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A Robust Reinforcement Learning Method Using a Selective Attention
Mechanism

Ryo Iwase!'®  YOSHIMASA TSURUOKAZ?

Abstract: Reinforcement learning has outperformed humans in games such as Atari 2600 and Go. However,
it is difficult to generalize to situations in which the environment has changed since the time of training even
for the same task. This is one of the challenges of reinforcement learning. In this study, we propose a
reinforcement learning method that is robust to distractions by combining a method called Attention Agent,
which extracts features from only a part of an image, with an encoder trained by Deep Bisimulation for Con-
trol (DBC), a reinforcement learning method that uses Bisimulation Metrics. In this paper, we implement
the proposed method with several model structures, train it in the normal CarRacing-v0 environment, and
then verify the generalization capability in the same environment with some modifications. As a result, we
confirm the change in the region of attention in the normal environment, although there is no improvement
in the generalization capability in the environment with drastic changes in the background. Therefore, we
discuss the problem and possible ways to improve proposed method.
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2.1 #b¥H

FEFEFRE O D & b 2R TRl TEN 2 %8
THZeRHNE TS, BRFEOSEO—DOTHE. —
e, mibE i~ a 7 ERE (Markov Decision
Process; MDP) IC X > TREINZBREZ/RELTED,
MDP X (S, A,T,R,y) DX SicgREN3 [7]. ZZT, S
WIRREZEM, AITEIZEM, T:Sx AXxS — [0,1] 13:E
BRI, R:Sx AxS — RITMMBIE, ~<[0,1) %E]
51 TH5. BEFEETE, -2V MDBHEEDIRE s,
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2.2 Attention Agent

BHROPTEH X R ICERD D 2 BELHITICDOATH
L, Mo 3RS 2 X5 RO REED Z & 23 RAVTE
B, ZREAEPEBAT- T2 X5 R X RT Dff
BBV TEHELREEZH->TWREEZLNTED, #
RFR OB %2 L 2B LA L ESTTbaTw
% [8], [9].

ZDHD—DIZ, Tang &5 DS [10] 23H 5. Tang 5D
BEFIE (Attention Agent) DETAME LK 1 ITRT.
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1: Attention Agent DEFI/LMEE. BEH XN 2Z,857 X —
ReFOBRROTREINTVWS.

2: Attention Agent OIFHEM ZEAQ TR RLIZZ R
DHE. 2 A 713§ LAY CarRacing-v0, T3 Doom-
TakeCover.

Attention Agent Tl, ANEHREYID 73T N KDy
F 20512, FHEL Lz 8y FI2DWT self-attention
PHOWCERELHET . 20k, ERENSVIEIC L
Do KDy FEBEALT, ZNED Ny F 251575
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27280, —fRINEBETIEEEICL S =2 —F 1%y bD
HEEATI I LIETERY. 22T, Tang SIS HAT
H5E o HE L RIS (CMA-ES) [11] & FEE N 2 HE L EIE 12 5
DWEFEEHWT, self-attention Ei7 a2 br—50
HADRELZTR o TV,
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PRI LT ¥ 7 2V T self-attention 72 ¥ OFE% H
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—75C Tang 5 DFIETIE, self-attention ~D AT ZHEE
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2.3 Attention Neuron

Tang 512 & o T 2021 FFITFHER X NZFH X TIE Atten-
tion Neuron £ W5 EFNLZHWT, KEDAIITOWT
Permutation Invariant (PI) it #EH L —> = ¥ F %12
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2.4 Deep Bisimulation for Control

Deep Bisimulation for Control (DBC) {Z & A 7 1ZE8f%
DIRVET DEENC M Z R oML FiEO—2oTH
b, Bisimulation Metrics Z# W T Y a2 —XD¥E 21T
W, ZAUC X DI LR EZ A 2 LT TMOBLFEE
R R 7 %¥E 5 % [1]. Bisimulation Metrics &%, &% 2
DOREIZTOVWTZNS D 5 TRl 2 i & KIRRE D
BOMBENETNHEVICEDEEREMUL TS 22T ®
THbh, BEMCIZ2 DODOKREN YD S WITHIOHE T
T3 (behaviorally similar) 2% &3 &®ETH 5. DBC T
FEEEOBRIZ, Z @ Bisimulation Metrics & f\WT/TED
HTE TV RERLZEDST 2 X5 ya—XD%
B2i75. COrE, ZRZIEROLVEHDNDH > T
Bisimulation Metrics DEIZZ (L L2 WDT, DBC DT>
A—RF R A7 ZERDIRNEFNI L TaANR M RRE
BT DN TES. M 412 DBC OffiHi72 €7 L
BEERT. FEEDO¥ETIEX 4 @ Dynamics Model 23X D
KD %, Reward Model 23 % FHI5 2 Z &
C Bisimulation Metrics DFIEZ{TRoTWVW5E., ZDr &
DLy a—XDOERIUTORTHEZNS. =L, ¢
Brra—&%RL, 2z =¢(s;) WANHEBELZYa—-X
EU S, v IR, o 3EIGIR, PIRRESER TR
BRT.

