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Abstract Asynchronous deep reinforcement learning (ADRL) can greatly reduce the training time required for learning
models by adopting the multiple threading techniques. However,as an exemplary algorithm of ADRL,asynchronous ad-
vantage actor-critic (A3C) algorithm fails to completely utilize some valuable regional information,leading to unsatisfac-
tory performance for model training. Aiming at the above problem, this paper proposed an asynchronous advantage ac-
tor-critic model with visual attention mechanism (VAM-A3C). AM-A3C integrates visual attention mechanism with
traditional asynchronous advantage actor-critic algorithms. By calculating the visual importance value of each area point
in the whole image compared with the traditional Cofi algorithm,and obtaining the context vector of the attention mech-
anism via regression function and weighting function, Agent can focus on smaller but more valuable image areas to ac-
celerate network model decoding and to learn the approximate optimal strategy more efficiently. Experimental results
show the superior performance of VAM-A3C in some decision-making tasks based on visual perception compared with
the traditional asynchronous deep reinforcement learning algorithm.

Keywords Asynchronous deep reinforcement learning, Visual attention mechanism, Actor-critic, Asynchronous advan-

tage actor-critic
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R 58 1k 2% 2 (Deep Reinforcement Learning, DRL) 45 &
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AT 55 v 0 B0 T 4ch B 1) J, Minih £ 9 OB IR B 2 S 10 =
TERE I AR 2 S PR BE I AR & 4R T —Fh R E Q M
284 # (Deep Q-Network, DQN),
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2600 JErk A R I B N BCR MK F AH RS I
AU, Van Hasselt 50 2 H T SE R E Q M 441
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B Zs 40, T ADRL W2 78 5 3R 3% £ 1k & HUR A 1 5
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23 [A) N A B SRAT: 55 A R s il 2D T S VR e BRI T A
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Fig. 1 Structure diagram of actor-critic (AC) algorithm
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D BUE B A 2 M DL R B v R A R RO ME R . AR R L, AL
B S SR o Ut v A A — M RR AT AL B, 7 Acari BiE A
rr YU T T 19 R T S 210 X 160, U 5204 I 4R B 4 1 HE A
SR A cp, T A TSR A A, PR A A T T AL R GR
FE% . 50 KRR A RGB B 5%  mliR JBE 18] s Hk L % 210X
160 FY 0K B2 1 EAT B SR AEHRAE L 15 3 110 X 84 114 45 % 1&] 5 fix
Ja o AIBR AR  R— e T M IR R A IR R B R T R
84 X 84 Y IEIMG 203 T B T 4 WA SR R R Y 45 T Ak B 45 A
B4 7 Xk I} TR AS AN AS 2 5 S0 1 4 A B9 TS 5 3 Rl D 20 A 18 3
FRAEAE ARA

Asynchronous advantage actor-critic model with visual attention mechanism(VAM-A3C)

3.2 CNNs

A TN 22 190 46 7T LA X A R 04T IR 47 A A 38, B e 4
BRI — R GG 2 R IE R R . VAM-A3C A
PL 4 2 CNN FE R 0 i & HRRE B an gk 1 5751,

# 1 CNNs Bi&fEHE%

Table 1  Detail of CNNs
P N HEE FE O TRE W i
' R~ R+ R+ & e R+
Convl 84 % 84 % 1 3%3 2%2 64 Relu 42 % 42 % 64
Conv2 42 %42 % 64 3%3 2%2 64 Relu 21 %21 % 64
Conv3 21 % 21 % 64 3% 3 2% 2 128 Relu 11 11 %128
Conv4d 11 =11 %128 3%3 2%2 128 Relu 6% 6*128
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St C, e B 20 ) S
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SE85 09 VAM KR, VAM-A3C itk 7 0 5 1 35 1 (A
B33, I A R A b — B I 45 A B pRobR 24 L T 2 1 B a2 R
Ak 221 4 i 1) R A R T A R A% X A e o A

HitE LT .
vam(al) = Linear(Tanh(Linear(a))) (9)
o, Linear J&— M &M RS, Tanh J&— AR AR #e
HWR A b T A AR 4 X A R AN T
N
ai = exp(wvam(al))/ 2 explvam(al)) 10)
k=1

