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Multi-agent deep deterministic policy gradient algorithm via prioritized
experience selected method

HE Ming', ZHANG Bin't, LIU Qiang®, CHEN Xi-liang', YANG Cheng"

(1. College of Command and Control Engineering, The Army Engineering University of PLA, Nanjing 210007, China;
2. Naval Command College, Nanjing 210000, China)

Abstract: In order to mitigate the problem of low efficiency and slow convergence of the multi-agent deep deterministic
policy gradient (MADDPG) algorithm, the prioritized experience selection mechanism of MADDPG algorithm is studied
and PES-MADDPG algorithm is proposed. Firstly, the model and the training method of the MADDPG algorithm
are analyzed, the multi-agent experience buffer pool is ameliorated, and the priority evaluation function is designed
based on the error of critic function and the training frequency of experience. The priority is treated as the selection
probability to obtain the learning sample for training neural network. Finally, six groups of comparative experiments are
conducted in both cooperative navigation and competitive environment. The experiments results show that the prioritized
experience selection mechanism improves the training speed of the MADDPG algorithm, and the trained agents have
better performance. The prioritized experience selection mechanism also has certain applicability to the training of
multi-agents controlled by the deep detcrministic policy gradient (DDPG) algorithm.
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0 51 B

AR, VR Ak 2 2] (DRL) 5% IR LB T
BOK B -5, 3 B I 7E [ 31 2 B g 2% 21671 HL
N A2 1) B g k5 FEO-11 SR A AR X T L AR
&, Z B Re AR e % BAEAE . PME, JLF 58 B AR AT
%, B RN R B, 28 Ge kR )
(MADRL) t1 T I 1R 22 6] AN B AR U2 1) BB 28 4K 1
ANH 72 1, A BT B AR A LR R A B AR 4k, i

Yts EHEA: 2019-06-11; 1&[EHHA: 2019-08-12.

B 18 H AR R BE A B SR BRUSR IE 6E B B S 1R 52
2) B RE AR 2 [A] B B[R] 388 45 50 2% 2 S B K R
3) B Re AR K E 2 IRAS A 1A) R, I 2500 FE 1 28 DA
WS 4T I 9 AR TR AR R B AR S S AT
HReOEE. MHEPMEMERIRAT N 4D
S IS T — % W R 2 8 R A P [ 42 1] 1)
EAK 5 ) 535 3 LA Lenient-DQNU4
DRQNI!S/, WDDQN!6!, FTW!!7l, VDNI!81, QMIX!!%]

Hysteretic-

HEEWH: HaxE SR HE (2018 YFC0806900, 2016 YFC0800606, 2016 YFC0800310); L7444 H ARl # 3 4
T H (BK20161469); VT.75%4 & AW & X35 H (BE2016904, BE2017616, BE2018754); H [H 1+ f5 4>

I H (2018M633757).
VB IAA/EH . E-mail: qdjmzb@qq.com.



% 13

17 B 4 : MADDPG H % £ 355 5 b AL 4] 69

COMAI, MADDPG"! 25, #xf - HAh 5%, 2 8 g
AR JBE T 7 1 SRS A 52 5430 (MADDPG) BE e b H] T
Z R BRI R A 1E . XRERH T 38400 Hidg 5, [RIT,
FESE I ZRINT AT LA FH JHG A R fe Ak 1) R 8245 B RN 55
W IR Y 2R 2, J I FH S e HE BT R S & 2 S AL 4
SRR BB, B SR 1 N 5

