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Visual explanation using Attention mechanism in A3C
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Asynchronous Advantage Actor-Critic (A3C) is a representative method of deep reinforcement learning and is

possible to solve difficult tasks such as games and robot control.

However, it is difficult for deep reinforcement

learning including A3C to understand and to explain the reason of action selection. To address this problem, we
propose a method called a Mask-Attention A3C, which performs mask processing on feature map of Policy branch
using attention map. The propose method can obtain an attention map that is useful for a visual explanation of
agent behavior. In the experiment with Atari2600, we compare the scores in each game and demonstrate that the
attention map obtained from our method is useful for visual explanation. In addition, we evaluate the explainability
of obtained attention map using the scores of each game by changing the attention region.
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HGREREBO I B T B2y MU — 7 OHEGRFE RIS B

MWLM T, 2y b7 — 2 BRI L 72888k %& ¢ — b
<y 7L UTH AL L 72 Attention map % F\WV 5 FiEA WL D
PREINT NS, Zhou 5%, BAHAAEDINEME L 2HEEE
DEANS, FED T 7 AZE U 7 Attention map 2157 5
Class Activation Mapping (CAM) [Zhou 16] ZIZEL T\ 5.
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Pooling (GAP) 28 AT 55k Y, ff v b — I REED—{ %
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5%, Value R—ADREMNLRTFIETH 5 Deep Q-Network
12 Attention H# % & A U 7z Deep Attention Recurrent Q-
Network (DARQN) [Sorokin 15] Z#% L T\ 5. DARQN
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L TW5. Greydanus 5 [Greydanus 18] i, #{ERER D%
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TlX, A3CDOx v N7 —271Z Attention EFE2E AT S &
T, WEiE %2473 Attention map 2 HEETHI LN TES.

3. Mask-Attention A3C
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LT 5701z, REWREFERICAETIETH S A3C (2
Attention ¥§HE% 8 A U 72 Mask-Attention A3C (Mask A3C)
EHEET S,

3.1 v hU—UE

LIZHRET 5 Mask A3C D4y b7 — 7% 13, Mask
A3C D2 v b7 — 7 I Feature extractor, Value branch,
Policy branch, Attention i, Mask-Attention 7* 5K X
ns. T, Feature extractor & Value branch, Policy
branch &, #EKD A3C IZHITF B3y b7 — 7 khdE & [HkD
EDTHD. ZD7=®H, Value branch IZIRAEMifEREER % H 5
575 FTHY, Policy branch X AEEH T LT 7
FThbd. 7z, kD A3C I& Long-Short Term Memory
(LSTM) 28 A$ 5 Z & CTHAEZ KIEIZM ELTWS. ULy
LU, Mask A3C IZ LSTM %2 & AT % & ANHEBRIZHNT BAL
EBIHFHRARFZELTUE 5728, Attention map 2H 7T 52
EMTER. XD, (LEMHERRFL LSTM TH5
Convolutional LSTM (ConvLSTM) [Shi 15] ZH\ 5.
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Mask A3C TlZ%, Policy branch (Z Attention Hf# % A
52 & T, #13 U7z Attention map 2 &MU T HKEH T 5.
Attention $§#%1%, Policy branch WIZ 31 5 i@ DR~ v
Tz L, Attention map ZFHWT Y A7 ZIT 5. A
TIEY A7 UBIZF\W 5 Attention map % Mask-Attention
LIRS 5. R~ v TITR9 5 Mask-Attention & i\ 72~
A7 E X (1) TR, TI T, F(s¢) i Policy branch @
HiEE ORI~ v 7, M(s:) 1% Mask-Attention, F'(s;) l&<
AV IR DR~ Y T TH 5.

F'(st) = F(st) - M(s:) (1)

¥ 7z, Mask-Attention (%, Feature extractor 75 H 3 &
NBRH< Yy FITHL, 1x1x FyiLE OBEAAARE L
sigmoid B ZHH T2 Z L THERFT 5.

4. FHMEER

REFIETH D Mask A3C OEMMEZHERT 27720,
OpenAl gym [Brockman 16] ® 7 — LB EE % F\ CFEAM 5
A5, AT 57—, “Breakout”, “MsPacman”,
“Spacelnvaders” ® 3 FE¥Th 5. LB HRIZ A3C & Mask
A3C THd. WENRTHS A3C D4y bV —IHE I,
Mask A3C IZ8 W T Attention B§#§ & Mask-Attention (1 x
1 x 1 Conv., sigmoid) ZfR\W7zxy b7 —2&95. 2y b
T — 7 ~DOAERIET — AEE D SV — A — Vil e U,
WA T =B 28EL 5. FEEMIE worker $%
35, FEFEHAE 0.0001, E5I%EE 0.99 & T 5. FERET Rt
13 global step A3 1.0 x 108 IZBEL 2562 T5. £/, T
VY — RO TEMIIE T =218 05 1 TVA4&T, R
step A 10,000 IZBE L 725 A L 35, FHEAEIEATO 3
WHOTHD.
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mRA3T TR T
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Breakout 864 864 613.86 584.30
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Mask-Attention, Minverse(st) & Mask-Attention DiFE L AH
ERELESY T TH 5.

Minverse(st) =1- M(St) (2)

3% 212, Mask-Attention 1231 2 FEAMEE O MEEIZ & 5 7\
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Breakout 864 7 584.30 4.23
MsPacman 6670 630 4207.90 298.20
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U7z. F72, Atari2600 (25T, Mask-Attention % VT
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