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(b) Obstacle Avoidance
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] Avoid |
obstacle | i

—
Lsearch

N Detect
('start) object encounter
S : i | puck
reach home e —————
homing pickup

grab puck
(a) 28 AAZE

(b) 4%
1% 26 Khepera 8% ©] 83 swam

intelligence

gho, A, , AT Ao B #A
3l f<A(flexible) * 72 (robust) sl i
(decentralized) ¥ o1 1 2 W A]  Self-organized?! 5
AL Bl A 2FL FE oy g

kgl
2 2

o7k glels BREE AFTAD self-
organization 53& Bt} o] 5L AFA~

W gl & A

Ase A9 A
swam intelligence2} 3hr}

9 H%FS JERAT TSl A7) Al

Bo] Uee o HHAZE Foprte AAHS
BoZE 3 9th swam intelligenceE =50l A&
3 wo] EAAL FA Fe|7}t ojggy old w
oY=

g xzoddol ol
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19 27 Initial setup

i o
e ANz"gE

intelligence & T JAddF
(collective behavior)ol w3t catalog® RHEIL A
A e ERHE WAL wdH 3
7}53] A 4 Aot FSA(finite state automation)
9l WAEE AlojdHeEle tFE 2EE o] 83
foraging AU 0(E7A Ro7)E n&sd z4t4
o 2R Ay-PFL 18 26(@E BEAE F
ot 18 26(b)E Khepera 28 S ©l &% 431
FAHE BRAHTH

(2) Learning and planning of Multi-robot

oz 2Ro] & FHolA taskE FAIH

W Az @Y, 24, 349 BAA A w9
gzeeAel stge AN zrAM Yoy
o

te 2R3 ¥4 AR, FADAV KA
oF %r} M. Mataric[44746)2 PE: progress
estimator® =% AsFHFoE tdFERA o
3 g5 WS AAsiddg. PEE FEUFIE
2 FAHEY dAe Exo W FG+), Ex F
()8 reward® A&3 behavior7t A BEHE
Zolol= 2 behavior®2 A3tz FFOoZA

gas wAastd sl behavior: AHE
QA s} Task@dES 2 E behaviores €A
9l2 wf behavior 2t¢] switching ¥+E o5
A4 ®th. M. Mataric®] tF 2% g5 4y

Chromoscme Crossover

0-1-2-6-9-11-15-17-22-26-26 Parent]: (- -2-6-3-

0-4-8-10-15-20-23-26 Parent2: : ° B
Child1: B~1-2-f-4
Child2: s

218 28 T. Shibata 2F T. Fukuda®

Mutation:
22-25-26 Randomly selects one gene (node) to
mutate. lis following nodes are picked
randomly from sequentially cornected
nodes

IR



g ZHo r,st} k<= l—r?jl 2 28 A3
(interaction)& X2I3tA] ¥Ror wAHA
317 (hidden environment)®} Z X 43 2}
3 AN deE nshA Zokd

T. Shibata ¢ T. Fukudal47]= WH71A|gH
Folal o] FARI FHow Zt 2RO AR F
2] godAM HAHAJ HZE Fe WHS
GA(genetic Algorithm)S %38t A A9 1
d 27 %7] setupel® ¥ 282 GAl 293
7&;74]:@1 A#olt}. T. Shibata ¢+ T. Fukuda$]

YEFL 7 =28 TAY FHAR Y 3§
0:1 233 E 3R ed evaluation AP E &

fr

o

T3l

i

tlo mht mo

Fitness = Tour Length + Waiting Time
g Agstel e 2XI FES WA 99

A3 AFoz AE3tATh. T. Shibata 9 T.
Fukuda®] |3 Zye= 28 J3 7t F4E& 38
7 Zole GAE o] &3l ZX JEt] FFo
dojitz] oy HAAZE T F YIS
B oy #7o] &elA glojor st E3F
g taskE 3 3t doe ool WwE Ao
2 AqAZ.

