Attention #EZE A L 7= ASC DIRFE
OfE - HEINE (L FEE #hEAE (PR

1. LI

HIEFE % XR— 2T U b S kL, BT A7 — 4
PHRY MBI 2 BEEEOEENWREE 2D, &V
MEREZ R L T3 [1, 2, 3]. EEMILEEIE, BREEE
ZTOBRENICB T 2EEr oWz HH L TRy b —
I EEBEAELTEY, ==YV MREVHMERSES
N5 &5 IZTE %58 5. Asynchronous Advantage
Actor-Critic (A3C) [4] 1%, FEEBIZEE, Advantage (Z
£ 57FH, Actor-Critic D 3 BFE % ML FHIZHLY
ANT=T Ta—FTho. ZEHIIBFLIN6D 3
FiX, FERPREEEREOMRNLEYE, RN AR
il % Z U758, HEEUZMMOIES D S Iz
TEIOFENARETH D, A LEFREELZEET S
RAZIIZHAEINTWS., Ly, BmbFEETIEED
FO MW CHAEIEZFETH L TWLDO2RARHTH
5L WS YD 5.

—h, BEFHEICXBFHFETIE, 2y TN
ED XD LEMTHMEMEREZ LI L -O0%2EIT 5
RSO M EN TS, HGEFHFETIE, Global Av-
erage Pooling (GAP) [5] 6B o N5 K~ v 7Dt
BhEZFAWTHRE 7 7 3 OGS Z 1 )19 % Class
Activation Mapping (CAM) [6, 7] EAMRE I LTV
5. CAM OFREYMRIZ BT 2GS Z 6 H U 72 Fik
& LT Attention Branch Network (ABN) [8] 2’ 5.
ABN &, GAP »ofR o2~ v 7% Attention
map & UCHAL, Attention HEENIGHT S Z & T
WA RE 2 W E LT\ A, Attention map %, A
TR0 DM 2R UIZPr%2RTHETHD. Z
ZTC, ABN Z+ v b7 —2 D EfiED Attention map
% )19 % Attention branch &, HJ1E N7z Atten-
tion map 7 6 B AR 7R ERARAS B % 173 % Perception
branch IZ X DTN TV 5.

AR T, BEEEOESOMRER E, KO
DEEIZE I B ERZ RS 572012, ABND
Attention BMEZ A L7z A3C 2$2%K 7 5. A3C I,
17 2 IRREMMAE % 779 5 72812 Multi-task Learning
EEALTED, HAOXINBREMEIZA T OREDE
ORI =T 2 D22 BHEKIRLTWS. %
D7-&, JREEfMEE ABN & [RIFRIZ Attention map %
GAPIZX DT 5 Z LT, FrE DR S IRAE(ifE
D\ BTN 2R fEI% % 4L U 72 Attention map %185
ZeNTESL. RBEFIETHS, ABN O Attention
HAEEALZ A3C 2M 1(a) ITRT. K 1(a) D&LSIZ
A3C D EAIE% ABND XS IZT I Vv F2HHET 5T
&T, B 1(b) D& D WD m WIS E FER LA S
178)% End-to-End I2%#, #ETE 5. FHHERT
iX, Open Al gym [9] D7 —LEBEZHAL, #EF
EOEMMEZMGES 5.

Value branch | ——  Value

Attention
map

Policy branch  —— Policy

Feature
extractor

(a)Attention##EZ &8 A L 7cA3C (Global Network)

UL

ATER Attention map ADER
BeamRider Battle Zone

- (b) EHEThdAttention mapDFl  wowrerrrereeeeees ‘

1 BEFEORXY MU —IREL Attention map

Attention map

2. A3C

A3C F, BEEREOIERYILF# (Asynchronous),
BTy THOWMAEZE L 7-7#E (Advantage), T—
Vv hOTE)EREBMED I X B EEL Y
# (Actor-Clitic %) @ 3 DEFEZEA L 7z @b 28k
TH5.

Asynchronous A3C Ox v N7 — 27/ iElx, K
JGD Global Network &, QR 3EEZEHOT—Y
TV N TEET 5 worker B HFER I NS, worker I3,
Global Network D A ¥ —THh b, G X 5 /-8BEE A
HELUTHEHBINS., TNETNORLIEBEETEEX
7z worker DN T A — &%, Gobal Network ®/3F
A—ZIZIERPI TR NG, FERPARFEHITRELRS
BRI TORER% Global Networ ~ZHLD AN B 728,
B POEEIZEHTE 5.

