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Reinforcement Learning Based Evolution and Learning Algorithm
for Cooperative Behavior of Swarm Robot System
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Abstract

In swarm robot systems, each robot must behaves by itself according to the its states and environments, and if
necessary, must cooperates with other robots in order to carry out a given task. Therefore it is essential that each
robot has both learning and evolution ability to adapt the dynamic environments. In this paper, the new polygon based
Q-learning algorithm and distributed genetic algorithms are proposed for behavior learning and evolution of collective
autonomous mobile robots. And by distributed genetic algorithm exchanging the chromosome acquired under different
environments by communication each robot can improve its behavior ability. Specially, in order to improve the
performance of evolution, selective crossover using the characteristic of reinforcement learning is adopted in this paper.
we verify the effectiveness of the proposed method by applying it to cooperative search problem.

Key words : Behavior Learning, Evolution, Swarm Robot, Group Behavior, Cooperative strategy, Q-learning

.M 2 ZEe (3 2L Abgol A H2Er] FE £ FA A
o AT o] 877t & AR 55 A i
Ak AHElY RE BAELS Azbo] ALYl A 4u £F 2RFC] HAvl= <l

s =4 F UAES AASY 7t vk Hekd Izt el RS o]8% AbE] obd Fopell= Be ATt
o] gre wal7] 9ol AlEle] BE HEoA ZHo| olgx JAHIL U RS o] & AH], A T2 7]&9 I
oA 7til 7 BE W% HA Hold sm ok mrse  E Aed et 28 Hek AXEN d5s B o]F
kel W gt ofUg W WS PopolA Algm o AL ATk ol 23R AZES ASH =z} 5o
Aol AMEEo] A1 9tk sA A AR A Tz HEA 7IEY F W 2RE JXZe BE dFE 79
BFol} hno] odE Ade) B e, Be ik o] T F I WA wA 2o daye] SrkHelA sk
g, FA g 2 BAML /1F Ak ge Rroly AT old FF 2R Mxge Aelsy] sy A=
ZRo| ATS galste] e Salatn gk Wul opz s HTA A& Wol ARESa led, Y HEA Al

3 H
ol FTUlA Zad JFol wet RE FES FAE T
%71

MRt 200749 68 224 7] el wax Qs Aort shssitte e 7HA
etZ X} : 2007 of 5 3oglek zEvh Alojsiol & 2E Ao A|xFEol At
. Al KR Ha B webd 22 Ao Alagle] fagn 4l
Zatel 2 i 2 o 20079 MRl [Epy c  FOl B TAA Holkn gluh o) RiSe] fiste] o
FcKat) 2% 7|22 0|23 AlFlotMER e MDY 2] 7kA duE]ES A=A vk Jindong Tane ad
M=% BM Y @275 W) oTulxo) ofs) 5 hoc FAHIEANIES I8 a fault tolerant LuES ]
s gl &SL|C o Tl x| ol ZEAFERIL o} L3 72 Aol dYFHES A3 o HA[2], o] Agke o]

591



==X 2007, Vol. 17, No. 5

£-3Fd Multi-Agent system® ¢ 2A®E 2d& A A5H9
tH4l =3 o8 B2 AdT7EL Neural Network, Fuzzy,
Genetic Algorithm(GA), Soft-computings <& AH&3le] &
Bo] Aojo o)gaArH6-9]. FHERE BAldE e u
& ARAEEA AFHAA 73 vH10-12]. &3], A&7
bAoA 2de o]&3 dmE]FE] MNLEHAK st gl
o} B4 Aoja]adl g ol 884 4 2ES Aojste A
7kA o Aleratadnt. Vaithilingam Kumarathasan-S-
A3 FAE YA At Ao E o]&Y ZREY xAF
£ o)l gslgrH3). 2Eli Ahmad®s ATE Multi-Agent
Mobile-Robotics System? $1314 £ o 7idd 241 Ao
E AMESHH T3] A BAL Alo] Aladl2 17k AlEu 2
zo] ZAAA WA WA Ax9 S mdsiel T
zd Eo] oh;]. Z}%H/\]- 2R A2 ole|d 28§ EAl
Ao) A 25 ] °hilz & o] &3t tlA(Multi-Agent) £
Bol dx3yFe A Uk 7 RELS olF & Hl
A 2EE 99 7 g5 ¢nF(ABAA)S AstdTh
olAE ZFEQ FEoA ofo|tje]E dojA At L1
Zolt}, aglxm Zzte] g9 MAE $3iA Dodecagon(A
olZ4&)e riFoR syt a8lm I daFdA e
Q-learning2 Zo] AMESIALE e AFAEE Q-learn-
ing Algorithm® o] &3t LA 2R Ao Mz Qi)
[14-16]. o} AT stHxe FHEZRY o)F, EA I, =4
F2o| Abga FalEse 229 37 oY 7R A4
< A% g2 T4 GE d5e 2AE
oA dlolgd 28 FFstA Hrh EFAHT
e Bt GAE °)83lAM rewards WA
agentE-2> AlgalA gFEHAX T g dH9
A3tA "ok 2 TN E Q- leammg2 °o]-&
B BAFEA 24 @ Ut} Q-learningS 73818k
71224 Q-learninge] B4 HBE 7 Markovian
action TAE @37 98 7P eE HrHol7] wE-l
0174 e} A}B.—g}(’ﬂu}

