i H oW ¥ #H
2017 SEAELR KA CHINESE JOURNAL OF COMPUTERS 20170nline

||m||

ETZERIENF S RERLFS]

mE) d202 BERKN RV AR

DR HHURS: SHARSERE T35 J50 215006)
A HAR G AL R GIFT 0 IR 210000)
(KRS S ST 5N TR E W E S s K 130012)

B OFE Ik, WA O BN N T RE U — ANET AOB U R TRBESRAL S 2T 7R 101 Atari 2600 i 0k 55 i 24 [ IR
A AESS PS8 H K8, BRI ZRI (AR SR . B AR R DR T s 2 ) 38 1 P 22 2R BOR R P2k
T IRBE AL S ST T AR AN ZRINT ], (ERE SR T FA AN I 2% 1) S 2D TR P 0 A 2 2] S AR R ZER BRI ), iR (R 7
T HANLEE S PG I 25 TR AT A T S B R SRad AR . DR 7 nis S AR FE s AL 2 SRR Rl Shad AR JF HL
A AR BATICIZBE ), ASCIR W T — Fhd T2 F TR 00 7 DR AT 3 - PP S Bk R B =M
I A 2 TR 5 B A 22 0 2% B LA BE 7T, A Agent RERS I I L AZ AN [RIIN IR] 25 AR 2545 B B AR ) e 3
OB AT R Ik Agent VISR RS, IR IR TR] ;. = A58 i SR A — Fiog i b RO 422 U 3 Sie
Bt ) BRI N 46 2 A% 38, S9N AE I BE T T SR THER P B A 27 2] Sadk (A R AN 27 S RCR « ACiliad Atari
2600 F XKV G L 10 78 20 il TR ke AR A i 2 B PR R e SR P A BT O P e . SRIR SRR, SRS R PR v Al
S FEA L, B e S DU B [ AU SRR AT B SRR

R IR, mAEES) RORIRRLIRAL SRS, R g ZETIRMLG]; BEERERE
hESESELS TPIS

Asynchronous Deep Reinforcement Learning with Multiple Gating Mechanisms

XU Jin? LIU Quan??® ZHANG Zong-Zhang”? LIANG Bin® ZHOU Qian®

(School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu, 215006)
?(Collaborative Innovation Center of Novel Software Technology and Industrialization, Nanjing, 210000)

3(Key Laboratory of Symbolic Computation and Knowledge Engineering of Ministry of Education, Jilin University, Changchun, 130012)

Abstract In recent years, deep reinforcement learning (RL), a combination of reinforcement learning and deep
learning, has become a new research hotspot in the artificial intelligence community. Deep RL algorithms have
achieved unprecedented success in high-dimensional and large-scale space tasks such as Atari 2600, but there are
still issues such as the duration of training model parameters too long. Even in the case of the graphics processing
unit (GPU) acceleration, deep Q-network, double deep Q-network, deep recurrent Q-network and other deep RL
algorithms based on experience replay still need to train ten days or even more. DeepMind’s researchers use
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asynchronous methods to replace deep RL’s experience replay, accelerating deep RL models training greatly.
Asynchronous deep reinforcement learning (ADRL) algorithms can take a few hours or a few days to achieve
better learning effect on a single machine with a standard multi-core central processing unit by using
multi-threading techniques and are not necessary for the GPU. Although ADRL significantly reduces the training
time required for deep RL models by using multi-threading techniques, the ADRL algorithms based on recurrent
neural network (RNN) require lots of training time yet. It is due to RNN is unable to accelerate model training
process with parallel computation. The calculation of the current time step of RNN depends on the output of the
previous time step, so given a set of sequentially generated input sequences, the RNN can only compute each
input sequentially, and is incapable to be calculated by parallel computation. In order to accelerate the training
process of ADRL models and make deep neural networks with the ability of memory, we propose the
asynchronous advantage actor-critic algorithm with multiple gating mechanisms (A3C-MGM). There are three
main characteristics in the algorithm: First, similar to long short-term memory, the gates of the multiple gating
mechanisms control the information passed in the hierarchy; feedforward neural networks have the ability of
memory by using multiple gating mechanisms, which allows the agent to make better decision by memorizing the
state information of different time steps. Second, the calculation of the current time step of A3C-MGM does not
depend on the output of the previous time step, and A3C-MGM is able to accelerate the training process of the
agent via parallel computation, further reducing the training time required for the model. Third, a new skip
connection is utilized in our work in order to improve the stability and performance of the deep RL algorithm by
passing data to deeper network layers. We evaluate the performance of the new algorithm through five challenging
strategic games with sparse reward from the set of classic Atari 2600 games, i.e., Battle Zone, Tutankhum, Time
Pilot, Space Invaders, and Pong. In order to further verify the performance of the deep RL algorithm, we also
compare the other four Atari 2600 games. Experimental results show that the new algorithm can learn faster than
traditional asynchronous deep reinforcement learning algorithms, and achieve better performance in terms of the
average reward per episode especially on the Battle Zone, Tutankhum, Asterix, Chopper Command, Solaris, and
Time Pilot games.