J(6) —(nzi -ty
, @
oW (P10, Pz 0)

Z I T, Wy lZ 2-Wasserstein FEBET H D 7746 6 O FE#E
PR T ADICHVWLORTWS., ROFEIHE =14
FZzhz ﬂ%ﬁ@fﬁ?ﬂ@ﬁﬁ%ﬁ CERTAIREOMESAHED
HEtEzRLTE D, Zhs DT Bisimulation Metrics 12
BoTWb., ZDZriZkh, H—IHOIRERI 2, 2
ft] O FEEfEAY Bisimulation Metrics 12380 < & 51222 E 28
TNz Zednhrsd. amX TIRMILEEFEL LT
Soft Actor-Critic (SAC) =M\ T DBC O %2177 5T
W3 [12].
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7 LT ) X 2ZBRFUCBT 2 MmoElL» 55
BESmEtFETH D, RIER Oz L2 DR
L CRELEITS. BILFE OBV THERN 7V
) X LG 72 Y O 7 L3 ) X AR VT
Ty bV — 27 ORGELELT S ESEBITOATE D, &
JEELEE DOF R KR THE LR VEREER RO LTW
LIRS H B [13), [14]. £z, LT LY X slFo—
A7 RT3 2 L THEDOKIEZEFELEITS
EMTEZLWVWSHTENRTED, Atari DIFE ALY DX
227% 1 RRTHRS Ze BN TEZ T AHRDBFELEL T
% [15].

3. BEF=ZE

AL TIE, Attention Agent D 8y FOEREEDFHE
WRZAZIWCEROBD Z2REEH NS Z 2T, BOWREDE
BUCiftED H D, HOBIRIVEESEC X D EEFN
PO T VLI R FEF LV P EREETS. 2O
B2, XA CBRDD 2 REEZMET 27200 FEL LT,

Deep Bisimulation for Control (DBC) i2 & W %#F L=<
vYa—REHWS.

4. REX

4.1 HEREIE

AFEERTIE, BEFECOVWTEHELEZZya—X%2H
W3 2HHOET MG Ty a— X 0¥ E 2T 1
DETFTMEEZ HnTEZTNRILEE L -2 = v M2
L, £HhZ2UT2WT OpenAl gym @ CarRacing-v0 B8
BEHWTEERTo7/2. 20k, BEEZ(LXEEFALR
R IZBT MR OWTHETE L L TlEHE D Attention
Agent 2 U Proximal Policy Optimization (PPO), % ®
CarRacing-v0 E3%I12B8 W T DBC & W T2 L7 SAC
ZHWTHRZIT- 7 [12], [16].

4.2 EBRFE

RBEFETE, Zrya—Xr BRI M LEED
E2R LTy FOEREDOHEICIGTH T 2 EHEET
H%. 2T, BETFEERESTZ LToo0E7 VE
ZRAWTERZITo 7. EFEOBMKNZET AMEL
X 61RT. K 6(a) DEFATE, DBCOZYa—&K»
LISTREAR Y R L% self-attention §5457 @ key projection
R U query projection DEAICHE L TEEEZFHEL
TW5. —4, 6 TOETILTIEAIIE LT attention
layer D27 LY ZEIE LT, Ry FrbiltELEF— 1T
HItEE s Z L THEZZFHELTWS. M 6(b) DET
JEEED SRR T S LEFAWToRy FINOTERTE
MERELTVE LW HTEDERNICTHD DTV
BIZH-TWAB, F72, Attention Agent D 8T X — X
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BE AR LBRE (Noise), HREELTAIC LR
(Video). ¥ 7 # {3 Kinetics Dataset [17] 2* 5 walking the
dog 7 9 ADH D% H N,
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7: JBH D CarRacing-v0 BRIE T Attention Agent ¥ ERTFEDET L 8: &% ® CarRacing-v0
B LB oM. FER TR Attention Agent & FEARTHEE TS

D3 o T3,

£9%.

