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Design and Implementation of a Behavior-Based Control and Learning
Architecture for Mobile Robots
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Abstract : A behavior-based control and learning architecture is proposed, where reinforcement learning is applied to learn proper
associations between stimulus and response by using two types of memory called as short Term Memory and Long Term Memory. In
particular, to solve delayed-reward problem, a knowledge-propagation (KP) method is proposed, where well-designed or well-trained
S-R(stimulus-response) associations for low-level sensors are utilized to learn new S-R associations for high-level sensors, in case
that those S-R associations require the same objective such as obstacle avoidance. To show the validity of our proposed KP method,
comparative experiments are performed for the cases that (i) only a delayed reward is used, (ii) some of S-R pairs are preprogrammed,
(ii1) immediate reward is possible, and (iv) the proposed KP method is applied.

Keywords : behavior-based, reinforcement learning, delayed reward, knowledge propagation
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II. A Behavior-Based Control and Learning Architecture
1. General Architecture
Ak B9l 7)e) Ao] FEE Hs wE I 13} gol
YER 5 Qe

B9 718k Ao 72E FA Wre] BE o 87 Ay A
BE FEshe AN BE, AKX Bl 2o g ZEl™
Shal P9} e RER ?ﬂzﬂq 5 g 1%"3}‘—“ A2 B
3 A2 T FHE AR s #FS Y sk @Y
e 2E aE)a deEE 45s rdshe —LEi 2 7o
B ok g yRKog Mree dky mEo| % sl
%U]-.

A B H(sensor module) — A BES A 2R AFE 0

HuE FEE BN A% BeH A4 B2 uge
2 2¥0] A B 5 G AT vielFE w2)H A4
2 TR sgor, o B9 AW Aol Txel AYEE @
A A7 % QA Bk

Q4] 2 (perception module) - 214 REES A REVE
Ve BNE YF A9 BEZ A9 s 92 s B 9

A EEe YRHoz z=<la E7) Qo] AR HE )
VA5 Tl AsiA Fck

W| 2 2] X E(memory module) — M 28] FE-2 ST(short-term)u|
E22}9} LT(longterm)d| &) 2 4] =W, STHEHE @A) A2t
of 274 A4ek A diiks wf ARRE vt} HFERs A%
37k o, o] HE AY T5S Fal LTdEEo] A Al

.-ﬂ

B EE&(motor module) — AEE 95 F8sty] s 27
EEIE Aodh= 98-S s "ok

39l A8l 2 E(behavior selection module) — 3¢ UERZE=
PAE 43t AlV|creleasers, 2Ro] Zn e AYE,
releaser®}t 9] 719} 44 TA, aZZ BHE Aol BAE
g St /1A BEY ¥ EE releaserEOlA HEEHT
releasers AA] Q1% BE2| SH(E R A} ) alat
AZH 9 Alolo] AH ARE AL o] releasers 3}
vho] sgglel] dAA=oe] SR BFE o Fm Urls] B #*
2 ol releaserZ.2] YHTE o[ B3LALL, releasere] UH

WRE ofu2t i ARzl szelste] ARlehe WHBH111e]

HO - XSeh - NAEES =2 Mo M58 201. 5
RITk 9le] el ol A BAS GE F Adlghe
A Sl B4 29 V1, 99 71 Gl

e Pg e BAES AHEE B9 223 09
o) 2 AW slof 24 s WApof] Aok Avigke 4
s PUe UE £ S 4 s, e o
Hr} e 3 2 BATE Heels e de 55
o) BT 25 F F0S N 23} Bas,

213t ST el I8 e 2 e gloh g

How w27} Aeh 0|2l B9 Hele] WL wE
oA B @9lE Aud o Be B9l ¢

Al +7} B

2 e 79 EC} e Alzte] Wasitl W vlE whHo g 8
9570l $291E Fol YE Aeishe AR Q). 2]
U o)= Hpe D_‘:r. 259 Aol tizl FES Med uf A
o} 29 B4 glol ek AY YweEg A4 e

Q

O

L
N

-

AEE) B =Rl 715
ghe Zhe A7t A g Alg .