B ReR 5P AR B AR A B g NG AF 1, 1T S
il I 22 B0 AT Y S, el T HE i AN S5 e, B AL e HY
LIRS EAT, BB M. FiEsk
W, E R BRI FE ALY ) B X 2GR
e s PR 3 B v AR YA 7 T 1) PRE TR L
50N G A7l 2) T AT MG A7 b v ik B B
B IEL. JIE XML, J5 & XA Sk
. RS BN AR L 2 STk 1221 $2 H 1 PER
(prioritized experience replay), 1% /7 1% 45 & DQN(deep
Q_network) EL7E 145 £, /4 B TD(temporal-difference)
VR ZE T R A 06 ), AR SRk R R E BRI &
BEAT I Gk, 75 Atari J 48 3RAT 1 BT B0 RCR. LG
BEANLHI AR S0 SOHR (23] 32 1 i B b AR AR i
G A7 4 50 A1 TEOL ) 7 925, 1% 7 E R TR 2 56 1) TD %
FERTE Je 15 HEN G I8 A7 1, A0 e PN 2 56 DL
—E HIMER B A I, N 4 1 2 it H TD iR %=
A £ 6 B BV A SR ) SRV N [R) B B2 IS B AR
1E EIRTTVER AL B AF 1k — 20 o, SOk [24] 4
T PSER(prioritized sequence experience replay) /7
15,2715 LA DQN 5% B i, R FH AT 5 2 Rk A
A4 TR AH DM, S5 s i 24 Jah 1) 5 A 27 o) 7 ik B A L
[ 38 A 1. SCRR [25] %% PER J5 9% 3 i -F DDPG(deep
deterministic policy gradient) &y, #5 T REERCR.

IR TTRANAE B Re Ak s AL S ) R AT T
U AN S, 1E 2 8 Be AR AR AL 2 2] Hh A AN e AR A
A R SRS 2 P I £ AN G 06 7 A7, HE LLER
B4R — 48 b 7 5 3 S B 22 5. PER22 L il i
ik = YRR TD 1 25 HE e, 4 Bk 2 B AR A 3
Olog(n), PSER J7 A AE B e iR (1 DQN 5% b, BA
U ISR, T 22 2 R AR 85 o B AN 8 B A4 A ST
LW GAFI, & BHFATEL 172505 X 2R i) Gk
P, TGV 78 O 5. A RE D0 305 22 A7 22 56 [ TR L ot 1)
JEB @ S 256 (1) TD 1R 22 € & 1 i NG 5247
AN R e A AR [ R 22 3045 AN [R) TD % 22, HE DAk
SE WA 22 B ik N GEAF I, P LAME DAL FH T 22 8 e A%
SEENEYER. A% T Bk 2 #7772, LMADDPG
SRV N AR, B 58 A B SRR B AR B I ZRAE L, T S 1
H T IR A S B 22 58 B AR 5 A 1tk SR o 2

H7% (prioritized experience selected multi-agent deep
deterministic policy gradient, PES-MADDPG). {54
B P BT A1) A DA o

1) BN BRI A A58 A7, 1012 3 &
PSS B, & Bt H KB 5.

2) BT A R ek & Ar it Z I AN HE P, HARFFYI 4G
(R 3E NI, Ff DA el B P 50k 52 % BE ARG T 28 47
KA O).

3) ANAEBE NG A7 TN T B2 50 1) SRBE 01 R R 22,
B AR ARV Ry BT ) 55 0
1 2GR IR i e SRS R R Rl %k

Jik
11 EAXEER

WL E A N AR R, ORIB RS A =

{m1,mo, . ), A S AR 2 RO, L2 R
MRS 0 = {01, 00,..., 0N} FREER G0 2 LU MR
Rl 3R BE A A s DU o T 3L 5 B

SR PR, 0 -5 HAth 2 B 4o 52 21 1R JE %, B
a; = m;(0;).

FRi%2 B AR A A TCRE I, A RE AR 1Y
2 LA BRI JG 1R —IRES AN vl Tk}, 22 J5)
KU T IREE S 5, B 5 s VR T SR

BRI EVIZRET, &8 ek 2 8] I8 A4S A E IR
5E, BIAH B2 (B AN @15, BUBAS 1 N A AE A U 8H1E

K—A .

12 REN)IZHER

MADDPG 53 I ZRHEZ 41 B 1 F i, 3R 858 o
H I BEAR Y HH actor R 4% . critic 4% . target actor [
2% Fl target critic (X 25 2H B, 0 1 1 B fe s, B DALY
Refas i R BEEAT R I, HAth 8 e 4 LU T HEACER.

environment

agent,

:
:

|
agent,
|

3

3

agent,

—>@—->| acltor |—>| target actor |

1
>

:

> agent,
L

|
|
|
L__

|23

1 MADDPG & LG IESRE



70 EC

5 Xk R

IR R R B B AT B I R 77 =X, R4
AR REIRYE B B SRR AT B AR S AT I B4
al = ml(o]), I HHBLHARMER (o, al, 0],
r)) —ERENE S G 5T 8 ek S
M52 H A, B R R AR N 42 56 i v E AL il 2
5, VIR & B IR A 0 X 455 Dy i TR R AR 1) 2 S0 ol
H2, critic W 2% F) iy N\ 240,35 AL B RE A R L EOIRES
HERIUENIE, B Q = Q(s), a1, a2, .., an,09),
, 0 ). B B MK LS B critic
REE S (8 U PN 1 i AW

— (o) o
s; = (o],0%,...

