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Influence of sequence of episodes on acquisition strategy in multi agent reinforcement learning
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In multi-agent reinforcement learning, convergence to optimal policy is made difficult by non-Markov processes
caused by simultaneous learning problems and incomplete perception problems. Conventionally, the way for avoid-
ing divergence and for promoting convergence depends on symptomatic treatment such us reducing the exploration
rate in action selection. In this research, we focus on the episode experience sequence and consider the effect of
convergence of learning and the influence on convergence improvement in the Predator Pray.

1. FL®IC

IT—YzV O VPREEE vbhEY L F -V oV
MREICBWTHMIES 2 BB LWt FZE»HEFEE h
TWVWaH, IVFI—vzy hfbFP T, PETHT—
Vv b DEBEET S Z LICRKET S TEFEERE] HE
E9 5. [ERFEEE] 2] U T2 aHE e Linw g A
ZIZBWVWTEHELIPHNIZFZE L ZGE1E, FEREOEY
VA TS/ SNBMROEMMEITRIEET N, ZNET
i, ZEWO exploit 2 RELTAHZLIZLoTHET -V
v M DFEE BB TR & B MR R B 2
FoTW3. I T, AHETIIFBEREUZRERY > 7L (ULUF,
Ny FLild) 280ELUAHTE 2Ny FiftEBIcEHT
% .exploit BHHELEICINR 2 ZR D2 DIZH LT, Ny F2H
BHZAHEL, DUy FOANNER 2 B/EL TEE L 724G
B, fEkOFE EOFEERENIEOND Z L 2 EIEEERE
WU CHER L, REFIEOENMEEZMILT 5.

BIF, 28TIE, YAVFI—Yzy MBRLEEIZOWTE
5. 3FTI, BETFHEL LUy Fl{t¥E2 WY
V—RDANEF2EZEBL-EEFELHMTS. 4 5TIE
FHABEBROMREEZRL, bHEIIBVWTIAEEZ LD 5.

2. WRMEE

2.1 YIFI—Yzv NREEBORREERE
AFETRTVFI—Vzr MEREICB I 2% 204 LT
5. WNFI—Vz v MNREC BZEROBERTI -V b5
BRI NABEDZ L THD. YIVFT -V bDFERR
TlE, FT—Y Y FOAROEHIZ & > TREEB OEF
PREEE N\, ZUTHEIN T 2 R % [F] 22 3 R & e
E R AEIC T2 7 Tu—F & LTIE, FEEEEHT S
LEDONVHD [FH 14]). ThIFPEELLGITHZL12L-T
IT—Vzv bOHEEH AL, DHRMEZFRTT 5720048
ETH5.

INSIZHUTAETIE, TV¥Y — KD ANIEF % #5/E
U HEOEALIERE % BT 5 2 210 & > CHEEMERER [ L Xt
Bl EERD.

HARSE: ARNEE, TEXRFRFHEMAEE TN, TEREX
YREEMT 1-33, kimusho@chiba-u.jp

AT -21> bk
EYMITI—-1> b

I\ —1DRRF

1 F I\ —2008R

1: EEFRIE O BRI

KCIRRE
B 2: MERIED 3]

anals

DRZIEVN =

2.2 BIFFERE

SBHME L IFEBEDONY R —T—V v NS, BRI R PR
LYz -y b2fETAMETH . BEfEIZE
LZEEAEN L ICRT. I THRIRO b—F ABE 2 #%EL, 2
KON Z— Y ERBELZHDTHS. FT—Yr MI
NVR—=1, Ny &R—2, BYOIEETHHFEL, L TELHDA
fAN 1Y AED D, TOBPIZL XL 27812 —DRIRT 5.
NI ENEAIINY R=PR0BIGEIINY R—0 5@ ) 547
FEred HEOT—Y oV MPREIUYRAIGFET S Z & id#F
IRV, NV EX—DFFIT 5 x5 T, HOOEM 24 v~ A%
HBEZENTED. 2 ADNY R —DIEYNTBERE L - IREE 2 K
WRREE U, 2 ANV X —IZHD 52 5 s . FIHIIRAE A
SHUHREE T2 1 TV —R2T5. AWIETE, T¥Y—
ROFEBNEFOFEZH ST 5720, BHFEICB T 5
UREE A S IPIRRBIZ N 2 T, KECRBZE AT 5. KIPREET
WFIEDO#HNZ, KBURETIZADHM TS 252 FNTEhE X
5. X 2 IZEYRAE, JHCRAE % RS,



/ 1: Q — Q(). \
2: repeat
3: D+ 0.
4: t <« 0.
5: episodes < 0.
6: repeat
7 t—t+1.
8: if new episode then
9: s¢ < getStateFromEnvironment().
10: episodes < episodes + 1.
11: end if
12: at < select Action(Q, st).
13: Execute a;.
14: r¢ < getRewardFromEnvironment().
15: St41 < getStateFromEnvironment().
16: di < (St,at,TH-h 3t+1)-
17: D.append(dy).
18: until episodes = m.
19:  for allt e [1..|D|] do
20: Q(st,at) — Q(se,a:) + a(rH_l +
vyargmaxq Q(st+1,a) — Q(s¢, ar).
21:  end for

22: until @ has converged.
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(P:EHI721F P — N:IEFI D8 BN — P:E D #12 EH)

F 1 IPRBIZE D £ TD AT v T4 (step)
Episode | 1000 | 2000 | 5000 | 10000 |

QL average 133 116 | 179.4 169
SD 76.1 33.7 93.5 94.8

P average 103 98 95.8 98
SD 4.6 7.9 8.4 5.8

P — N | average | 104.8 | 120.6 | 261.2 | 348.4
SD 5.3 4.1 20.0 8.1

N —=P | average 96.2 98.2 | 100.2 95.4
SD 5.5 4.9 3.1 7.2
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50 WIS
(PLEBIZ P — NAEBID#IZ &N — P&l 012 EA)

# 20 BIUIHER (%)
Episode | 1000 | 2000 [ 5000 [ 10000

QL average | 72.8 | 68.2 | 75.0 57.0
SD 39| 11.1 | 114 12.1

P average | 70.4 | 724 | 728 4.7
SD 2.3 2.0 1.5 2.3

P—=N | average | 71.9 | 72.6 | 74.3 78.0
SD 1.5 1.6 0.5 1.3

N—=P | average | 71.7 | 71.5 | 74.5 75.8
SD 1.0 2.0 2.4 2.3
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