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Design and Implementation of a Behavior-Based Control and Learning
Architecture for Mobile Robots
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(Sanghoon Lee, Bong Oh Kim, and Il Hong Suh)

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,
(iii) 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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I1. A Behavior-Based Control and Learning Architecture
1. General Architecture
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2. Memory for Learning
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2.1. Behavior Exploration
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III. Knowledge Propagation
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AL HoFr) Wb #]2] A3Kknowledge propagation) W]
7V £33 RP Z18]3L DP/] ToR & 4 9t} ol A4 At
(knowledge propagation) "'H-2> o|n] il Sl A2, = AAlE
SR 5ol oA FelE-S T = glar, whebx] 5eol] gt
ko] B (positive reward)-@'L o ZofE(obstacle) =2ZA Al
o] A= A BHAS et

ol tisio e = gloA,
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ZH A5 Pelde 24 B aaE 2] wiitelth RP=
gito] Ap5ol| theld] dukd S & 49 el Edle]
U(artificial trainer)oll ©]a}A] 57+ 1BARS gho} x=tof| sl %]
a3 s ) fJel m3e] zhal e AEEel teiM '
Al(explore)S Eo] sllof it} DL ZH9ols 24 T2 a3e:
gt A= Pzol] gk SR FEE 0199 A= A==l
taliA= RPoF PRI R 250] 7HA]aL Q= dsEell vis)
A G sllof b A B/(delayed reward)S BE7] wiizo]
S50l 7P =27 H= Aotk

2EE AAIE A5 Re= 3ol disiA AARPE B AIRE

=S TR ALl efof sh DP Sk didol B
Bt e A= 5 FolFe g ot 35 slok
g ASE0 tisiME A8 AA B EA7F Hob Slek 2
Hu} 2|2 A 3hknowledge propagation) - 20| ofn] gy
Hof AW AR A= o] e A4S Fato] S
& st AARRE o] FAQ WSl disiA dE- s
344 goh ek
3. Preprocessing for Experiments (Details in Exper iments)

B ARE 9% Al BE, JIAIRE 1eal 9] Y e
o] 9ES HAE Sl DPS-R program), RP(reinforcement
program) 1&]3 X]2] H3lknowledge propagation) H'HS o]
w3l Aagiet. i =welMe A E F o e o
St AR dassifysHs T8 AlA BEOA Za Qs Ao
Tl 2R 27 BE QR 34 FHE cassifysls 5
=] HfellA] o] dth

3.1. Properties of Robot

A BEoA BE)d AMEE 2i] AR = &
Sl(sonar), H|H(vision) 12|31 T T (encoder) A E A-8-51H,
2247 e =eE AlMe] GRERE 2Ro] ofs &
A= Aeg lgkS 98l EAH(position 244 AM S} F=
227 AA Z12]3L object information 24 AME 17 99}
o] Akt
XA A(position) ZA A AA= EFAle] AAHRE F=
shzd) o 913 A 2ite] Ar) 9127} opd Ede] Zof
gelM 3700 GO Lrle A mRe] 9% o8,
F9 i ;) 91 F o= ol PeAE lw Ed
Hel 7P7te]l & Aol dg ArE F= 3k aeja
object information =217 A<= color objectol] tl3ll EA] of -
o} objectete] AelE FESHA k. 53] ol E(obstacle)ol
el = EX] M (position) =214 A9} B A (vision) A4 ol A]

<

=

rlo

Sensor Module

Physical Sensor Logical Sensor

[ soror |44 [ postion |

v \%y ot |

’ Encoder ‘ " Object Info.‘

HH:> Engine

a9 9. AlM 5

Fig. 9. Sensor Module
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Left Middle Right

(b) Position Logical Sensor

(a) Vision Physical Sensor
I§ 10, FollE 227 A4
Fig. 10. Obstacle Logical Sensor.

o] ZollE(obstacle) HHE TFA 2= AME-314] Obstacleol] H
A= 979 Ao vERE = dEE 19 109} 2ol 14
SkoiTk

A BES AN B v HuE e 7SS
Fol 9] Mgl mER ddshs 988 s s @9 A
HEL fEE A=) s Ade 35S dHstA =i
AT A BEe 7848} 9] MY REoA A9

2 5 Qe PEES Y 13 o] 74 Sk

Behaviors
Goforward1
Goforward2

Goforwardd
Goforward4
Percepts Goforwards
Left, Right, Middle, Comer Stop
Position Left Wall Left Turn 90
Right Wall Right Tumn 90
Red Left Tum 75
Signal Lamp Yellow Right Turn 75
Blue Left Tum 60
Right Turn 60
Left Tumn 45
Right Turn 45
Left Turn 30
Right Turn 30
Left Tum 15

Pos_L Vision_L
Pos_L Vision M
Obiject Pos_L Vision R
Information Pos M Vision L
Obstacle Pos_M Vision M
Pos M Vision R
Pos_R Vision_L
Pos R Vision_M Left Wall Avoid
Pos_R Vision R Light Wall Avoid
Collision Back

(a) Percepts (b) Behaviors
9 1L IAE A 3
Fig. 11.