K
1
L= K;(yj - Q(sj,al,ag,...,aN,GQ))2. (1)

IR N BRSBTS A I 45 1 S A B
AR
VQWJ -

K

1

T Z Vorm(0,07)VaQ(s,a1,az,...,ax,0%). (2)
j=1

1.3 BXERAMER
TEGR AT I g rh, 2 R e LAAS A Y B A
) SR W SRS I st R Ay R ax A i 78, mT BASR
TR AR T A 7 3, B RE AR 6 R RE AR 5 ) SRR Ak oF
) SRR, 07 2 W 2%, 3 i e KA B BE A 5 1B
AR 2508 50 T ) A4 905 5K B8 39 X 4% 2 20, X AR AN
o N\ At R BE ARV SR, TR FH B S Ak o 1 SR 24T
22 2], B A X R pros:
L= ~E, . logi(alo,) + NH(i)]. ()

2 ZIRSEHE 2 8 B A IR B R SRR

5 RS

7E MADDPG 5.5 91, A 85 R A2 25 L 3 L E &
(206, Y5 E B AR 2 R 2%, 7 8T il BsR B W
R A 06, 75 2 50 7 A7 W A7 B 256 N 2%, B M AR
A KREBE T —IRE S 2 EHR A, B ORAF B AR TF
£t 9 4% 453 2% Loss 2856 Fh U 2Rk $0 T F 24 /5 256
1112 56 % Pr 25 5048 At 2 44 Pr 2 17 B 40 56 5 B 1)
ME— b, A2 B i R AR .
,an))?, 4

y=r+7Q" (s, a},dh, ..., adN\)la=n(o). ()

Loss i K, Ui B X IR & 5601 5, H bR K 2% 1 0F
Aot {1 R0 SE2 o 1 22 A K, T BB R, DA R
PR BT H AR R4 28 R A 19X 28 FROAEL, 38 B S A A 43
R B A gy R

Loss = (y — Q™ (s, a1, a2, . ..

#364
Pr(i) — MLoss(i) . ©)
Z Loss(i)
i=1

AR 22 56 1 H AR W 28 457 2% Loss E 72 7 BUK,
Al DIEUE THE 2 B0 S50 (1 PrE BN ok
AT U1k, 10 LA rank (Loss () 1F N 6 & N I HERF
&, 0] DL T b i B 28 56 1) B S H A rank(Loss (7))
9 Loss fEEBIGEHE 7 AL E.

Z0 HURE B T 48 56 4l 4t U 34T I 2R IR
. AAL LA Loss 7E A VAT 20 55 1) B 1%, FF 1% BX Loss
K2 56 3AT Y2510 5 /N A58, B8 2 Ik
IR Bk A2, (5 A2 B T 22 56 4t B ) AN 3 1, 358 90 2 5
FH T Loss 85 /)N i 4 3 B I 25 1 IR B /D, 2 R &
TeiE N 25, T B 4 0 28 13 $00 6 B0 P N J=) 3 i
M. DALk, AE A B 22 50 R AR SR N, LR 575 & Loss Hl
4t BRI 2R ) O . A 2 I b, A e B BB
%, HOREZ2 A S 27 Pl /I, 45 e BB I B0BR /), FoE
A2 Pri K. Prifit & AN
P 8. )

Pr(i) =

Horp
p(i) = rank(rank(Loss(7)) + rankyeverse(T)),  (8)

rankyeverse (1) AR EL T 76 38 el HE 7 967 &, T
0N, 38 95 HR e OCBBOBOR o G 56 G I TBUR B, o
R, 2 BB p (4) BRI 58, 8 € (0,1) N
MR 1) 2, B E T p () I /N T 4 22 50 i A 2R
B

Loss THE I HL: & Ge ik 53 558 B 5, K i1
FLIR A IGATF NG IS D2 A7, LR 2856 1 Loss Proy 2,
MHFERECNO. IR E K B BT HEX K PAK
AR HH B NEL, RUEE AL I 2R 2 10, i A 4
50 #B O 5 tH A5 2% Loss.