Advantage Advantage Tl¥, X (1) D& S IZHHA
TV TROWMr #EE L Try VT =2 2EHT 5.
ZIZT, yIIREEI D RTH D, t ATy THROREN %
EORENMIEL02RET HHBMTHE. ZIT,
staldEnETNREBETEHZRLTWS. —fkiKk
Deep Q-Network 1% 1 A7y THDOBRMD AEET 5
T=OFEBRAPARRZETH 720, AT v THROHM %
FHTHILT, FORELEFAEEZARIZILTWVWS.

Q(st,ar) = re +yreq + 72 max Q(s¢42,a) (1)

Actor-Clitic j& Actor-Clitic i, 178 (Actor) &
REEMME (Critic) & L, 2y bU—2%2%EET
b EED—DTH 5. Deep Q-Network TldH
HEINTATE D S Z KD 5728, MMDIXS D E
PITEOFEEREZ T TV, L, 178
CRFEAMAE A FIRFIZ 2 E 35 2 & T, WMo ZE2 T



Worker 1
Environment 1

Asynchronous

Worker 2

Environment 2

Asynchronous

Worker 3
Environment 3

Asynchronous

a
»

Worker n

Environment n

Global Network
(TR :

Value branch

Attention
map

Policy branch ~ —>  Policy |
'

—_—> Value
'

'
Feature |
extractor |

'

Value

.
s 3 Lo
5 > &£ ——> Policy !
- o '

Residual

learnin
o Policy branch

feeeeeeenanes (b) Value branch & Policy branch s «- - - - - -~ -

2 RETHROME

Bz EREE5 212K LTWVWA.
3. REFZE
3.1 Attention ##E%EA L7/ A3C

ABN X— 2@ Attention B¢tz EA L 7z A3C DI
BEM 21TRY. M 20L5ICREFEOFET IV
T ALIEHERED A3C LHKTH 2D, 2y b7 —
D ENER ABN DX SIZ2D0D7 T v F THEFEX
NTW5. ABN & EA7J8IZ Attention map % H 15
% Attention branch &, E&HI7at IfERzZ 4%
Perception branch 2\ElE I NTE Y, W77V F%
f—D2 5 A7N)VTHEET 5. Attention B % 4
A U7z A3C TIRIRREMME % #E 3 5 iEFE T Attention
map ZH 1L, HJ1E N7z Attention map ZF & L
THBZEHANTS. TD7H, AR TIRIREME &
Attention map % 119 % 7 > F % Value branch,
Attention map 2 & E L CiTEIZ T 577V F%
Policy branch & ’#5d 5. F7z, A3C I& Long-Short
Term Memory (LSTM) [10] ZffHd 5 Z & THaE%E
KIEIZM ETE 5728, IREFHEIZEVWTSH LSTM %
HAT 5.

AFEOFNIL, 13U DI Global Network % #i4E L
7-#%1Z, Global Network ® 3 ¥ —T& % worker % &5
T 5. ZdD & &, Feature extractor, Value branch,
Policy branch Z H T3 v b7 —27 2T 5. 2L
T, % worker [ZX U CTHRRBZEENZENTNATIZIN
5. ANINBEEEHN S, Feature extractor 12 & 0 It
B~y 7EMET 5. Ry 7iE, 1ZUHIZ Value
branch ~ AJJ X #1C Attention map & JREEAE %
35, LT, HIX N7 Attention map & Feature
extractor 2* b ) X N7 K~ v 71X, Policy branch
IZAJIZT 5. Policy branch T, Attention map %
R~y i, 7828095, ZhickD,
Policy branch Ti& Attention map % F\~2 Z & T

EDE WVEIBZITFH U NS B8 78 2 32Y, EETE
5. RKETIE, ETFIETDH D Attention HERE % F A
U7z A3C DFEMZRARIZ DWW TR B,

3.2 Value branch

Value branch & Policy branch D& % X 2(b) (2R
. Value branch DEAAAEIX, T 3x3 DA—*%
WV EBHRA T 2BAAAETHKINTWVWS. TN
5DEMAAEDF ¥ > 2 IVEIE, Policy branch D4
faEDI=y MILFEKTH Y, THLEN 64 & 512
FY IV THSD. T 6 DML Fully Convolutional
Network (FCN) [11] THWHNT WS AETH Y, &
PIARSE % N — 2 RAEGE 2 T 5 Z & T Feature
extractor DR~ v 7 %#Hi/NE 9712 Attention map %
ERRTE .

A3C IFH 19 2178 L IREAfED 2 DD X AT %
Multi-task Learning T#E 452 & T, 2DDXAY
EFHBURDRSFEETS. LrL, BEFIED ASCIX
Feature extractor D&M IREE(MiE %2 H T 27T v
FeiFEERITET I FINEI NG 2D, R A
JRIZBII2EMZITHHELTL W, FEBREICZ
5. ZOMEZMPT 572D1Z, Value branch 7 54k
REAifE % 1719 2812, GAP TldZe < X (3) @ Global
Max Pooling (GMP) Z HH\%. GAP Tl Attention
map DY 2 RREMHfE L U TH T 2720, MERIC
Hi713 2 4R EE{fif % Policy branch ~NXMd 2 Z &1z
5. UL, GMP Tl Attention map D i Kff %
REEMMfE e § 2720, BB s, (281 2 REMifH % B
#IZ Policy branch (Z5-2 2 HENTE 5.