S, @9 Y BEe] SES FaM UIEN Anewore]
4 Bl 0 208, ol A A 39
7huka & gl Aotk 13 g Be) QA mE)

A o el QR WL P A9 Aol AR A9
ol 7 Hwrt Eold B9, @ At Alme] YEgA
(networl) 720 E3HE 5 YEF o= Pz WA 3]
o714, B9 A8 mgo) AT MR WAL Salr) s
75 b el ALgEITh

2. Memory for Learning

2.1. Behavior Exploration
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II1. Knowledge Propagation

1. Behavior Learning by Delayed Reward
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2. Learning and Knowledge Propagation

A

B AP 259 A0l delg AAT o 23] 537
dhe B0 RE ASS 4x) Rt AL 7Rgs) e
T4 el WstElE a4ek WA B 24E s}
Atk BslslA] o 8A4e B9 A9 mdw Hv)o| vl

e 84w BY S0 SRk AaE FolEeth 49
ANME WHFEA] e 24 TEsle] 289 99 Ay
& 1% 83 o] AA sisick

Stimulus Behavior
Corner | LeftTun90 |
Left Wall LeftWallAvoid |
| Right Wall RightWallAvoid
Collision Back

¥ 8 27] A4
Fig. 8. Innate Knowledge

13} o] 4
ok Zsol chsl
o 4y 2 é_‘fﬁ—%

E L 27 ANTer 43 A3

Table 1. Experiment Result in case Robot has only Innate Knowledge
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3t Y classifyshs & A ZEOA Ztn e AHow
RFEH 2R a2 BE R 2 HYRE clsifydhe T
2 2 =] #gelA Blo] vk

3.1. Properties of Robot

A BglA] B8] AMEE 28 A e 22
S(sonar), H]A(vision) 281 MFTCl(encoder) AAE AMga}H,
224 ANE Bed A9 PRZFE 2ol o] & &
A= Ao IS Al IA(posiion 2AE XS FE
227 AlA 1831 object information =& AME 1H 99}
o] FAdslsit
ZAM(position)y 27 AlX= EFM] AXNHEE FF
sl o] 912 ARE 2R A HX|7F ofd Ege] o
tiaiA 3709] dAHoR RS 4G Bie] dF, 2E2F,
T4 T FY9] 93] F o= ol YIeRE Il EF
Hel 7hjto]l g Aol g JAREF FF gy ez
object information 2217 AXE color objectell thall FA| o7
o} object?}e] HAE FE3A Hrk 53] FollE(obstacle)ll
sl = 47<W(posmon) A7 AA e} ) vision) AlA] ol A

Sensor Module

Physical Sensor togical Sensor

| Sonar I ” | Position l
l Vision | %}I Collision |
| Encoder I/ ‘[ Object Info. |

a9 9. X 2E
Fig. 9. Sensor Module

|]E> Engine
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Left Middle Right

(b) Position Logical Sensor

(a) Vision Physical Sensor
I™ 10, Fole 23 AlA
Fig. 10. Obstacle Logical Sensor.

9] ZollE(obstacle) HRE FFAH o2 AFE-51] Obstacled]] o
Stz okel AHe] ek 4 Y= T8 109 ol P4

kAt

QA BEE AA 2N W JRE JHYH TS
ol B9l A mER ddshs A%E ol =M B9 A9
EES 9EE Aol deid A e AdesiA Ak &
AN A BEe} T84t B9 AE 2gold A
2 7ol e 2 113 o] 74 siolrh

