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Search of Optimal Path and Implementation using Network based
Reinforcement Learning Algorithm and sharing of System Information
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Abstract -

This treatise studies composing process that renew information mastered by interactive experience

between environment and system via network among individuals. In the previous study map information regarding free
space is learned by using of reinforced learning algorithm, which enable each individual to construct optimal action

policy.

Based on those action policy each individuals can obtain optimal path. Moreover decision process to distinguish

best optimal path by comparing those in the network composed of each individuals is added. Also information about the

finally chosen path is being updated.

A self renewing method of each system information by sharing the each individual

data via network is proposed Data enrichment by sharing the information of many maps not in the single map is tried
Numerical simulation is conducted to confirm the propose concept. In order to prove its suitability experiment using
micro-mouse by integrating and comparing the information between individuals is carried out in various types of map to

reveal successful result.
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2.1.1 The Agent-Environment Interface
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2.1.2 Returns
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2.1.4 Value Functions
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2.1.5 Optimal Value Functions
optimal state-value function V *$ optimal action-value
function Q"8 RHeatw olelel ).

Vs = mjrx V(s for all s€S 25
QR* (9= mz’irx Q%(s,a) for all SES and a=A(s) (2.5)
Q (s @=E [7, 1 +7V*(s, )ls,=s, a,=d] (2.6

o) Q-learning$ F4 38 obzjet P},

I Aoz Qs.a)ghd A ]

[otm2=or 2uw w2y ow |

I wwowwsa zn |

L _1

1%.3 Q-learning algorithm

Iteration

2214z M BY 74 U AlgHolM

E =R E matlabg 7o g oo Z thofgt map
T8t A Ao E2Y reward® Fy Aoz 87
AAstger olg AAe Wl A Wk i MME 2
3 Aoz stAste] & stepritt 2 $ixXle] W& MAMgS
Agste olF b WS ¢ F UARE PR 29
I map® A7)E 5x5 Alel2E PASHH oY o] mapd A
718 3 oo fHstdx 2ulE ARE 9L 4 Y2
% 5 U
sta

rt

go alo

(o

di

N\

Goal N
3484 d98 F49 mapd olo] diE o]F 715 path

H Y O

mapiol A BlF3 BEL plocke® HAsET HAY A
¥ map? A& A HA trial-error¥d A 02 goal® A

Ak ol EA goald A Hi= #HAAAN AAE 7
stateel A9} Wl A W9 FES AFsA A F, ol¥I}
T ARE #Ydle ol A PEE Fasd P Py
2 A3

goale A HW oAiA=E FaIA HIR F stated
WagES AEE delHE ugor 7 A & oF
7t W BAEA "ok A9 agelA Rd AsA A
AR FES blockelR 2 A e ZRYFEH AMA
FY7t dolXwA %A A F2E AT

SO JO00 S O WO . S
| 43048 4.7827 53141 5.9045 -9.9997
2 4.7827 -9.9997 5.9046 6.5607 7.2897
3 53141 59046 8.0937
4
5

6.5607 -9.9987
4.7827 -9,9997 8.9997

7.2897 -9.9997
4.3045 -9.9997 8.0997. B.9937 9.9997

Y5 7 stated] w2 value

oroll 2] trial-errord Aol A= Zbz ] cellll A AR = o
A g3 25 AU £ Ark 28y goald] HXE 4A H
W value iteration #3 & st HFHOR 9 Ho} 2
< goz s drh o] W AxE "AAQg AAAAM s}
A Z Y wao: policy® AASA vl ol& goalE
7te 7V & AR AXEA "o

165 3 ES 5 BLOCK
28 BLOCK £ £ s

3E € s K s
an BLOX s BOX s
SN BLOCK £ € W

296 A47e] stateel Mol HA olF W

A4bEl value HERREH HA UEgE AALA e b
o] § AAE olF W3 valuegtel ZE A%e EF 7%
A BEASHAE ol¥A sHE5H pathE EASR HE9
path® T3] 93 AN2dS FAFGY. o] AlLdglMs
valuegte] BIRE E3d goal® #F+ 71 HH paths
EA A &, valuegtel 28 ZF4e 9oz HA9EA
FA &

197 Optimal path

2.2.2 HEfIE o|26 o} JHAZ} Hlolel 3|/

$lel A 7% optimal path® slgez T A #z
& mapdl W HelHE FUk o w ZZhe dHolHE
optimal pathg® £ 7 %9 @¢ol%Eoe] sM5gpathE Y=z
FAt ol o ¢ATe 2L GudFoer FAASNHC