LIS UL R AR W B 2 . A5 2%
RN M A 258, T B 258 B Je 2 Pr, FF
PAREA Proft 22 360 TN Nninivaten ', B M S22
55, FL 2 Nuinibaten 2K T8 E K/,

TEVER )5, actor P 2& | critic 28 UL Kz %f B f) H Fr
WX 8%, FL X 26 S50 O R AR AR A, B IR B A B A
At S ), R AE N5 ST I Ninibaten 2
36 H 1] Loss, 28 56 2% A7 it At 22 56 1) Loss A i 8
BritH.

2RI A S Hh BT 22 8 R AR IR B T i 1 SR s o



F1H# 77 B %: MADDPG ik 22 3o £ 28 b BUBL 4] 71
K
—— 1
L:?Z(yj_Q(sjaa1>a27"'aaN>0Q))2;
B b LI M 25 | 7=l
v ik DL A 8 T 24 IR RE AR 1) S Y 2 2
[ 15 M A2 Pri | "
éﬂl:
Vg‘rrj =
| X
74 Z Vorm(0,0")VaQ(s,a1,az,...,axn,09).
Rand(0,1)<Pr(i) Jj=1
step 4.4: BEHAT — & 2 B R4 N B T A
BREAR I B AR 0 X 28 A1 H BP9 25 S5
| éjqhti][])\mlmbatch | ) ,
09 =76% + (1 —7)09,
L= /“ | L=t 67 = 0™ + (1 —7)6" .
step 4.5: 45 D (step) 534,
step 5: 45 W [A] 5 (episode) fE .

| minibatchi% NAHEZE /X 4511 45
E 2 ZIGMHIHEWIEIELRTE

J1%: (PES-MADDPG) 5% 41 F B

step 1: BT AE A0 B> B BE AR 1) SFEBE 0 28 7 (0, 07)
AP 4% Qi (s, a1, a, ... an, 097), LL 25 S 4L
o™i f19%9:

step 2: 146 A0 BN B Re AR 1K) H AR SRS I 2% 7/ (o,
0™) M HFRIFAE N4 Q'y(s, a1, as, . . ., an, 09F) DL
WA 4% 2 K 0™ 199

step 3: MIAA AR fig
TERZR RN,

step 4: X7 T &AM A4 (episode), I LL T BB,

step 4. 1: WG IR BEAN I & Be AOIRS R G 51

step 4.2: 7F [8] & H [ 5 — 2 (step), X R85 o (1) B
AR REAR 4, PUAT LA AP ER:

1) HRAE 1T B BRI SEIRAS SR K] 24 A1 g
ﬁﬁt%ﬁﬂi%lﬁﬁzﬁﬂfﬁa = 7m;(0],07) + Ry;

BRI AT SRR o] 25N RG0!

ﬂb@ﬁ]?‘ W28 (o], al, 0l 1)) AE NGB A
.

step 4.3: FFHAT M 282, X AN Re
BRI 22 o 2%

1) R @) FGS) THE TR
1) SR W A 2R

2) iR (7) tHECU T2 R AR e 2

3) M4 1A 2 53K, Il minibatch R 2255

IS H AR VPl N 2% SR AN S 56 S R R (]

Wy =r; +7Q (s541,a),a, ..., dy, 09);

5) s/ MR Kk LR HT Al 9 2% 250

R B 22596 22 A7 R; A1 5]

AL LT 2B

REfARIT M B 250

3 SKBREAR S
3.1 SKEEME

K AF 3R 85% 4 ubantu16.04+ TensorFlow+gym, fifi £
N /R £ 58 ES2628v3+2+GeForce GTX 1080TI*3+
64 G W A7, MR FA 55 N DeepMind multi-agent actor-
critic for mixed cooperative-competitive environments,
actor-critic /£ FIXE 2 ) H AR 20 I 28 # K H 2 J2FS
B2 ) 4 Ao 2 D 5%, R B T BB 64,