Keywords deep learning; reinforcement learning; asynchronous deep reinforcement learning; recurrent neural
network; multiple gating mechanisms; skip connection
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N T RIHFAT A MBI ZE, FF4E GTU H
JeHl GLU a1 ] PRz AR AR AR S &
SCHE PR T T HENLE T, R 2 3T RRAL
K HE BAE W 48 TR i, A BHEZE BRI

B, BN Z E TR KL (Multiple Gating Mechanisms,

MGM). HE AR (18) Fiw:

h (X)=(X*W +b)®
(tanh(X *V +¢c)+o(X *V +c))  (18)

H &7/ E 5 (16) T8 XA
R TR A s R I A S
AT SRR FERIEAT 404, s (16D, (17) AN
(18) RSHFX (19). (200 A1 (21), WINPT
7N
V[tanh(X) ® o:(X)] = tanh’(X)VX ® (X ) +
o'(X)VX ®tanh(X)  (19)
VIX ®c(X)]= X ®c'(X)VX +VX ®c(X) (20)
V[X ® (o(X) +tanh(X))] =
VX ® (o(X) + tanh(X)) +
X ® (o'(X) +tanh'(X))VX  (21)
Horht X ROR I G0t I 2% J2 b 35 R 4 B0 2R
BomESE, &5 16). (17) 1 (18) i
HUAFE. R (19) & GTU KHIBEHEAR, H
T IO B o (X) A tanh(X) FARR 1778 45

K7 o' (X) fl tanh'(X) , BEE M ZHES, %
TR F s 3t — 2D TBOK, AT 3 R ™ B8 (1) 66 4
WkEE. X (200 £ GLU MIBEIHHEAR,
IR RR EEAAEAEAR R -, WO AT LA
XAARRAEIRIE L, ARG T W 2% Z 50T
HEBiE BB R L . 2 (21) & MGM [Ef
FETHR A, B—T0 TR AL 1, B
ErUBEXFBEAELBHEZ; I H
(o'(X) +tanh’(X)) KT 1 KI5 4 T8 A UK
YERL, T DA A P AE S5 e A 9 a8 o e 4 3 11 1)
s (o(X)+tanh(X)) bR RS I 1 =E 1 Fn X 45 Lk
tanh BRECEHEM AR X IREE ERZ ;. o(X) 15
S B —MRE VS, I H sigmoid BECE A
2%, BRI 22 RS G R BE PR L A /N, N
M5 B T A A SR RE ) R =, T
(o(X) +tanh(X)) BECES HEHHRE T F-1 8] 2 2
), WG AR VO R 5, LR B 26 T B, Lk
A sigmoid  o% i 17T BRATL 1 B R SR E IE A 1 3
o B 3 IR T % BN BE R BT £, M
] UGt MGM R RE T sigmoid B0 tanh
BRI L OK T HRE SRR BE R
Fil o

15F
1 , o TR )
."II(.‘J
05 i
b
— o(X)+tanh(x)
e o A tanh(x)
"""""" a(x)