175



|19 mapor mer 2w <z |

BT EETET

| o= Aot moiel 25

2¥ mapt 22 optimal path®
PREHSETE

IY8 YEAE £9 doly T§ 2%

A9 3ExE vulHos 2L mapilA ©E optimal
pathg 713 799 N2 OE mapillAd Ztz siute
optimal pathE 7}3 295 HAAUTE Gelye AGA
e HoHES 449 AAsel /An gidn 7Y so
WA Zzhe] AMFPES AAZ2E Pol AAF T optimal
pathE WA Z )45l #AH L simulationd} Yt}

AAe oldE HFY ZHEYRE A5 mapdl o
Y AL FYP3A ¢n vZ goald HohhUrd. =
olgA eol4d HelHe fEAL WUY F uEgasg
et AT doly T4 sgrh

Z& mapelA HFH A2 98 A AAE oA AN
29 step] 8 wuwsly 1 F Hae AL AMdsd
A9 A BER AASA g EE ojhe) T
HA Z2gd3 4% £= vk 3294 F 2 mapd
e e AHH 28 7 At UEYa AL o4
e HHY HZE vastd AAst: FHL Yoy
TI3HQA A A2E Fa= FHL Sy

Th2 map®] Ao MAZ I mapel dlE AR QS
B9 1 ARE AEvHeE Y Yz HAsn o ¥
Ao Ao 22 YL wEso, HH A2s 2IYT

2.2.3 Str20lAe MY

AB7A A¥E uwgor EHL A w2
HaZ 2o dg dNe P850 748 =2E 159
289 EZ T2z oFox 239 EZE oL¥ A4
43 A a%g 9 £ YA FAHAL
]

399 1% % 2% 9dd By

TAE =29 dale 1% =29 n8Y Hd A2E 3
A ¥ 5% =2 JHdN Hg Azg Asdd 2y
1 EHAE 539 v Ag A2 Pasdo

| B LT
T B e
H I B

1]

- - T T
! i "

Tl i i i [
J3101% % EF AG Arg vEYa AY =

129 28HE Ao v 3o ©F 2§ o83
e 9 F oo AYrt d5dE BARUt 4rM EE=
BellMe og® AY Ayt dEgoz 4% dHelHE
YENIZE F3ta] BHotM o]E oy F Hd AE A&
s HEHY AL Agst 4EES € ¢ AU 0¥
A ded HdAgde oA Zze 2uide woHE A
3ol o]& FH3A ok

2.2.4 oloj3 2 a}lRAE o|EH ciiiMZ ool F7

dlM dold ARE Edz AA¥A sHedol=
FAsYt A¥ dae telaz ste2E Ao
AN ANSFLAE 5% Alolze]  welN SR

shesE WA ANE o g3t B2 fiX9 29 AAE
sepsl B 1§ AFdez ol 4N Asd
A543 2 oo

o

181 & v@o 2 Goald ol §oj7H4 €t

3911 1% % 53 39 A2 vMEYa HD F=

AY d3t £55 Goaldl A Al AHA &2 Azl
28901 o)F VEYAE T3 d4E doHZ Goald
Foprbe ARE HA 28He AGH Wy HIHNE
A Al 8k e}

3. 2de

g eRANE UEQAE Noz B AHRAEE oled
o Qo9 map W HA =& AEAA o8 FH
AUBHE BAE AWHAT o) RAAN B GEe A
@ dolHE Hgos A¥ YA AAHE d WS $5
@ A48 RlFUT E@ trialerror B9 WEE WA
7 A8l & AN WEARE FHFLEA HF Bz
TE FHIA ol AEE A2 Aol dw AN HEe
U %+ 9le B o AsI: A FHE Faol
dolele) Ay L HIBE 27 4+ AE ° I o9
b Qe o] ®gE2dAe] e melshe] 234e] of
934999 4RE AW & UsE HelFoch

o dobrt simulation $7e) obd AAHA HLslolg
Moz oF TEsel delre s $¥ ZuAG
Fs4E Suste AA Ag AAY DUNE HeH 5
Al MEGA N 87 okdA o TERLEA B AW
9 4AHY Hgol sbrate 2 ARtk BF o
A%E Ed2 3 o PANCE YAHY WA H8Y o
Aol

a2 r #®

1) Richard S.Sutton, "Reinforcement Learning”, MIT
Press, 1999

(2) Abhijit Gosavi, "Simulation-based Optimization”,
Kluwer Academic Publishers, 2003

(3) WA, M2 FANA F& A= FAE AT YA
Z+3) sy, AR A28, 2002

(4) 224, "AA 2dy 7]FE o] &3 5 w9
A-gA ol B A3, FHGFZFE3, 2003.
p.391-p394

176