55 R B 2 2 S5 FL AL 4% 2 2 T VE AN A, B AL o
IR Bt . iR sRAL S S ORI 95 EEA M
ANTT T : 2 2l i I R B3 A i £k, £E AR [ I
SRECHUT, 22l BOR, I 2R3 0 m, 22 il ith 2 Bl bR
TP AR RS B R R, RIS — e R RS, B ek

FEISE T IR DL, B AE A R BT, SR I 2R
e AE DU SR e, 2 G0l 0k BG A BE A 22 i 2 DL K
BRI SE PR R I

3.2 AESMmsER
Tiﬁ[ 1 1) —4e i A N AN RERRT N A
REAA B 24 21 H AR B> RE A4 LR L 1Y
Hﬂ“lﬂ (B H) BIIE A H b, i G 5 HAl R RER AR
. R PRIE B AR B b, 5 8 R A S I8 5 Fdl
FAR PR RS, (R 2255 8 AR R e AR5 H AR AR A7
B DA BN R T e 10 SRS, S R A% 1 ST ]
RN BE A 10 22l B ok T B 8 A3l 1 H b PR
AL e 15 5 FLA A e A A A il i, B 20 380, 22 fl b
IR, LR RIE J86 4 7R RE ATt 5 . A3l RE SO

—1, ansRAldE
C= ©
{0 LIESZSUZ &
BRI RER S B AR B RSN DG, ), WA Re A i



72 = # 5

* R %36%

I
T = —glj\i}n(D(i,j)) +C.

I
EN = 3HIMIE, 25 ek 5 > 5Kk 7
KB MADDPG % % 1 DDPG #3%, 43 25 000 % i
Ik S, 1 25 22 i il 26 4n 18] 3 P . el BT 3 AT A,
MADDPG 53518 K FH 28 5040 Sl il BT il B, 22 Jh 15
FIE K HI$E T, DDPG 53275 K FH 22 56 A8 S i ULl
B 22 il A NI T

(10)

-300
=
& —400
ﬁ
B
500 — MADDPG
—— PES-MADDPG
00T 15 20 25
ki /10
(a) FREMCRE MADDPG 572
-300
§ ~400
ﬂ
B ~500
—— DDPG
—— PES-DDPG
~600

0 05 1.0 15 20 25
g%/ 10"
(b) F eI DDPG 592

3 AB1ESMStIE R E

L1 RNAT 240005 )45 )5, B BEAAR 5 =) B IF) 3R
R 22 L BEAL 10005, 50000 3 (15256, 15 36 — 4
T R OB B e AR S Bl H AR T2 e/ NEE
25 DL ARS8 5 4 E AR T X MADDPG
BRI 2 B RAR, 3 AN TR AR 2 IR T 1.8 %
11.8 %0 F1133.9 %, %f T DDPG 51453 il 1) 22 B e Ak, #2
i FE RN, 43 5 N TE W S22 1 5.6 %0 A1136.2 Y.

F1 FHESHERE . RIABEEM SR

A 22 I Fi S 4
> A A N L N 2 — VL, W
HECHLE]  mERERE BOGFEE HARKEK
& 0.530 0.649 0.991
(=}
MADDPG = 0.521 0.573 1.327
& 0.524 0.898 0.368
(=}
DDPG = 0.524 0.847 0.501

ST PR RS RS ROEH
P )1 353 B /0N B 8 9 A48 B 4 T B2 480708, X6 1,000
FREL LI ) ER PR bR AT R X Ho:
K FH G2 50 A S8 S HUHL 5 b 5 A 8 A 52 AN B
B R2AWANIEIRIME J5 2 KR ¢ BUZ I
FAT Gt &, MR 27751, T Goit Eim KT ¢ R

FL R AR 4 Ho, R EUE 56000 5 3 UL 1) % T~ 2 lf
FEIRE B eeih S il B bR -2 /N R AT
Rl RTAE =

% 2 MADDPG B A F6l1ERH . i B RigEE
Ll

t R

b mE % T %t

[OL R ER A SHELE 1 yil i Giit 5
T i 0530  0.0031

MFOKE & osa ooote 0 498
T & 0.649  0.0441

S BB £ o513 oox7 0 B

33 RHEXmSLR

FEA LA A B0 22 TR B o, B85 I RN [A] 1 5
K, SRS 2 N e 3, 2B REAR 2 i =
. T FE SE X HUIA BT, 2 BE AR IR 2R b A U R
T E B SN, [R] I E T 0 T2 2] B BT A,
RN 2 ST PR AL [0, 3 B AR i R A S 45 8
Th, £ 2 LS AR 5, 2R 28 560 S il O L A
VR R T 2 i,