Behaviors ]
Goforward? 1
Goforward2 |
Goforward3

Goforward4
Percepts Gotorward5
Left, Right, Middle, Comner Stop
Position Left Wall Left Tum 90
Right Walt Right Tum 90
Red Left Tum 75
Signal Larmp Yellow Right Tum 75
Blue Left Tum 60
Pos, L Vision_L Right Tum 60
Pos_L Vision M Left Tum 45
Obiject Pos L Vision R Right Tum 45
Information [ PosMVisionL | Left Tum 30
Obstacle Pos M Vision_ M Right Tum 30
Pos_M Vision R Left Turn 15
Pos R Vision L Right Tum 15
Pos R Vision_M Left Wall Avoid
Pos R Vision R Light Wall Avoid
Collision Back

(a) Percepts (b) Behaviors
a3 1L QAR AT 9%
Fig. 11

Percepts and Behaviors

3.2. DP (S-R Program), RP, and Knowledge Propagation

3.2.1. Direct Program (SR program) :

DP= A7 dube 353 A2 o2 F+= Flo|th DPE o]
|eF AFS o17] $f3iA 27] 2Ho) %%3’— e A2 o2
2= el digt JRE Fokegich ol AlET A% A=
Bl gk 4d3t BT FNES 5k] A% FsSolck
o8-S H3lr] g FolE(obstacle) Z21A AA Q] EFo
gk 55 disia dst dss shsslior sl ey A
OHaobstacle) gx];é /\ﬂ}\—] 4 zeﬂ Z; tsl-éoﬁo]; 3 X]—:-./] T7}
gooz ol t&A] DP(S-R program)S 313tk ¢lol] Argsh
DPS-R)°l thgt &2 7% 120 YERHSIEE DPE 31/ ¥&
el E(obstacle) 224 MA|e] AFES 2Ro] EYE T}
WA E5-g dlof shz AFEo|th

DPE SlallH) §215e el AHgAE 23 Ao Xz
S A AR ES 5 YA 2E9 configuration LS
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Stimulus Behaviors
Red Stop
Signal Lamp Yellow Stop
Blue Goforward4
Pos_L Vision_L Goforward3
Pos_L. Vision_M Goforward3
Pos_L Vision_R Goforward3
Pos_M Vision_L Goforward3
Obstacle Pos_M Vision_ M Left Tumn 15
Pos_M Vision_R Goforward3

I 12.DP e SR PFE
Fig. 12. S-R Behaviors of Direct Program
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Fig. 13. S-R Editor Tool for DP
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3.2.2. Knowledge Propagation:

A2 A l(knowledge propagation)Z 314 22l innates}A)
Z5Hsonar) AXeF IA] B(position) E21Z M) Aol w
£ BTES 5 SR FFES AAE Ik I 4= SR I
TE T ﬁb}«] oS vehdch

=

Left Turn 45

19 14.8R 3% 4

Fig. 14. An Example of S-R Behavior
2ZL SR FFE A FlEE vt Bf AojEe

HE & F YA EJ“% o] Z-f-oll thalir] )4 ZTknowledge

propagation) "E+- reasoningS &34 SR HEe A=

& BEF ol E(obstacle) A A2 AFE9] ABAAS

19 15 A AdAnE AEE A
Fig. 15. Behavior Pattern of Knowledge Propagation
aHatAl gk RSTDﬂ 2lollis “goll B obstacle) 222 412
Fejo] TAISH: A 9olwr 433} WAl AuE W5 A% 8
Al g 1A ‘(reward)e ot reasoning®l] o3| RLTH2.2] <]
A WSSl el Silabiiy® M Ak A1)}
o} 9 SR W5l o8] ol 2e Taked Z3e T 159
o] ol E(obstacle) gﬂ@_ AR 2] x| o o}m SR HE<)
Aol ofzl golEs f9E WEet o W AelA g

R sk gk GEL Zdeigha, weka SR AE 9%t
3] v B AsAoR 2ol AoES 393Gl o}A
oz 22 Ailknowledge propagation) Ho] °)F e &

)\/\/\/\I;}(

3.2.3. Reinforcement Program [16] :
78} =2 713 reinforcement program)S 34 HFE T2
(computer program)S 3 AFHQYL Edo]V(artificial trainer)Z
T AL S8l 2FHQ Eglo Y arttificial trainets 25
o] EZS F3td 1 Az Bl dlsix ojufgt %
S dof A E U g 2R 7t Z}Zof thate] A3l
PEE HY A AFH Ef ol atificial trainer)ol] 21814
=7; BN (immediate reward)S A HH 7slekge] o] 23