o] 58l Aol Eol EAste A5 TAEA
Aol AEAZL NP-hard £A2 w3 Wi
% 7 2 A Y (reactive motion planning)& A

[=]
S RFAFA  EIrh, Azarm™}  Schmidt[48],
Carpin#Pagello[49]= FE&AE AAs7 A3t
of YA negotiation) == WY A AES £
e 23tE X (distribute) |E TFIHRAAT FH
AL 318 3}A orom, LaValle3}
Hutchinson[60752] 7 5 <A 2k (centralized
computing)°ll €& A & FIRoH AAL
A-Ago] E7t5 3ttt

Y. Guo$t L. Parker[53]= A9 F3to A&7t
=3y AA7re#  re-planningd s X33
(distributed optimal) ZZAEHE AA| }%E}.
Y. Guo®t L. Parker®] AZ AgoA zt =&
sdgE EXE A3 on EUYA e &

g ¢a Yok, A-A e (pre-defined) Z]L:J}
Folxy & 2R3} FAlo] rtwditt. 2R

motion-Al & EA = &L Al A

FE°] e A4 BrE FE

= us4 2.
K= ’Ylma’X(Tl} T2) Tty

=2 92747 ¢
FAZ Hrskae

N
TN) + 722111
i=1

0:17]/\1, Tl; T2) "'7TNT?.‘ 7—}' i;”\‘ol 55‘}‘_0“ =
gatd Aet Ag Adeln L i =i

o] idle AlZF, T, o= %ol 7}E X (weighting)©]

th. Y. Guo®t L. Parkerd <uElge 22
7 2 A 8 (path-planning)
fﬁﬂ‘ﬂ ‘4\_ EEO] s

motion-planning &
£EAPo o]

53
5 9
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o} A]

4.4 A3tz ¥ [54755]

Azt2Bo F A3l (artificial evolution) A
S Tgsl= A 9t 2Eol 2E Ao
29& JEstE e Axolth ME & 9
& Zte 27 Az 2R Adz=rr 3F
How "g"éﬂ-‘%ﬁ st Ao FYstH RS
& FyATE HristA "o
u] 2ye =¥AF Hrot ¢
—.Xﬂ?é}"i"i A3 =] o

=7 HEE o9
OlHH 28 g5
Ay fFHRAHoR

(o3

AdE AA 2&E
28 Aojr|xdo] vlmA
H719 oAYUEES e gad(innate) 3 5 I
plastic-Aloj A28l o 2 RE AMAHE stgd 3
% (learned behavior) 2.8 FE8 4 glt} <ol A
Meg BFre 2" PFEL
29 Azt R AF2 23}l
sHA| €}

2RMe REHSHE E
g e dqdsgdez ZAAEY J&g 3
3 AAE Aol A dATIE w2A o
dutd oz o Asol AHst=HA drh
o] dszgy g A 2E 39 ’2}11—}%2
A&aA d7) AsiME -2 3Hco-evolution) 7}
s3EYg. FAsE A, 2 AT e ¥

A T T TEELE A AMA
Z 3} (inter-individual co evolution), 70 A& 3}
Aol Auzag, FAAZ A A SE7] g
A3z Yg F Utk

Cliff et al[5675913 Harvey et al[59760]-2
A8 A (genotype) & Ao Al 2 i MM -HER
A (mophology)el ¢l8te] AAdsw zlztd #X%
2 7 WEA 9 iloﬂ °-| 25k Fo)e] Alzb A4
A}t ) ag‘;_o - A e wrd ek
of eol&ghg E]r Ferenc Havasi et al[61]=
2002 EvoNet Summer Schools 2 xEA
@ What happens if we add more knowledge in
the evolution process? (2 Are we reducing
capability of evolution of exploring? @ Are we