RO S B S A R A R, A AR A
(0,17 f 41~ A N A 3 B A 52 18 1 3 £
HE A AR SERE A 1S R R A A B 3. 34850
T LA ORI B A 4, T DA BE 44 se 4 (i
ZHANRLEE. i B A 2R ol B e T LA e oty B 2 1)
AR RS DL 15 A A R AR, R R ), 2l K. 5
D(i,7) A 1 SPEH R § 2 K,

D) = (@ =2, + (i =y, (1D

410 £ R A £ (IR RS I
SRR R 22 Jih, [R] IF, 4 el £ 2 WO RBOR R 485
(B 2Jh). Rl Fi 22 i)

oo 10, BN,
0, AR AALAE.

O R I TE 2 47, B 11 5 A 413 5
T e A7 51 BRI R SR, oxoh 28 H 3 7 0 88 e A4k it
BOR BT A 3O/ IN B R Iz B SRR R, B I
F 2 il

o {0, max(z;, y;) < 0.9;
200(max(z;,y;) — 0.9), otherwise.

A B A LM, SR 5 B B A 5%, R
TR S I AR BN B AR 0 RIS SR, B
RE 1A 58 S AT 55 AP A N AT B 2 vt 25l T
AFE S SCH2 il I >R BFR) B 8 O Ak 22 8 BE AR 1) B /N BE
B B 2l

T = —O.IHéi]{ll(D(i,j)) +C+ B.

1x

(12)

(13)

(14)



% 13

17 B 4 : MADDPG H % £ 355 5 b AL 4] 73

Wi B3 94 i 26 it T B 2 1), HLAZ Bl )k
BUPR, P LLANBE 25 8 2 I BE A B 2 X R /N BE T, T 2
TR GG AR WAl B I A, et R
FRESTINS]

N
rj =01 (D(i,)) - C+ B. (15)
=1

XT3N B AR () B0 B AT 45000 22 1 25, 43
B EEN TSGR ZAM KR AN
6 IR I S 28 56 1 B0 1038 A, A B 0 ) SR B
MADDPG 5.7 71 DDPG $.32:2 147 1] S0 .

K 4(a) N1l & # K EL MADDPG 5 35 1 22 Jil i
2k, 6 LU REARBEHLIM BN 2056 . BT ) e AR R &
56 A0 S il OS4SR 250 00 e il ARV 3 ol
FEWE. BE A I ZR I EEAT, 3 Fh S w78 0L B 2 i g {8 5
¥ N k%A, FEE 35000 ¢ DL #a T Fa . R
L0 AI0 2fe Flt B 1Y SR S L e Ak v T R AR R,
AR o R A B AR S S BN, 22 BA s T

At A Foeh SRS
150
_ 50
=
A
X -50
B — MADDPG
— PES-MADDPG
-150 — Predator PES-MADDPG
0 1 2 3 4 5
I grie %/ 10"
(a) I KI MADDPG 572
150

=
A
ﬁ
S — DDPG

-150 — PES-DDPG

— Predator PES-DDPG
-250

0 1 2 3 4 5
Y kFeH/ 10"
(b) #ffr# K DDPG 532

4 HRERMEZ

] 4(b) 9 £ % K HUDDPG 592 1) 22 il i 25, %o
Fb RS RE AR B LA ER 58 T 4 RE R 35 R FH & 50
S RN Fif B 25K FH 42 56 1t 2l il B B9 3 v S g,
KFIDDPGHZEI Z €& RA N, A && XA
— ™ critic W28 SR PPl 7E M BRIRES T REGEA SI1E
A E. 3P HBEAE I 255, 3 REAE B 5 (14~ 35 22 il
1B Ab 3k FUSCSH, HLR A 22 50410 Sl ik BBV 0 SR s 2 i
30000 & Il 2B, ~F- 35 5% W 35 %% /3, e PR FF 4 O A
EPE R A ISR AT, B I T 1B LIS (H
J2 FF A SRR B0 A0 2 3l BT iR 4 B9 7E 40 000 8 LA

Je th BT3B Ak, {ER 8 B0 A0 2 il BV 1) S s U
I b 2 .