Value, = max f(s;) (2)

3.3 Policy branch

2(b) @ & 512 Value branch 22 & HiJ1 T v 7z At-
tention map 1%, Feature extractor 7* 553 & 3172 RF



A3C
A3C-+Attention
= A3C(average)
m—— A3C+Attention(average)

15000 4 60000

12500 - 50000
10000 4 40000

7500 4 30000

Score
Score

5000 4 20000

2500 4 10000

A3C
A3C-+Attention
= A3C(average)
= A3C+Attention(avera

A3C
A3C+Attention
= A3C(average)
m—— A3C+Attention(average)

Score

# of iteration
(a) Beam Rider

1750

1500

1250

1000

Score

A3C
A3C+Attention
= A3C(average)
0 = A3C+Attention(average)

0 50 100 150 200 250 300

# of iteration
(d) SeaQuest

# of iteration
(b) Battle Zone

# of iteration
(c) Spacelnvader

Score

A3C
A3C+Attention

= A3C(avera ge)

= A3C+Attention(average)

# of iteration
(e) Pong

3 Open Al gym (B} 57 —L DA T OHFE

v T g(sy) ITRME N, Bl Y T g (s) DY
J1¥N 5. Attention map DKMIZIE, X (3) DL D
7 Residual B¢t [12] 288 AT 5. Z DO#EEIE Residual
Attention Learning & FFIXHTH D, Attention map
kAR y Yo EEIfITES [13]. LT,
Attention map % U 72 R~ v T & B AR LG R
LSTM IZAN$ 2 Z 2T, 178%2H9 5.

g'(st) = (14 f(se)) = g(se) 3)

4. FHMEEER

REFIETH 5 Attention BHEZE A L7- A3SC DH
e fERR S 57212, Open Al gym [9] D7 — L ERE
VTSR Z17 5. SROFERTHEES 57 — A
I%, “Beam Rider”, “Battle Zone”, “Space Invader”,
“Sea Quest”, “Pong” THb. ZN5D7 — LTI
g% 2y N7 —2IZADL, T—LHNDF ¥ T2
ARFEOYET -V Ve LTHETEZZ T —
LDAAT #HEET B, AT HEGITEEOHER %
10 HU71212, 80x80 D F' L — A — L5225
5.

iS5 A3C 1E, BAHAAE4EE LSTM, 2
BREP SRR INT WS, Attention BEREZE A L 72
A3C X, kD A3C 2 R— A IZHEEEST A, 12U IZ,
Feature extractor % & AJAMAJE 2 J8 Ti%el L, Value
branch % & AiAAE 3 @ & GMP, Policy branch %
BAIAAE 1EL LSTM, HAETHRET 5. FEE
DNT A —=2I%, FEEEE 0.0001, KHEG] &2 4
% 0.99, worker D% 32 £ 5 5. FHOKT ML,
Global Network ® T ¥V — K% 300 [7], worker @
FEHEIEZE 500 M & T 5.

4.1 TMHERELLE

312 Open Al gym OEIZENTH S N7 HEkD
A3C RURREFIEORMOHER 2 39, Kk Global
Network DT VY — REUZ/RLTH D, #HthhI#ERL
72 —=LDAATERLTWS., ZIZT, 77 7HD
EBHOEMMBELEYY — NTHRONAZZATT, BN
FERFB SN2 a7 OBHFEFEZRLTNS.

3 DFEHE N 5, (a)BeamRider, (b)BattleZone,
(c)Spacelnvader (ZH W TIXRETFED Attention FtE
ZEA L7z A3C (A3C+Attention) DMERD A3C & b
FMWAITZ2EFTE TS, — /T, (d)Sea Quest
& (e)Pong I3 fEKD A3C K D ERTE A7 AR
HOMRTE 5.

F 1T, FHERFZB T 2 BN RET —LADAAT %
R FHERE, FEHUZENETND A3CITH LU TIRK
TV — NUE 10,000 IZ§%5E LT 100 [FIFHES 5. %
UT, BRLEAaT7DmKEEEGE2HWTEREL#
EFEOMREZER TS, 1 L0, R AITO
HIRIZBWTHR 3 L FAKDMEAITH D, BeamRider,
BattleZone, Spacelnvader TIIHEFRD A3C L D &
AT &R TET. Sea Quest TlE, KD A3C &
EIZFASEDO AT 2T EIZ, Pong (CBWTIE, #¢
KD A3C £ 2T HRIEAZT LT WD Z & AR
TE5.