14 : : .
— o'(x)+tanh'(x)

e N A Y tanh'(x)

P Y S ) A c'(x)
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3.2 BREKEE

7k 22 9 24 PP R v o 2% 12803 o 7 A IR )
W28 2 2 [ Rz, A Dhthdr fg 7 M4 R
£, FREMZEN R EERWEE S EZ MR
R, REEMEME JLHE, BHEJLEER
PREEMZE) AT LI A B 2R . A, SCRR[29-32]
R, WTREMWWEAESMNE, £ CNN fudid
BhEREER A 2 R IE R A . BRI T2 E
ITBRATL 1 7 20 34T B 2 - PP 8 R R 8 DAAH
Xof D (B TRD SR 15 B8 G () M e, EDR AR e R LS
HALF, ARSCHEPUE R T SN EE .
B, ASCERH T A kR E R 7 . TR E MK
ESE SiibuRs #sc 2 LR C T o) =G4 2 qa il
BR (REEHRFERTILFEERILEEMIMES
W25, ik MBAE PR, ZBkER 7\
L JE I R AR E P SR B T VR o 4 ) % A TR T A
SEPERIYINGRRSOR o i FRAS B5d ) B VR (1 I 2% 2
fEid, AR REE I IR R IREIFHFE, &
B TE AL HOR ) S BOIRESE BRI, MR
Vs, MIMERFHREAL I R et . 4 X, &
N BRI AEMS RN, YRR | E
H, Wk T st (22) M (23) fis:

X, = concat(Y,_,,Y, ) (22)

Y, = function(X,) (23)

Firhconcat( A B) & AT B B IRE B —
ANAEREREAT S, AU BT function(X, )
oA X, 8 AR i B AT R Y,
BRER IR TT SR = B ] 4 P

N ~—

K4 BRERER. HAERHER R ARRMEZ, Lk
AR R BRERE R v 0 R £ B P (X3, BRBR 4
T N H A 0, BT AN BRERE B T A 34 (1 2R X
PR B2 2R AN BT A0 10 46 2 P A 1)
BERERZEAE . X, Y, 2 HFRE | E A, -3,

| -2, | =1F01 FoRI—ER RN 2

(R IE ) 22 F T TRRALHI B b, R —Z IR
KRBT LE—Z00%H . WM 024002 ek E
R AN B A SRS R, IX L RRIE (S
Rtz Mz Zid il B 455 8 #0 T0I%
YUK — 573 A RURFAE , 53X Agent 145 = 1531,
i B R 1 PSR, 8145 Agent IOV REFR I BN ALK
TSI ANBRERIE R 2 J5, AT DL i $E 5\ B R s s
BRI, A 2 AR B A8 B v R O ADIRES
FIRHESS B, MMk Agent i SEvERR O TR, A
RURAR T Agent Y REASERE Y Il
3.3 HEMEIRBE

ASCHE T 2 5 TR ALE 6 5D AR A AT
BE- LK ED: (A3C-MGM) EA LR 5. 1.
W25 LERE TR R, B AL BDIRZS Z (R AA TR IR R I
1155 2. AR EAERZEIR A MGM B ; 3.
A AR AT A SR AL )25 . A3SC-MGM £
AH CNN. MGM. A& Z4 R, W 5 Fs.
FE R R LA Atari 2600 Yk 11, HAK S #r A3C-MGM
T SRR (1)1 DA S A R H i 72