& 5 J9 4 £ & R B MADDPG & /1 DDPG 515
5 5] P ) SR WS BT, 3 PR W (R BT IV ST 38 2 il i 4%
B FR P S AT, SR FH 8 50 Sl il BB V5 1) SRS /T NV
P AL E B R A T IR AR S, HLAR B R UL
i, XoF 2t 2« I I 25 BH B BRI BeiE 1 AR

AR .
80
B 40
K
Q
B 0 ~— MADDPG
-= PES-MADDPG
—— Predator PES-MADDPG
-40
0 1 2 3 4 5
ke %/ 10"
(a) Fli&E#E K MADDPG &2
60
40
B 20
RS
T 0
B —— DDPG
-20 — PES-DDPG
— Predator PES-DDPG
-40

0 1 2 3 4 5
I 5%/ 10°"
(b) ¥ &H K DDPG 532

B 5 HeERNLFHRGH%
4 4 B
SR R 22 % B A R FEE i A SR S o P L1
RUERAR I 7] R, A ORI FH 22 88 BR AR SR A7 20 56 1) SR s Y
il 4 158 22 A SRR BORVIAS 2 50 AL e 4, Wit T
250 RS ECL . K iZ AL ] 5 MADDPG 545 4,
$ZH T PES-MADDPG 5%, i i 4 B se 38 560 0E 7
SR AT A L e AN P A, T L AE DDPG £ il
BOER AR T L. B R Re R E Y 2, T ISR
WX 26 0 S R MR B K, RIS, T o 48 IO 4 B N T R
(LR PEIE K, 28 (1 2 B th 2 2R MG, IR &2
F BE S8 OK. BRAR EVE 52 2% BE (R i 7E THIRZS 23 R] (1
K DA ok 22 I 245 )11 5 52 24 B D886, mT DR 1 7
AR R AR A 723 8], £ R A D 4E B, DL g
Wz (S S5 T — 20, i e bl 2 R R ik
B4 %2 4] FA MADDPG 5% 1) 52 44 .

£ Tk (References)

[1] Lillicrap T P, Hunt J J, Pritzel A, et al. Continuous
control with deep reinforcement learning[J]. 2015, arXiv:
1509.02971.

[2] Mnih V, Badia A P, Mirza M, et al. Asynchronous



74

=

5 Xk R

#36%

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

methods for deep reinforcement learning[C].

International Conference on Machine
New York, 2016: 1928-1937.
Schulman J, Levine S, Abbeel P, et al.

region policy optimization[C]. Proceeding of the 32nd

Learning,
Trust

International Conference on Machine Learning. Lille,
2015: 1889-1897.

Schulman J, Wolski F, Dhariwal P, et al. Proximal policy
optimization algorithms[J]. 2017, arXiv: 1707.06347.
Silver D, Lever G, Heess N, et al. Deterministic policy
gradient algorithms[C]. Proceeding of the Intermational
Conference on Machine Learning. Detroit, 2014:
387-395.

HAR, s, BT IR B RAG S 2T (1 H 302 B SR 2
T3 D). FERECR, 2017, 6(3): 29-40.

(Xia W, Li H Y. Training method of automatic driving
strategy based on deep reinforcement learning[J]. Journal
of Integration Technology, 2017, 6(3): 29-40.)

R, T, WA 5, 5. 2ot DDPG SVELE H 3l 2 30
(IR HT (9], THEEHL TR 5 REH, 2019, 55(10): 264-270.
(Zhang B, He M, Chen X L, et al. Self-driving via
improved DDPG algorithm[J]. Computer Engineering
and Applications, 2019, 55(10): 264-270.)

Levine S, Finn C, Darrell T, et al. End-to-end training
of deep visuomotor policies[J]. The Journal of Machine
Learning Research, 2016, 17(1): 1334-1373.