4.2 Attention map O H{t

REFIHEIZE D/ S N7 Attention map % A
635, &7 — LD Attention map D ] ALK R
% 4 1Z/,"9. (a)Beam Rider X (b)Battle Zone,
(c)Spacelnvader, (d)Sea Quest Tl&, MUZX LT At-
tention map PV < Ka L TWa. KT, (a)Beam
Rider & (d)Sea Quest TIIfD 7y — b & IXHR%2 5
MAR SN 7z, (a)Beam Rider Tl&, M/ LIz B



) BeamRider

(b) Battle Zone

c) Spacelnvader

e) Pong

(d) Sea Quest

CYIDHUE

4 Attention F¥f§ %3 A L7z A3C D Attention map D44l

F£1 FMEFCB L7 — LA T OLIR

mAAIT R AT
Fik A3C  A3CHAtt. | A3C  A3C+Att.
Beam Rider || 12,040 15,078 | 7,664.0 10,071.1
Battle Zone || 80,000 89,000 37,820.0 48,690.0
Spacelnvader 665 925 239.8 412.8
Sea Quest 1,860 1,820 1840.2 1758.8
Pong 21 14 16.9 4.6

T AREDEHTITN L TH Attention map 2358 < K it
U7z, ZOFIE, AT OEWEPHET EETO
AT RRIUTHY, ZOMTEINNE L 2BITEN
T Attention map 235 < )z U7z, (d)Sea Quest T3,
EEAMI SEAFEL R T V. 20720, BEIEE
Iz mNTWBEENE K, M 4(d) DHEHEALTD At-
tention map H35E < S In U T\ B FEIS I B S HBR L
2B, BESEmEAMICRE L Ttz BBLTWS

(e)Pong TIZEITR—IIZH LT Attention map H3K
JELTED, FHTHTD 6 Mz R U 72 Attention
map PR KIET 5. LA L, Pong o r—2u e
EEAD, FEIEEI L TUIKS I ZEWZEIC
AATBMBINDENEDRDPRET 5. TDd, A
a7 WNE X 1T Attention map 2R < KIG U 7256
TH, T—Y v bOFENIIX L TiEae 8 I
. ZORKRIZE D, fERD A3C X b HERED KIFIZ
KFLEEEZONS.

5. BbUIC

ARWFFETIL, Attention BRE%ZE A L7z A3C 28%
U7z, BETIETIE, ABN O Attention £ % A3C 12
WHT AT, REDTS—LDMEEZR EL, =—
Vv MO BN 2T o7, LA L, Boh
LM BT RITEORA IV TOENEAT, —
WO — LDOWREVKIEIZE T U2, ZD7D, 5%
IS & B REEMTE 12 B2 8 X 72\ Attention map

% W19 5 Value branch DR Z1T5

Z F X m

[1] V. Mnih et al., “Playing atari with deep reinforcement
learning,” arXiv preprint arXiv:1312.5602, 2013.

[2] D. Silver et al., “Mastering the game of go without
human knowledge,” Nature, vol. 550, pp. 354—, 2017.

3] Y. F. Chen et al., “Socially aware motion plan-
ning with deep reinforcement learning,” International
Conference on Intelligent Robots and Systems, 2017.

[4] V. Mnih et al., “Asynchronous methods for deep re-
inforcement learning,” in International Conference on
Machine Learning, 2016.

[5] L. Min, C. Qiang, Y. Shuicheng, “Network in net-
work,” International Conference on Learning Repre-
sentations, 2014.

[6] B. Zhou et al., “Learning deep features for discrim-
inative localization,” Computer Vision and Pattern
Recognition, 2016.

[7] S. Ramprasaath, R. et al., “Grad-cam: Visual ex-
planations from deep networks via gradient-based lo-
calization,” in International Conference on Computer
Vision, 2017.

[8] &I et al., “Global average pooling D¢ % 72
attention branch network,” 2018.

[9] G. Brockman et al., “Openai gym,” 2016.

[10] S. Hochreiter, J. Schmidhuber, “Long short-term
memory,” Neural Comput., vol. 9, no. 8, pp. 1735—
1780, 1997.

[11] J. Long, E. Shelhamer, T. Darrell, “Fully convolu-
tional networks for semantic segmentation,” in Com-
puter Vision and Pattern Recognition, 2015.

[12] K. He et al., “Deep residual learning for image recog-
nition,” Computer Vision and Pattern Recognition,
pp. 770-778, 2016.

[13] F. Wang et al., “Residual attention network for im-
age classification,” in Computer Vision and Pattern
Recognition, 2017.