Atari 2600 i *k & 4f AL B T K N R
210x160x3, 210 FK/~MAMI IE R =, 160 &
TSB43R 5 B, 3 Ko 3 IlIE R (RGB)
B HTEMSEE A IEAZ A PR 2
AU ER, A5 e ARARAR G B A5 43 () X 3
— ST I T X I SR AT R AT B A &
I FRA 3 A E B BB 5 BRI E Mg, IX
S T A B 5 2K DX 30 22 6 SR A A ) T B B IR A
FEAE TR, I HICA ] R 2 A B (Il 2R 8 R AR
72 o [RIMAT A TR J5 63 U I AR A {8 — 2L 5 B 1% 93
AEEE . B IR AR )R/ 210160 14 1) RGB
Ui % AR J8  — IR SR FE T VR R R UK N
160x160 15 % 1) RGB ik El% . A5, s
R T K/ N 160 %160 14 2 ) RGB ik K]
G/ N 84x 84 15 Z 1] RGB Wik EIE . fi
FH A IR B RS R B R 0 M AT FERAE
EAE, ERAE I EEARX T R B KN 25 5
FREREG A MMERER. Bk, &3
SR FH VR R 86 SR O e A R D 4 U A 1 R A5 8k ik
R /NN 84x 8415 F ) RGB i Ak K% . BT
84 x84 13 F 1) RGB 4 1] LA/ i 84 x 84 x 3 1)
3, 84 x84 18 3 B FE G T AR 7R 1 84 x 84 x 1 [1)
B, RGB EUE BIHHE &2 K E G 3 1%, Frbh
RGB & FTHE % 147 it BE USRI TS B2 IR 0K 2 T



fRikSE. BT 2 HITRMUEIR TP IR s 2 ) 9

KERIEZ . TSI T RBIKE RGN RGB  [ARBERFEN TBS/NT 200, T RIBHK
BT ZER, MEARIRRBREBERMORA RGB /N N 1x 210 16 M % AN M B A K /NN
EUE A IR15 B EDTCTEA BOR B K B B 45 12 20« 210 I ANFIAE, KIEEER/D TiHHE R
0 RGB BMGHE L IKE BRI AN ER B W& ok BRI BR B UL % 58 35 WX 4% 2 50T 75 A2 A R
BHHEMEME R LSS WX ERREE AT E SR, i —2E 7 Agent 1illZk. X1
() RRAR I PG e e R IR FE B, mT DAk — 25 /b 20 x84 x84 x L K/NIHINITHI, T LSTM M 4511
W ZRBERY I R B Y A A7 S5 VR 5 T SRR THERH T80 E— DN R A R, Mo %

A3C-MGM ¥ 1 EK/NN210x160x 31 JEEE T LSTM M1 ADRL 53k ok A H AT 5 —
TR ANIT NG 20 TR BE 2 i N 3] R £ A UHETHHEIX 20 NMHE . 110 A3C-MGM HIHHE A
TS B N 2 B R By N R T DL R R B RIRT B ANTEE, Hodi MGM ks HHINE BAE
1x84x84x1, VAL BM MR s AT M iE, ARHCIE BRI, Fikerbim
PLFRINK 20x 84 x84 x1 (A3C-MGM KA KIS B HRA74 TR, —IRIFSE 20 MR, KR >
5 20, BT 2BEMEWEARE, s KN 7 ADRL BRI ZR [A].

2 E I TR SIERR SRS 2
4 ‘ N
N AD—
B
N ! _+k%,
| L
! %
| I
| =
|
|
L e e e —— —
2 HI TIRBH M 2% BRERE S R 18 R4

KI5 A3C-MGM MR, AR =E 2 HE T RGRMARM S, — B R at, — 2R mng m e M — 2 e E%w
Mz, HEZETREPZEZ RN EZRE R ZETRHS . © Rl a3 MITRAM, & FRRMHEREZ EX M ItR
M, o o sigmoid FELNERIEL, tanh FORXUM IE VAR thpi . RELR 70 oo 1 BRERIE A ] FRATLA 19X 2% A5 70 v 1 i
Jiae BN IR B —H 20 AL B A AR 4R