ZIT, REFHEORLZEFKL L TDBCOTY a—
K'Y Attention Agent HiD ZFRHIYE T2 K5 RET L
MEZER L. ZOEFLOMEIZN 4 ©EFARE
IZBWTHRE m % Attention Agent 2B E#ix, =>a—
EDAN %Ny FIEZTZD DK >TWDS. ZOETIL
BEELLEAyFRLya—KXDANELTEZ, =
Ya—&»oBohbREE Attention Agent DATTE L
TW3. ¥/, 2Va—X0¥E DD DML v
F” —2 ¥ L T Transition Model ¥ Reward Model %
W5, THBHIZ & o TXRIREDHER A0 & WA T &
f, X (2 DEXEHNTIYa—XD¥EE(TS. LD
DBC MH{GE2E» 5 RIAZEE T 20IMLT, 265
DETNTENRy FHBIIRBADFEE2ITS. ZOETLVE
DBCH+AA EIERZ 229 5. Attention Agent #i453 D
FHiX CMA-ES, T>¥ a—4& & Transition Model, Reward
Model D#E X Adam % HWTITS.

ZHNBDETINEHWT CarRacing-v0 IREZICE W TH
BRIV, ZO%RER%EZZLE L7 CarRacing-v0 BBEICE
WT 100 LEY — FOEHR a7 23 ET 22 LT, ©F
NONAEHEREZEFHHIL /2. B ZZHE L7 CarRacing-v0
BREOHEGEZX 51273, CMA-ES O£V 4 X 64,
D ENZ 0.1 ICRAE L, FEAKDFHliZ 4 Bl o —1
7V FOFHfEE L TRELETR - 7.
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BRIE T Atten-
tion Agent (/_), Modell (£_L), Model2
(K£T), DBC+AA (HT) dzhzhdit
HEN ZEHRATRR L X R DEK.

4.3 EERFER
4.3.1 BE® CarRacing-v0 RIEICE TR REFED
8

6 D 2 DDE TG Z W T CarRacing-v0 B85iC
FRETR TR ER 712”3, CarRacing-v0 BB T
R 7B 9I00 L ETRRI PRIz ARTIENT
x5. 705, REFEDOFEFIL Attention Agent ¥t
NRTH Y IAIEPMERNZ PR TENRS. X, =F
NDNTR—=BEE AN T — ZDRITEAHHEML 72 &
WKE2bDTHoeEZLNS. T, BRENEZAATIZ
BV T HIRETFIEEX Attention Agent & DB TFEWER L
ol

iz, 1IBEFH L Attention Agent DiFH D CarRacing-
VO BRIECTOIEHBMN 2K 8 1TRT. SIZBWVT, &
H D Attention Agent 2SEDEFICHEH L TWS— T,
Modell, Model2, DBC-+AA 1B & 5128 D HHHC % <
DEHEMLEFHE>TWSE., ZOZehs, EFUIZDBC
DIya—XEHAVEZ LIk D BEEEOHFICHELS
ABNTVWEEEZLNS.

4.3.2 RAEIEREDIREE

Z % i1 X 72 CarRacing-v0 IRFICB I 21 EFiE L
BHBFEOHREOBALEREZK 9 1TRT. 9&KD,
£ 7L 1% Original, Color, Bar, Blob D ffi B2 IREE T
Attention Agent {ZIFWHEREZ LTV 223, AKROHIT
% % Noise & Video D X X 7 IZDOWTDHEIX R &R
W, 7z, ETIL 212DV TIE Noise £ Video DX X712
AT, Blob & Color ® & A ZIZHE T H DK T A
Roh, 701 RO M RIZE s,
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DA LIER 5730,

iz, BREZELTAHCLALBRRECBY 2 &FEOERT
2K 10 1TRT. 10 2R % ¥, Attention Agent ¥ 42
BFEOELELBITL A DEHEMIS X R L BRD 72
WEICH - THED, EFICEMEL TWRWT R TH
N3, 755 LT Model2 D HEINIZER 2%  f1E
LTW2ESICRAZ S, M9 ZRTHRa7idR\D
IHREHEOHRICHFG L TWRVWEEZ NS,

44 ER
EBHERD S, REFEOILHEREX Attention Agent
EHARTHEEL TRV MR I, ZOFRKEH

de =
[SB=28

10: % Y7412 Lz CarRacing-v0 BRIE T At-
tention Agent (/£L), Modell (#5L), Model2 (/&
T), DBC+AA (£ F) oz zhoik HEN % B
TRRLTZZ R 7 DHEE.
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3. ZORIDOWTRAES % 7=-0121%, EFAER
R =R EBEZ TEBOBTEBZENRD Z e PRHEZ L B
bz, MEDRBFEDFETIIEZITHh D DR
Do TLUEVRIRATE N, 2070, FEERIZOW
THFERLETUEEEERT 2REDDH 5.
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