Joi o MR A5 1 i 1 1) A B R A DX IR L e A T

i} %) Encoder BB 1R 3C 1] &

C,:lilaﬁa; an

Wit VAM EH R B NSO C L 13 Agent B
YR AT LA [ 35 By b A VR B R AR AR R B MA B mEAN
B PTG DX, i [ 208 A5 R (4 I R . BT 9 BT SCAR AR
M C & a, PIA R AW ES o, B9ZAMEMEL, LA
I A Ay 5 ) 245 2% AL I 245 2% 1) i AR

TR W 258 2 — A A i HE R KAl & o B 5 T A Y i
X B4 25 18] KN TR] 2 46 ARG SR w(a, |s, 500 Rk ¢
R 20 14 g B0 B AR 5 B P9 4 2 — A & — D & T I & i 4
2. SRS 2 R — AN S VR N 1 SR &0 Soft-
max [8] 48R 5, 35 25 de 0 0 T X 3l 408 5 80 199 4% 1) i 1 D02 bR
BAEH T IR AR S TR 0 0 48 R A 4% 19 86 % B8 I T
7

do~d0+Vo logn(a, |5:30") (R—V (5,30,")) az)
df,<—d0, +a(R—V (s;30,"))* /30, 13
VAM-A3C 5 58 F I £ 2k e £ AR I I 25, 7 — AR
AT A A ) 45 B R I 45 S 00, S SRR 1Y T 2% S 0 2

A =2 0 2R AR T AR B . R IR TR H O R 2 S 4
T2 T A 52 W 4 b i 240, VAM-A3C KB % 2 vk 5 72
B R,

k1 ETHKE
(VAM-A3O) 5 %

Assume global shared parameter vectors 6 and 6, and global shared

SR AL Y S 2 A AT B BT IR K

counter T=0

Assume thread-specific parameter vectors 0" and 0,’

Initialize thread step counter t<—1
repeat
Reset gradients d0<0 and d0,<-0
Synchronize thread-specific parameters 0'=0 and 0,’ =0,
Toare —
Get input vectors a,
Accumulate visual importance vam (a,) = Linear ( Tanh ( Linear

(a)))

) N
Use softmax for visual importance o, = exp(vam(a,))/ 2 exp(vam
K

(af))
N
Accumulate context vector C, :E:]u‘la:
Get state s,<C,
repeat
Perform a, according to policy m(a,|s, ;0")
Receive reward r, and new state s,
t<t+1 and T<T+1
until terminal s,0r t— t W = = tmax
0, for terminal s,
R=
{V(s‘ 20,5
for i€ {t— 1.+ sty s do
R<r;+7YR

for non-terminal s,//Bootstrap from last state

Accumulate gradients wrt 0'; d0<-d0+ Vg logn(a; | s;;0) (R—V
(s;30,"))

Accumulate gradients wrt 0, :d0,<d0, +9(R—V(s;30,))%/20,’
end for

Perform asynchronous update of 6 using df and of 6, using df,

until T> T
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AT e A BT S5 B A AU SRR B AU R AR b B
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Hrb, FF-A3C R AUAUE T 4 2 CNN 1Y T i 40 28 9 2% 114
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Mnih 4577 /) WF 58 % WA, 7E Atari 2600 K36 43 ik o
FF-A3C 7£ I 2 B o) 5k % 0 0 b 4 T 3 T 2 96 & i pL il
) DRL 8%, 41 DQN,DDQN 45, H fb A SO A 4 3 T4 5
AL E B9 DRL B35 7R A b eI 25 B 18] 04 52 56 %8 42 A AL
I T 15 85 1) FF-A3C fl VAM-A3C 83k, % — )7 m. @ i
DQN,FF-A3C fl VAM-A3C 3 F 8 % % Gravitar % 5 F
Atari 2600 WiF X #E4T T HEREPEAL .
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fiE 3 Bl ST 0 AR Y 1R FH A TR () S 56 2 48, B AR kTR R AR
AT T AR BUAL B, 5 R T 4 2 CNN 1E 0 45 i 4% H
CNN [ 2 25 A0 A