AICH) ASC-MCGM MR 3 ZZ EITIR - VAT —ZHMA . 5 R 2 EREM LR %
BRZ 1 ZEERE. 1 ZREMEM 1 ZEN M =Z2ETIRERMEMK S S 22 E]
2, B EIRTAC BRI IR o3 IRERAMAEMNE BAMRANL . 5 J2EH 64
—RZEIREGRZH PN BRL L RHIN NRANN A< 4B, SRR 2, fith 64
HWA BB EIRM 32 MR N8x8H  IEAN NI IFFEE, 1ENEE =R =
BRI, PRAANN 4. MANBIRZEE -NER 2 64 MR N3«3EREZ, PRANAL,
PR 2 A RS P2 A 32 WROK/N N 20 20 HOAFAE  HartH 64 R KN 7 < 7 BURFIE K
K, 8L A sigmoid B&EA tanh BRBCEEAT HEZ I =R 2 ETTBR G AR A 22 W 2% )2 i Y 1) R Ik
A, FHCARLNEARHUR B RoT RN 5 K, @l uEREL R, fE A 256 A
CABRNE M R E 32 IER/NN20x20 ) MPATTHIAEER R A . SRR R AER
FAEE, HAGEASGE R EBOREAT AR AR . W ZFEFERIZ ETTRE, S A SR 2 A R
AN AR 2 IR 2% T 7 A2 B B b xR TG 3R 22 TR AR R, PR e ZmA, LR a2 &1 TR
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U E, 55— BB RocEmMEg, ER
T WX 28 2 AE 28 2 3N o SRS X 482 — N4
ERE, HWEuHcE S B B R ) B 2 ]
K/ANARIEDs AEMZE R — MU & — AN e 4%
L o WS 4 R B AR XS LI B E(E, &t
Softmax [lH#R/EALTE S5, R Rik#RiEkshE; {4
PR 28 [ RS AR, RT3

3.4 RBEBSHEMAE

BT Z E=TRHUE R 2 A — A5k
BRI 4 (e, |s, @ AN — AN E BR B4 T 4
V(s;0,), = A FIIIMEER, RR ) %35
GRS T, BIRERL b (R T 25 2 B AR £E K
T H S MBI . ASCRA —Fh G 5& B
( Adaptive Moment Estimation, Adam) ] BEHLER
BT IR R T T X 2 AR (1) S 4

WG RRHL 7 (a, | 5;0) FIRAERDS s, AR g
m i ANEEa s HERENV(s;0,) M EIRS s 1
RS, RS R FRE s, 9LH . ASC-MGM
KH T RPINERTH S5, I H 4 Agent 535S
A H.JG FEANSL BRI FIRR BE T BT R ST I 24,
MfE Agent S5HEACH t ARG R s 24—
175717 5 SRR BB — R S0 S bR 4000 24 R A
BRI B0 45 BRI S O A PR B2 T B 5 34T S8, K
FEFEARMR (24) fk (25) Fios:

d0=tmzaxvov logz(a |s;0)R -V(s;6)) (24

@R -V (s;0)))
dg, = ;T (25)

Fort,,, FoR I T AT R] 20 [ B B0 18 20175 15 45
TH O BT I 1R 28 R RRAERES s, R
ZNAE a, SRAF A IR 0 A1 0, 73 i TR L 155
% B R D) 22 R L =2 AR BR U 25 I 24 0' T 0] 57
9 2% 7% 24 iy SIS R K R 448 R R B 45 O B 5
3 (24) F(25) R HSH 0" T 0, bk R
TS50 Mo, MR Z ASC-MGM FIH £ 4%
BRI Zrd R b, FAERREA B M
WAL, BN R0, WANER — AT LR
EHIMERRL, SHCN0 F e, . [N ERFER L5
4T 240" T 0] # fe NI ZE M 2 A5 Y e SR, B
00O 0, FNEEIEATHHCHIMLS
RRSSHY, e SR T A 2 AR L =2 1 P 2 A Y [ 2
He. FIH Adam B B2 T FE D7V ST REA N 26 A5 1 2

e R T

%=V, (Z log (&, |5;0)(R =V (s::0,,)) +

tmax

Z (Ri _V(Si ;0\:,t ))2 +H (”(St;gt,))) (26)

Horh H RoR00, 0] 2 AT AR B ML 2
g, Ron BBUR BREO T B W 48 AR S4B
o

m, :ﬂlmt—l +(1_ﬂ1)gt 27)

Vi :ﬂzvt—l +(l_ﬂz)g¢2 (28)