Right Turn 15

Percepts and Behaviors

3.2. DP (SR Program), RP, and Knowledge Propagation

3.2.1. Direct Program (S-R program) :

DP= A5 9Bk 58 A4 o2 F= Flo|th DPE ©]
|3 S sp] A 27] 2ol ZEa e x4 o]9]Y]
A=53} 5e] gigk ARE FTIISI) o) 4les 4ls A=
Eoll gk A4t A5ET FNES o] figt AsEolth
oS Jsl7] 913k ol E(obstacle) 221 A2 EHo
gk 2550l tiaiy A4 @s-S ShEslof grh et
ol =(obstacle) B2 AM o] &4, & SFaljoF & A=5¢ 47}
wonz oo tallA] DPS-R program)S 3HATE flof] Argsh
DP(S-R)ell thgh -8 17 12¢] YERNRITE DPE 3HA] &2
“JollE(obstacle) ZAZ A AFES 2ol EHS F8d3}
WA B5S Fof 3= AFEolth

DPE oM f2l5e =300 ARAPE 23t Alo] =9

S AR AAEHA &S 5 A 29 configuration IHUS-
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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 Tun 15
Pos_M Vision_R Goforward3
Pos_R Vision_L
Pos_R Vision_M
Pos_R Vision_R

% 12.DP ¥l SR FE
Fig. 12. S-R Behaviors of Direct Program
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Fig. 13. S-R Editor Tool for DP

TSl tolS 1H 133 o] L Eglom =it
configuration T} ZHE 3] 253 Adgt Pl o
R A48 7ha 5 Qs s,

3.2.2. Knowledge Propagation:

Z]2] M3 knowledge propagation)E H3HA Z4ell innated}A|
ZS3Ksonar) A9} EA] A(position) =21 AlA Q] Adefol] u}
2 PEES 5 SR WFES AAE siolth 13 4= SR 9

FE5 F ohihe) o2 ekt

o]

S

o rlo

Left Turn 45

19 14.8R &< o
Fig. 14. An Example of S-R Behavior

2HL SR FFE oA FlES whks A AlES
39E & A HH o] 5ol disix A2 # 3K knowledge
propagation) 55~ reasoningS &3llA] SR 5] A= 3
& 5T ol E(obstacle) 22 AX ] A=E] ARIAE

7

N

a9 15 A2 AR AdEE 3
Fig. 15. Behavior Pattern of Knowledge Propagation

sl Ak RSTHIE o= ol S (obstacle) Z217A 414 <]
Zgo] EAlsh= Apollv A=57 dA) ddE B5S A7 )
Al =™ B reward)S WO reasoning®l] ]34 RLTH|=.2]<]
A3 EHe] A E Eeliability) S 78AIsHAl €Tk AlE =Tt
Fol AW SR Aol o3l Felles Fsid 252 19 159
o] Aol E(obstacle) =274 AX] z}=ol 2JA] SR 5
A=l o3l AollEs 3T wjruct o W AZelA shdel
aRAR1 W M3 PsS dHgla, b SR Eel o
3|9 W Hoh AlsA R 23] HolES FTssith oA
o5 A4 Holknowledge propagation) o] °|F HSE& &

e
T AATk

3.2.3. Reinforcement Program [16] :

78} 3 2 1%(reinforcement program)S- $JalA AFE Z2
2(computer program)s F3l Q1FA4A E o] (arttificial trainer)
£ 71 ARE 3I8lTE JATA EFo]Y(artificial trainer)T =
Fo] Eag Tl 2aF3 ollEe] tisiA ofugh &
g dlof sheAE A Qi 2RE ZF A=l tiste] Ad
gk s B Y AU Edo]U(artificial trainer)ol] ]3]
A =7} BAKimmediate rewardyS WA v 3kl o))
2RLE A= A=l ke 358 g5l sigink

V. 28
2 =dAE 39 7EE Al FRE ARMEIIeH At
25 9 A5E AXEEY QA BES F3) A=l @
o A sto] g9 A8 HEdAE ded A=
ko e 5-S Aulsh 4= Qs JIQitk 22 A

L S =1 N
RSy

o h

]

o A Ft

743t B5E B8l e she ERS 3 e Edoy
(trainen)”} 5= “Sl(reinforcement)ol] <J3l] g5 SHAl =&
733} Bk5oll A A (delayed reward)oll that F-A7} LSS 1
Ak FEle ol A B AL aAs] flEl A4 A
Kknowledge propagation) Sh5 WIS AQksIN o o] HHe
-85 DP(direct program)*3'#H, RP(reinforcement program)+ds 2}
Hlwehks A8E Fsto] SIStk A4 3k knowledge
propagation) "S- F3IH, 2RO AARTY A B A
ol s 2to] oln Zka gl A2, S =53 A=
g A4k Pee] gl gt JRE ARE3le] A2 A=l
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