E =8 e 7180 e 23 AN Q-learn-
ing 6—.% duEE Mgt o d4E THAAE S

. 53], FFA A M FaE S A 141019}
Ao A Alojg Adde] whEl FAld
= B AojAg AMESte ZRES Ao oHE %
AA o BAE FH87] Y=

HHE O
OI:IEE

l‘

>~
°l=°
_9‘11‘
p4tA

a9

33 "1

e Addsed 2ie

29 Aol valA LR
239 FPAol) F 7 FFA 39
Aol Aol A BRI, 4304 BRE A8

2 s g% A%g woZdth aEw e b ¢
SR e AREE ast e A A 2
9 %% Aol ook =olair

k1]
2
oﬂ @%ﬁ‘ DBAMJr ABAM It Q-
o
%

ZEQ]

2. Xt2ols2R FHES 9t Lz

rot
O

2.1. DBAM and ABAM
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Distance-based  action making  process(DBAM)<}
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Fig. 1 DBMA and ABAM for robot behavior
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2.2. Q-Learning Algorithm
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Table 1. Q-learning algorithm

For each s,a initialize table entry @(s,a) Zero
observe the current state s.

Continue to infinity.

® Select action @ and execute.

® Receive immediate reward 7.

e Observe new state s .

® Select action.

® Update table entry for @(s,a).
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Fig. 3. Example of Q-learning algorithm
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Table 2. Polygon-based Q-learning algorithm

For each s,a initialize the table entry é(s,ag) Z€ero

calculate n—areas at the current state s.
Do until the task is completed.
® Select action g, to the widest area and execute.

® Receive immediate reward 7.

e Observe new state s if @(5,,5,9) is greater than or
equal to QXs,a,).

e Update table entry for @(s,aé,).

® 55 otherwise, if C?)(sy,s;,)is far less than @(s,ae).

® Move back to previous state.

® 535

3. At20ls 2&29 #& Hof
AHgolEs 2R 73 Ade g 2 FAA
EA  2(Centralized Control)3  EAkA|o]
(Distributed  Control) &2 wrolA &1 k. 53]
ol = B4l AojAe] WAS F AT FHL T olF
7t ek 28 5o A ef o] U-AAME ZEEo] 4
Zo] A 22 d4g e ARYGE AR 5HA
IHA Ao FHAA 7t3 St B =ZoAe A
AbA|o] BAlS AME-EET BE Zho] FAA UAHE G}
dS T oHEY}L BA A SFYFA WA g EEE

A7k A,

© X 0l g

rir

Mo X, e mo b X £ 1> ofy

ozl 5 U-37914 9] coordinated multi-agent Z%
Fig. 5. Coordinated multi-agent robot in
U-environments

a9 62 IF =X dx PFL A sEEE HEH
i, ag 72 A olFERY i dTE A% e A
o] g dehdth Bl s Zhzte] ZRo] 4k Aol
£ F3A AgolFS o ARlY AF-E T oME
B Aledls & e 2R e FUoIA EE 2R HH
S dEste] RE 2R nvh WA Aojdnh 29 7oA
2RS40z 3T A WL vle] EFSE &
S el Adsta gse A dAoh

594

4
" Randommovement
: waiting ~ No

- ) ) No @

Wor% >/request to

d\ew h aim?
Yes

. Aid request Yes
. sign board

Y

N

- Respo_nse
reception
No

Yes
A
Team
organization

Random
_ movement

-

. A
Accomplishment
working

a2 6?4 28 g% Y52 AY 58S
Fig. 6. Flowchart for cooperative behavior of swarm
robot

Pattern
classifier

_—

JUdWUOIIAUT
uonoaag ainyeay

Reinforcement learning +
Support vector machine
{leamning)

Distributed genetic
algorithm
(evolution)

a7 7. 23 229 9% w2
Fig. 7. Behavior learning and evolution of swarm robot

3.1 Ao gAY ZASH 2y
]

& 7hzke] 2ol A AR gl BF E9A

UTE St Yol YR A

@Y festch Te) Bal A% A3 9 &

of Ak WA AT Yk B Yol F

(2% &), ZEWIY 8b), ¥

A 23 g Bo] dwrEoz gy
Vi

9 Bablo) 4o dE JER Aol



(a) (b) (©)
a2 g 23 2yl BabAe] e o
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method for swarm robot
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