reducing capability of evolution of generalizing?
of e wlor S dHejo] FRE AT
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¥
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FINELTS ZOUTITR
) ppa—
IR SENSORS — SPEED OF THE
. —INEURAL [ RIGHT WHEEL
| NETWORK |, SPEBDOFTHE
CAMERA | LEFT WHEEL
SINpLTE $OUTPUTS
—_ = vaLUE
IR SENSORS ~ SPEED OF THE
TINEURAL »- GO FORWARD RIGHT WHEEL
+ 1 £
| NETWORK |—#&~ GO RIGHT —— S F“ig}irx:ﬁ&
CAMERA  ~—— :
— 8~ GO LEFT

23 29 Two different architecture

29 30 Simple Example of State Estimation

(2% 29 AN-AAL-2HAAMNE(2F ),
M -2 7 G-PFBH-HEAI]-BHAAFE). A
HdL FolE 3o dig ket o]Fete EA
Gesso od Wz AYE BoE
fitness=high speedxstrait motiion

xlow sensor activation
oln] FErt ANY SEF Foln AWHE
afm A% Az ¥ A7) ¥ o
ulr')r/}—\— by Aol distd A5 A
Ho71(2d ope)7t 8
35S B

io e

‘.‘*.J

+ exact models
* no sens&n necassary

« no motels
« relies heavily on good sensin

+ model-based at higher levels
* reactive at lower levels

seamless |magral|on of models and sensing

A,

. ir Is, inaccurate sensors

a3 32 2EATHSE F9
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5.1 Probabilitic Robot{62]
21 "P‘ﬁzﬂﬂﬂr ojofr] & A3 23U
W $2 FH-28 A, Adg, Mulaz P
S8 2R Jlol= ZR-o o gty 2io]
A(task)e Fastodolsts= Zzlo] w]$ tioks)

Aom, o] FNEE 42T F fu FEH oI
zRe) A% Ed HEF] @ Fute] glor,
8749 2% 29 59 2ALEL FARA R
ot 2ol ¥RE AAE 4N BAH o=
o ggoz AR A5TE BA oYY A
FEe 1990dTel EiMWA BE 2R 3G

(PR: probabilistic robotics)ol&e MEL FAE
7}A gtk PR F ofoltole A4 2R

PE FEo| o st &H 7tEdty FHF
Z (state estimation)ol| ©]g+ 272, utility
Aslel o3t PFHe o7 EFLHo] EAste
BPellMe 2RI FAE WHE T & A

p

2R FEjA 8§ o2& o)Ly RAEF
2, A olze o3 EHT AAANT
Asg BolA gl

pid

r
o d

0}04 AT

;
g
@ i
¥
@ *
-l

World deterministic T’?
State observable iy

{Koditschek 87, Barto et al. 89}

(a) Classical Optimization (b) MDP

World stochastic
Tt State observable

World stochastic
State partially

{Sondik 72}
[Littman/Cassandra/Kaelbling 97]

(c) POMDP
a® 31 Classical Optimization, MDP and POMDP
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P(z | 2z, 2z, 2,) POMDP A A3ttt (http://robots.stanford.edu/
— P(zn I T,2, &y zn—l)P(x I 2y, %9y, Zn—l)index'html)'
B P(an 215 22,---,Zn_1)

5.2 Imitation Learning _
2 er<r(imitation learning) & RE Aol 9
gk by Al
(learning from demonstration)©] 2} T 3
3 =z 3l (Mentor, teacher)”} A% -3 ©

-1—‘

28 action 4 (certainty)ol] ¥ o] o
Uol d=e] actiono] el uwel 23
(uncertainty)& AXA "o} w2ty 229
P& B0l TaskEs 337 9
Aol FAL F& QU Yk dE Eo 2
314 22X g dFL nHsAERA 2

oA (aye W-BEHolH AHE o !

8} (learning watching),
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A28 7+ EE 9
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P: movement primitive®} X E{
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