduate School of Engineering
Osaka University

2-1 Yamada-oka, Suita,

Osaka 565-0871, JAPAN

SIG-AI-Challenges web page; http://winnie.kuis.kyoto-u.ac.jp/SIG-Challenge/




	第19回研究資料
	表紙
	目次
	0419-1
	0419-2
	0419-3
	0419-4
	0419-5

	表紙裏