At Ao hsre WES sHrabsl Sk

V.48

2 =M e 7R Ao] g Aekslglon Aok
x5 95 A5E AMEET A ZES T3l ASo] 3

o
%

?—

$1 A8 BB g o}wl B¢ A Egroﬂxit ey Ay
o 3 ke PEo MG £ gln siit) BRe 2
o disir 2dgt 5 Hasjol ok—tﬂ 22| A Y%

UItEZ 9l Ae BES 2HsES Bo) ATd 95

(trainer)”t F+= 7F3reinforcement)el]
743} déoiw X A(delayed reward)e] tH'd A S B
Aok fele oleigt A B BAE Z
ﬁ}(knowledge propagation) EH5 BPH-E AetElgiom o] upHel
T3-S DP(direct program)'¥%, RP(reinforcement program)*3 3
H]ﬂol—: APE Bol AEEdoh A4 Al (mowledge
propagation) HE FShA, 2] HAR) njslA) ok A
Foll M= ZRe] oju] Zhal Q= 2|2, & A4F3) =
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534

s sk 7 gle Wk opel A B} oM g
o] o]Fofd &= Qi) o= e sl Rt BT mEHE
HA] ot Hr 2RO TS qrvived F Y= 5HE 1=
Zolt},

ZFo] tE AeARl dE A8E 3] Asine 9F 84

o tist AHE 2R AT chasifydto] 2L AFoE QX
& 5 e TEo] aTErk 2EE Folxl AFE )

sl @) AAG AXA e ol AT Falel] ot
ST HEL Y&T F Yok 2R U A5AA AE
& 1Y % lov) ofeid A%H WE shgel] g A7
s} o5 Al 2o Hgote ATE WAl Folok

nt |

[1] D. B. Fogel, Evolutionary Computation, The IEEE Press,
2000.

[2] J. K George, and B. Yuan, Fuzzy Sets and Fuzzy Logic
Theory and Applications, Prentice Hall, 1995.

[3] S. Maykin, Neural Networks: A Comprehensive
Foundation, Prentice Hall, 1999.

[4] R. C. Arkin, Behavior-Based Robotics, The MIT Press,
Cambridge, 1998.

[5] R. R. Murphy, Introduction to AT Robotics, The MIT Press,
Cambridge, 2000.

[6] R. C. Arkin, “Towards cosmopolitan robots: Intelligent
navigation in extended man-made environments,” Ph.D.
Dissertation, COINS Tech, Rpt.,, 97-80, Univ. of
Massachusetts, Dept. of Computer and Information
Science, pp. 143-177, 1987.

[71 R. A. Brooks, “A robust layered control system for a
mobile robot,” IEEE J. Robotics and Automation, vol.
RA-2, no. 1, pp. 14-23, 1986.

[8] S. D. Touretzky, and L.M. Saksida, “Skinnerbots,”
Proceedings of The Fourth International Conference on
Simulation of Adaptive Behavior (SAB96), pp. 285 — 294,
1996.

[91 B. Blumberg, “Old Tricks, New Dogs: Ethology and
Interactive Creatures,” The Media Lab, MIT, Cambridge,
Ph.D. Dissertation, 1996.

[10]S. Y. Yoon, “Affective Synthetic Characters,” The Media
Lab, MIT, Cambridge, Ph.D. Dissertation, 2000.

[11]J. Pauls, “Pigs and People,” Project Report, Division of
Information, University of Edinburgh, 2001.

[12] P. Maes, “The dynamics of action selection,” Proceedings
of International Joint Conference On Artificial Intelligence,
Detroit, MI, pp. 991-997, 1989.

[13] A. Saffiotti, K. Konolige, and E. Ruspini, “A multivalued
logic approach to integrating planning and control,”
Artificial Intelligence 76, pp. 481-526, 1995.