Horpm RoR R TR — AT, v Rk T
BREER — U EAG T, WIAGIEHAR N 05 B, B, €[0,1) »
HAEWIIR o — NI T 1A

=l (29)
l_ﬂl
U =t (30)
1-5
Forpoi, R0, 23 3278 my Rl v, 1 22 AL TE T RAE
p— f— 77 ~
6.=0 - m (3D
t+1 t ﬁ—ks t

Horh ) R ARSI, £ R
ANQIER e, FISDTIES R 0 LB, %%
ERES

4 SLG

AT S A R LI i A8 T & R SRS I AR
S HE, BEEER e PE Atari 2600
W F AL T A3C-FF. A3C-LSTM. A3C-GLU.
A3C-Tanh. A3C-MGM F1 MGM-skip F 7 31| 25 5
[ RN ZRR0 0 . ASC-FF oA F B 48 0 2%
(Feedforward, FF), A3C-LSTM F/~ffif LSTM
W2, A3C-GLU F-EH 7 GLU [ 570 B Hi it 4
Z M4, A3C-Tanh F/xMH T tanh &£ & AR
sigmoid P& ETHT GLU 18 HLH] . MGM-skip /1l
T BRERIERZ N MGM AT B8, A T 1R
UEES JZAE L MBI 4L — 5, A CAE MGM-skip %
RPN 9 4 22w R FE AR ) )RR P . RIS oh
TAEBREROERA R AR, RCRA T 4 26
JERM MR, HeikE S A3C-MGM fHA.
B i GG SR 5 R 40 B A5 B LE I R [R) A1 25



fRikSE. BT 2 HITRMUEIR TP IR s 2 ) 11

AR TTHR A S AL .
41 IWIMEESHRE

ASCAEFH OpenAl Gym' TR~ & ) Atari
2600 AR IHAE AL AL . OpenAl Gym & —4
FRRE T REAL, HAgft 7 & NS FER Atari 2600 JiE
AL, TR ARG T RS R E SRR R
e 23 3% 2 - Mnih 2 N 72 2 B, 78 Atari 2600
KEB % 1 A3C-FF il A3C-LSTM 7E Il 5 ] LA
Fe I 25 3k S B B R A T 2 T 4 50 EE TROML I 1Y
DRL %%, #1 DQN. DDQN %. Dauphin 2 A2
IR B GLU T TRRALHIZAR T GTU [ TRRALH .
DAL A S S f) 2 A LA ASC BRI AN IRV FE
P W 2 1R 5 AR SCHE ) ABC-MGM  Z [A] I
REZE 5. ASCIEEL T HANH. Agent [¥) Atari 2600 i
*k: Battle Zone. Tutankham. Space Invaders. Time
Pilot A1 Pong, Z3#llli A3C-FF. A3C-LSTM.
A3C-GLU. A3C-Tanh. A3C-MGM I MGM-skip
BRAE BRI (R . RIE LI EE A, XT
IR FEREEAT AT . A T i DI AR A
A R, A SCATME R T P4 Atari 2600 JiExk >k
D3R ABE Y (1) 1 B

T T EEAS RIS (R MR, AR ST A A5
US54 F AR R 9 2 046 &R0 Adam BEFE R R T71% .
Adam B TR ER NS EEE W R : 7=0.001
B,=09. ,=099. £=10"°. LiRPIHHILMIT
R TP =099, M-S H 520 8335 7 0
Wr: 20 8 (WD BEEE T 45 A BEE — k3t
EEBERI S R B, BRI 1 gt
TAREE IR K /N R 84 % 84 IR FE MG, AF I 4 7
AN TSR B, B E iR A AL B
IR/ R 8484 K FEEIG . T B EE 20 Misk
TG R T RN S EL, BT AP Y B
WANFERALEAZE E R, 2 HINT 20 BfE L.
SEEG R 1,000 AN YIZRR B (Epoch) 1 il 25 1,
Horh BN B 80,000 22, 3LiI1Z% 80,000,000 4. A
SCHTA SREGS5 18 FH 8 2R 2R AR L I 25
4.2 TR EERSR