Lee D, Tang H, Zhang J O, et al. Modular architecture
for starCraft II with deep reinforcement learning[C].
Fourteenth Artificial Intelligence and Interactive Digital
Entertainment Conference. Edmonton, 2018: 187-193.
Mnih V, Kavukcuoglu K, Silver D, et al. Playing atari with
deep reinforcement learning[J]. 2013, arXiv: 1312.5602.
Mnih V, Kavukcuoglu K, Silver D, et al. Human-level
control through deep reinforcement learning[J]. Nature,
2015, 518(7540): 529.

Hernandez-Leal P, Kaisers M, Baarslag T, et al. A survey
of learning in multiagent environments: Dealing with
non-stationarity[J]. 2017, arXiv:1707.09183.
Hernandez-Leal P, Kartal B, Taylor M E. Is multiagent
deep reinforcement learning the answer or the question?
A brief survey[J]. 2018, arXiv: 1810.05587.

Palmer G, Tuyls K, Bloembergen D, et al. Lenient
multi-agent deep reinforcement learning[C]. Proceedings
of the 17th International Conference on Autonomous
Agents and MultiAgent Systems. Richland, 2018:
443-451.

Omidshafiei S, Pazis J, Amato C, et al. Deep decentralized
multi-task multi-agent reinforcement learning under
partial observability[C]. of the 34th
International Conference on Machine Learning. Sydney,
2017: 2681-2690.

Zheng Y, Meng Z, Hao J, et al. Weighted double
deep multiagent reinforcement learning in stochastic

Proceedings

cooperative environments[C]. Pacific Rim International

(17]

(18]

(19]

(20]

(21]

(22]

(23]

[24]

[25]

Conference on Artificial Intelligence. Nanjing, 2018:
421-429.

Jaderberg M, Czarnecki W M, Dunning I, et al.
Human-level performance in first-person multiplayer
games with population-based deep reinforcement
learning[J]. Sience, 2019, 364(6443): 859-865.
Sunehag P, Lever G, Gruslys A, et al
decomposition networks for cooperative multi-agent

Value-

learning based on team reward[C]. Proceedings of the
17th International Conference on Autonomous Agents
and MultiAgent Systems. Richland, 2018: 2085-2087.
Rashid T, Samvelyan M, De Witt C S, et al.
QMIX: Monotonic value function factorisation for
The
35th International Conference on Machine Learning.
Stockholm, 2018: 6846-6859.

Foerster J N, Farquhar G, Afouras T, et al. Counterfactual
The 32nd AAAI
Conference on Artificial Intelligence. New Orleans, 2018:
2974-2982.

Lowe R, Wu Y, Tamar A, et al. Multi-agent actor-critic

deep multi-agent reinforcement learning[J].

multi-agent policy gradients[C].

for mixed cooperative-competitive environments[C].
Advances in Neural Information Processing Systems.
Morgan Koufmann, 2017: 6379-6390.

Schaul T, Quan J, Antonoglou I, et al. Prioritized
experience replay[J]. 2015, arXiv: 1511.05952.

Wi, B, PRIZ, & ETEME R AR
] L] (R 5 A 27 ST TV ). 42 5 WK, 2018,
33(4): 600-606.

(Chen X L, Cao L, Li C X, et al. Deep reinforcement
learning via good choice resampling experience replay
memory[J]. Control and Decision, 2018, 33(4):
600-606.)

Brittain M, Bertram J, Yang X, et al. Prioritized sequence
experience replay[J]. 2019, arXiv: 1905.12726.

Zhang H, Xiong K, Bai J. Improved deep deterministic

policy gradient algorithm based on prioritized
sampling[C]. Proceedings of 2018 Chinese Intelligent

Systems Conference. Singapore, 2019: 205-215.

fEE RN

T8 (1978—), T3, ¥R, LT, NHEEEM 5

NI H S 50, E-mail: paper_review @ 126.com;

KK (1990-), 55, ldAE, Mgkamib s> N DR REM

fiff ¢, E-mail: qdjmzb@qgq.com;

W5 (1983—), 5, tl 4L, Ndamibr>) | B RS

[EEiRA

[} 5%, E-mail: citizenliugiang@163.com;

MR 5 (1985—), 39, B8, flid, MFHLAS 2] ik

FHEHS 5 H AR EH 7T, E-mail: 383618393 @qg.com;

¥4 (1990—), 5, Wi, MEHLES 2 ST A,

E-mail: 978008436 @qq.com.

FrAEmAT: T )