FF-A3C il VAM-A3C BRI i S 5 T 37 77 U F - 55 5%
B0 12 A2 ke i AR A 255 2R A 1000 ANV ZRJE 1 L
10000 AN 545 g — A~ YN 4 JA 1, 465 05 9 I 545 B0k &
K 8000 B 20 i ol 1/ 7 25 A A B — W e 2 I 4% AR 11 B
B3R 2 0,001, — B ARSI ECR B0 R 0.9, B AR
T E L o~ 0.99. B8 e N 0. 001, HF 0T ¥R 0. 99,
4.3 EWIFHELERIH

SR AL 2 2] i T S 56 M B Y 4R A= DTS TS I 4R B 4G R
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AL T FF-A3C il VAM-A3C # B 751 %% Agent Bt
Gravitar, Breakout, StarGunner, Seaquest, Gopher 5 F Jjif x¥; it
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Table 2 Training time for each step of two models
LAY+ )
e FF-A3C VAM-A3C
b
Gravitar 0.0018 0.0022
Breakout 0.0012 0.0017
StarGunner 0.0016 0.0011
Seaquest 0.0029 0.0015
Gopher 0.0018 0.0017

Hrh, VAM-A3C 7£ StarGunner ¥ %% b I FF-A3C Ky 45
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Fig. 3
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Training process of FF-A3C and VAM-A3C on five games
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A 3 25 W 41, 515 40 1) DQN Al FF-A3C #H 11, il
ZR5E MR I VAM-ASC BRIZE$8 S Agent BT Atari 2600 5 Ff
U R I 1 A T — R B A AR T s [ B MR R B — B rp AT
DL L 552 505 9 VAM-A3C #EBILE 5 Fh e 3k o i e 40
IR T L5 A3C BERY; 2420 80/ 16 5 — 3 ol DLFE
H, VAM-A3C #i A 78 38 5 Agent Bt Atari 2600 if %% B,
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Agent 7£ Gravitar, Breakout fll Seaquest 3 Ff i Xk #1 4 100 4~
LR RSP 2 SNSRI b %

3 3FBIRILE 5 AR b0y LI T AL 45
Table 3 Experimental evaluation results of three models

on five games

U Agent FHEH A RH FHE B/
DQN 62.50 272.67 725.00
Gravitar FF-A3C 126.33 883. 33 1004.63
VAM-A3C 174. 21 1033.33 1105. 71
DQN 35.08 106. 42 1309.75
Breakout FF-A3C 37.12 105. 83 1305.01
VAM-A3C 47.07 120. 83 1503.76
DQN 385.08 952. 25 1741.67
StarGunner FF-A3C 391. 50 750. 00 1984.61
VAM-A3C 949.08 1258.33 1805. 66
DQN 1119.74 1602.07 2190. 33
Seaquest FF-A3C 1325.98 1727.87 2524.83
VAM-A3C 1624.32 1838.77 2816.88
DQN 2720.62 4932.31 2190. 36
Gopher FF-A3C 2685.32 6274.08 2308.13
VAM-A3C 2806. 38 6495.78 2215.45
GRE L RIER A T LR £ B CPU i
FEIPATIEFE. AR 50 0T 0 90 410 52 20 8 2 )

il 8% ) 22 28 2 e A i sl 5 25 A 11 G, 1L R 4% G 450 R0 3 o 2
20 % rp R LA I B A X5 B . O T ARSI IR
FAG TS 5 T 3 2 X A R A A B AR SR T — A A
LE T I HLR A R 20 O 34T 3h IR K (VAM-ASO) B
5 3 A A I 4% b B A T R I LR R R
FE/MATE A M B A R X, ARG S Fp Atari 2600 i
WIE T VAM-A3C B9 Y1 45 Bt 18] 5 4% 48 A3C 9 I 45 ik 1)
A 22 AN K. [F A X 5 FP Atari 2600 ¥ XK 8 E T
VAM-A3C 1952 56 ¥4 B8 LL 1% 48 A3C B 47, R T VAM-
A3C BRI B

SRM , 3 T W05 7 22 7 P A B Atari 2600 7 & 1Y
BB s Y e T AT R R R ARSI 45 45 4 T
A ACAZ AR R ) RS Z B A R s . R — 4
) AF 90 B R % RO 1 B AL 5 A B & F LSTM, GRU 4
TEER A 2 M 2 (1 T A0 R iR A2 ) Sk b FE T Agent A
A PR b 2 £ B0 — S A 5 W 1 0 K
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