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Abstract

The voting algorithm for action selection performs
by
algorithm in the dynamic environment. The proposed

self-improvement Reinforcement learning
voting algorithm improves the navigation of the
robot by adapting the eligibility of the behaviors and
determining the Command Set Generator (CGS). The
. Navigator that using a proposed voting algorithm
corresponds to the CGS for giving the weight
values and taking the reward values. It is necessary
to decide which Command Set control the mobile
robot at given time and to select among the
candidate actions. The Command Set was learnt
online by means as Q-learning. Action Selector
compares Q-values of Navigator with Heterogeneous
behaviors. Finally, real-world experimentation was
carried out. Results show the good performance for
the selection on command set as well as the

convergence of Q-value.
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IV. Action Selector
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4.3 Command Set Generator

CSG (Commend Set Generator)® Aeje] #3to] o}
2 Q-learning g F3MA 7HEAE F43H o2 A
A Behavior®]  Velocity  Vector
V=[v,0lf F3A dct. 7314 8= Behaviord
9o 1Y 77 Zo] 7 4 glon o] FHLE CSG
of oaiA AA € Nodeol i3] Voting Algorithme
ol g3d VoteE A HW o9 Homogeneous
Behavior®] Z}2te] Behaviorel W& 7bFAE R
8HAl 9t

Homogeneous

Avg. Velocity
e Slandasepoint

——
\ Intervot rato

3 Mox. omega (W_b2)

23 7. Velocity Vectord < 271 98 u4hg

v 02

A 299 M CSGE 2o o] & Navigatore]
AgPdr

4.3 Navigator

o] BE9 F BHL o|FEE FYP& v A
87 e $:¥EHE 9= Zolth, Navigatore
CSGE%-€ Command Set¥} Behaviorite] Voting%
M HAg £x9eg FHooh oldd AN
G5 2L 4o g3 ASPE AT

arg max [ R;(x), Ry(x), -, R ,(x)] (8)

subject to x&X, wherex= (x|, x9,"", X )ER"

Voting& ol lold & 7M5AE R43te
Weighted Consensus VotingS AH&stgith o2 <3
A 4 (8 HEAE Roddgen ZbzZe] Behavior
o HAF g /MEAE Fose HFHEF Action
Selectiong & F UAR2H 7oA Utee Q-value
#S v Rty Updatedt= 2 st

V.

ERRL

B4e 1Y 8% 2L 7IE 18m, A2 13me
Resolution 05m'ol® o] %

ts| Al2E S Hlof2ol

167

BtE FAlstatis] =2%(2002.11.30)

BRE 16708 239 A48 A3 g =8 A
9 Pl Behavior 2709) diaiAwt 4¥& 3y
o $dHes 2RE Aojste T YoM Al

23 3imat7] 98 “Obstacle Avoidance’$t & Al
87HE EHAE @7 9% “Move to Goal"olghe
Behavior& A 933t

Target3

M
L

[ Taiget

e &et
o

- ?&rgeté_

-
B —

o

L.
Target2

\ A

A

18m

29 8 24y 84

5.1 Action Selection

¥ 2. Command Set Generator?] &2 gt

A9 E 29 o] CSGAAH Z¥HQ stated] s
Velocity Vectorgt& Navigatorel Agé1 2 ol
3ix 22zt Behaviory Votingg #&tA €} o]
o Voting &2 4 99 ds&iy 9L F 3k

Vote = * Votetd)

* Vote

1
Dense .reward * Sparse _reward



20024 CHEIMALS3t2|/OiHA

ogA A& Voteol dalH V=[v, o} 271 93
A CSGY A VoteE = NodeE #o} Velocity
Vectord] g€ deth

Agg V& Stated] @& Q_valuest & Updatedo 2
HEAHQ e A Hu 2 A9 19 99 19
109] 285 dA HA

2% 9. Targetdol X Target27hA 9] Trajectory

Start

Z1g 10, Target3o} Al Targets57t A 9] Trajectory

A4 87 ol#lAMY o] F2E Velocity Vector
V& g7 AlA 71&9 ASPrIgel g&S Ad
U Eo] UAAT o]E& AYPsdy] EFsivks < F
& ¢tm glon Z+zbe] Behaviorol WA A& A
Aol St ZAAE A UAT o] WA
o] =%& oz B3 Q-learning algorithm#
53 o2y EAFES ngIdoed Bl
Behaviorg 7}A 3 o] F3dE Systemo] Roh © HF
A HEE F e Az ZidEd AFd o g
Behavior$} Real-worldelAl 488§ stojor & Holny

Voting &

168

J&s AlAE R HojRo 85 FAEEUE =2E(2002.11.30)

gested e TS 9EAAG ¥ Aot

A1 F3 (Reference)

[1] Mark Humphrys, Action Selection methods using
Reinforcement learning, (Ph.D. Dissertation),
University of Cambridge, 1997.

[2] R.Brooks, A Robust Layered Control System for
a Mobie Robot, IEEE Journal of Robotics and
Automation, 1991.

[3] Khatib, O., Real-Time Obstacle Avoidance for
Manipulators and Mobile Robots, in proceedings
of the International Conference on Robotics and
Automation, 1990.

[4] Chin-Teng Lin and C.S. George Lee, Neural
Fuzzy Systems: a neuro-fuzzy synergism to
intelligent systems, Prentice-Hall, 1996.

[5] Julio K. Rosenblatt, DAMN: A Distributed

Architecture for Mobile (PhD.

Dissertation),  Carnegie University

Robotics Institute Report

CMU-RI-TR-97-01, 1997.

C. Watkins, P. Dayan, Technical Note:

Q-learning, Machine Learning, Vol.8, pp.279-292,

1992.

Navigation,
Mellon
Technical

(6]

[71 William D. Smart, Leslie Pack Kaelbling,
Effective reinforcement learning for mobile
robots, IEEE International Conference on

Robotics and Automation, Vol. 4, pp.3404-3410,
2002