[14] A. F. R. Araujo, and A. P. S. Braga, “Reward-Penalty
Reinforcement Learning Schema for Planning and
Reactive Behavior,” Proceedings of IEEE International
Conference on System, Man, and Cybernetics, vol. 2, pp.
1485-1490. 1998.

M - S8t - ANARZSE =21 K9 A M55 2008. 5

[15]R. Genov, S. Madhavapeddi, and G. Cauwengerghs,
“Learning to Navigate from Limited Sensory Input:
Experiments with the Khepera Microrobot,” Proceedings
of International Conference on Neural Networks, vol. 3,
pp. 2061-2064, 1999.

[16]M. Dorigo, and M. Colombetti, Robot Shaping: An
Experiment in Behavior Engineering, The MIT Press,
Cambridge, 1998.

[17]C. J.C. H. Watkins, "Learning from delayed rewards," Ph.d.
Thesis, Cambridge University, Cambridge, England, 1989.

[18] K. Lorenz, "The comparative method in studying innate
behavior patterns," Symposia of the Society for
Experimental Biology, 4, pp. 221-268, 1950.

[19] P. Maes, "How to do the right thing," Connection Science,
1,291-323, 1989.

[20] A. Ludlow, "The evolution and simulation of a decision
maker," In: Analysis of Motivational Process, Academic
Press, 1980.

[211 L. P. Pavlov, Selected works, Foreign languages Publishing
House, Moscow, 1950.

[22] B. F. Skinner, The behavior of organisms: An experimental
analysis, Englewood Cliffs, NJ: Prentice Hall, 1938.

[23] ActivMedia, AmigoBot User’s Guide, ActiveMedia
Robotics, 2000.

[24]R. C. Arkin, and J. Diaz, “Line-of-sight constrained
exploration for reactive multiagent robotic teams,” 7th
International Workshop on Advanced Motion Control, pp.
455-461, 2002.

[25]M. Likhachev, M. Kaess, and R.C. Arkin, “Learning
behavioral parameterization using spatio-temporal case-
based reasoning,” Proceedings of International Conference
on Robotics and Automation, vol. 2, pp. 1282-1289, 2002.

[26]1J. B. Lee, M. Likhachev, and R. C. Arkin, “Selection of
behavioral parameters: integration of discontinuous
switching via case-based reasoning with continuous
adaptation via learning momentum,” Proceedings of
International Conference on Robotics and Automation, vol.
2, pp. 1275-1281, 2002.

[27] M. Likhachev, and R. C. Arkin, “Spatio-temporal case-
based reasoning for behavioral selection,” Proceedings of
International Conference on Robotics and Automation, vol.
2, pp. 1627-1634, 2001.

[28]J. B. Lee, and R. C. Arkin, “Learning momentum:
integration and Proceedings of
International Conference on Robotics and Automation, vol.
2, pp. 1975-1980, 2001.

[20]Y. Endo, and R.C. Arkin “Implementing Tolman's
schematic sowbug: behavior-based robotics in the 1930's,”
Proceedings of International Conference of Robotics and
Automation, vol. 1, pp. 477-484, 2001.

experimentation,”



Joumal of Control, Automation, and Systems Engineering, Vol. 9, No. 5, May, 2003

ol

199403 gheejsta o|fjst kol
b, 19973 st Ak et A
AAE N E-sFAD. 20000 ~ HA) &
QFrfEtal AP 7 A AST Ak
Aoz PR ATERY YFHY

ol Fri
ELgeIRe

Mg

19773 Aedistn £, 1982 =7
7129 £FsHEA]. 19823~19851d
U9 39 7edTth 5. 1987-1988
@ )=t vAzh A AT 19853~
A g W

535

e

19754 3¥€ 1444 2001 AguE
ARzt 4. 2003 EPO*EHQE
A7 A ASE I E A, B
Fol= <1 FAY, X5Ale] 2 ZREA

K

u!