SCHR[341R B Ymth 2% S L S AR e M R 4L
BTG AR, 2 FEEEE RS LS 2R
UEs TR BN 2 5 SR 1E 2 R K TR 3 B b 28 kR 2%
VB A28 1k o HU0E 0T 2% 5K 2% o {8 iR BB B 1R (A

! https://github.com/openai/gym

PRAL, DR S I S ek BRI AR B ARAIE
SRTT, Mnih 28 NPT DQN, 31N T 250 i
P X AN H AR 2, A3 B R e M1 2
RENEGE . AUEH P T7ELHE DON ik
W g LI AR E R, SRS EE R e eI
IPRASERL K25 3] o — B TR FE Btk 27 ) A2 (1
I AR EARA BT ] A A, ARV B R AR 2] A
NS B RER BB, v s> A7 51 IR
AIHEZE VR FE. A3C-MGM il fd ] MGM,
BRI AN X IR SRR, B AE R B — N
T FIAE I, RESE E S BRI R, B
B2k 3 fizn. A3C-MGM @ik MGM 4% il
& RAEM LS TR IRIE, IR BNCAZAT SRS Z AR
FPEAE B ROR, I B AT DU A AT U S A A
MR e, CABE D (B TR AN SR H AR R I 251 5%
Ho MGM-skip i ot Bk BRI 42 {5 204 T LA BE R 1)
W26 AR 0k, A RUEE S T I 4 458 A R ) 08 1) e
77, N e T RS RL I 2R R A g T SRVE R T
P

AN HELEK T A3C-FF. A3C-LSTM.
A3C-GLU. A3C-Tanh. A3C-MGM #I MGM-skip
W AE 125 Agent I Battle Zone. Tutankham. Space
Invaders. Time Pilot. Pong 254k = i) Il 2kt T o
£ Intel Core i7-6800k CPU _I= & 4574 [yl it 1]t
% 1 fin. £ NVIDIATITAN X (PASCAL) GPU
R N R [ g 2 R

F=1 7TEEA Intel Core i7-6800k CPU L& &R S 1%
B B) #0111 2k 2 B 18]

i BEL NGRS (s) ISR Ch)
MGM-skip 0.0030 66.7
A3C-MGM 0.0016 35.6
A3C-LSTM 0.0050 1111
A3C-Tanh 0.0016 35.6
A3C-GLU 0.0016 35.6

A3C-FF 0.0010 22.2

%2 7ENVIDIATITAN X (PASCAL) GPU & iERIHE
HIUNZRETEI R BT 8]

B EREBINGRRT] (s) YIZRERT] Ch)
MGM-skip 0.0012 26.7
A3C-MGM 0.0008 17.8
A3C-LSTM 0.0013 28.9
A3C-Tanh 0.0008 17.8
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(45 2Rt ) . A3C-FF % 0.0006 0, {E L
A3C-LSTM 7> 0.0034 #; Il Zr b [A] Lt A3C-FF %
13.4 /NI, {HEL A3C-LSTM 7> 75.5 /i, & 2 4k
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A3C-Tanh ] 1.62 . A3C-FF Il 1 ] e i f& i 1

SEERE A (x10%)

0 200 400 600 800 1000
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BEAR LSTM. GLU 1 MGM #J52&F1 F T T45 ML
K AL BARZS Z MAFEMO R RIAESS, HEZ LSTM
T HE 3 e DL R 451, BT
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Background

Deep reinforcement learning based on experience replay
includes deep Q-network, double deep Q-network, deep
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algorithms, e.g., A3C-FF and A3C-LSTM, on the Atari 2600
games, with only half of computation time on a single
multi-core CPU. However, the ADRL based on recurrent neural
network (RNN) still needs a lot of training time, because the
RNN is unable to be parallelized. To make deep neural
networks have the memory and parallelization ability, we
propose a novel asynchronous deep reinforcement learning
model based on multiple gating mechanisms. Experimentally,
our results demonstrate that our new model surpasses the
performance of A3C-FF, A3C-LSTM and A3C-GLU on five
strategic tasks with sparse rewards among Atari 2600 games.
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