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Abstract: In recent years, there has been rapid advancement in the application of artificial intelligence technology to sequential decision-
making and adversarial game scenarios, resulting in significant progress in domains such as Go, games, poker, and Mahjong. Notably,
systems like AlphaGo, OpenAl Five, AlphaStar, DeepStack, Libratus, Pluribus, and Suphx have achieved or surpassed human expert-level
performance in these areas. While these applications primarily focus on zero-sum games involving two players, two teams, or multiple
players, there has been limited substantive progress in addressing mixed-motive games. Unlike zero-sum games, mixed-motive games

necessitate comprehensive consideration of individual returns, collective returns, and equilibrium. These games are extensively applied in
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real-world applications such as public resource allocation, task scheduling, and autonomous driving, making research in this area crucial.
This study offers a comprehensive overview of key concepts and relevant research in the field of mixed-motive games, providingan in-
depth analysis of current trends and future directions both domestically and internationally. Specifically, this study first introduces the
definition and classification of mixed-motive games. It then elaborates on game solution concepts and objectives, including Nash
equilibrium, correlated equilibrium, and Pareto optimality, as well as objectives related to maximizing individual and collective gains, while
considering fairness. Furthermore, the study engages in a thorough exploration and analysis of game theory methods, reinforcement
learning methods, and their combination based on different solution objectives. In addition, the study discusses relevant application
scenarios and experimental simulation environments before concluding with a summary and outlook on future research directions.

Key words: mixed-motive game; game theory; reinforcement learning

#2818 (game theory) f -7 17 40 & AR HORAB VIR L SOBLABUN 4RI X% 55 A 2% (zero-
sum game) [7 /8. 20 40 50 44X, R B von Neumann 25 N IEZUIR H, AR TIIZRRAURMEE (HFER S &
HF4T49) (Theory of Games and Economic Behavior)'. Fifi 5 i [A] (O HERS, 250 @ WY R B AL B A28, £ 75
5t BT PLL R SRS M 00, Nash 42 1 1 99 3985 &, BIZE 2R b A2 5 B BRI S R g I, WA W]
LB B [ LR SR SR IRAE T . B, B IR T R IR IO A T 2 R, AR
ZEP PR MR E A 2R DI R I B AU AR T SRR TR, SRR TR T e 4. IS
EMN S N FEBUA S, AR Ttk 2. 27 A& 1E S REAT N, TEAEY S, HILR T 7
YIFHEAG R AR S S 4 3R BAE, IR IRIE N TAE SRS THEAURE AN AR 22 A0, 5 sk i, 128
WHIRBSMNHAIEES, B NRANTEMERF 2 2 681K R4 (multi-agent system, MAS) Je 5% ] @2 {7 &8 H [
T HFN

AR, N T.86E (artificial intelligence, Al) A ZR ISR DA RIS HAE S FME S, GiETERT =, &
FARAA Tl b . 7500 R EIAR d, DL OT, g3 C 00 g ERrg g, Dota 2™ T
FZEHAE R EE AR DU TR (2 N) FFUGZE R, A T2 A0S SR RIS R R L IR
>J (deep reinforcement learning, DRL) Fl F 7% (self-play) ZFHiA, ¥ N TR BRI IR T IEM S &, mE&AT1S 5 6E
PRAE UL B 37 5 (R BB % 14 B Bl A\ 8% ZOKF. Fak, EG g U0 A T, pLas A
ARG SE AT 8 00 L B 4 5 22 B Re AR pbig POy 23 iR BRI 7T 145 22 28 R A e e B PR R — B — A, X 2K
R EA AN EZ NFIEEHSE (cooperative game) [0/, T B REASILE— N R R, FEETH
1E5E B — A 3L [ H #5.

T — IR A 182 (mixed-motive game) 375t T, AHH A IR IE /S HE P24, AF5510 13 PVAN | 5 2 g 2704
RLF, AR T A AR 12 1) R, 28 0] 0 rp /N R AR AR S B 5 B8 R e, A b3 B H ) N R A 4 T TR
MIBEIR . AT BRI A5, R R MR EF R B & FIWGaE, EH R R RN EWE, IEBEFRBA T, &%
GNP BT AE T A AL 2 VO R AL RR RS E . BARNR SR s T I I T IS0 A, (HILA 7T TAEGh =
FRGNEII VRSB P B A A9, o T2 T 2 ) AR %) 5 S 1 A T AT SRR AR R I R R A, R = R
A MBS FE; PABRAL 2. 3] (reinforcement learning, RL) A 2R 18 AR SR i 5 125 B2 F 204k O 1R g i 7Y
AR U S A R I VS LR A e . AL, TR TS R ek A RS B AL

Hil, DABZ N ZHRAERG . 28 a8R5R1L % >] (multi-agent reinforcement learning, MARL) FI1# 251 4H
KRR CEE, WRARWMAEE T 2. 1k, RTZHRERARITII TN, £ ed RERAE — AW 152 1)
5E N, TEIXAN 1A BB AR 22 IEAEREAT ORI AN 4 Y. B AT BB 4A S BN SEZ M S0 2R Bk R G £
ANHH EAR A R BB SR SR AL H AR B HAT R AT S 10 R 4L, XU R E 2 B ARG R, B4 B ARMF
A, BE W A 2 P — e TN L B AR R SR A R LB AE (distributed artificial intelligence, DAT)
) — AT, ELIEXTR RE AR RO SR S P RS ST RE SRR 7 PO, B Ak, — 5 N TR RE AL AR
EANZ IR R KGR TAEW IR T 8 A8k [ M BT M 1 450, LUK ek 2 TR 2 75 Re i gk 47 18
BTN TAEMER I T 34210 5 Fh AL 3R (agenda): BIHTHERL AT, SRR, UEMS/ERLA
FEGVER Y, 5 ST 2 B R A IR 2 S (I 7T 05 1), AR 5K TAE X 22 8 R A aRAK 22 o 1 B AR R SLIE 23 JAT T
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LR, RIS T T EAMIE T R I GRS A AR EAeTE AR U LIRS BUES BRI PY, 5 8 53
OB R FZE ST R SRR BE L 20T 22 2 B A DAk 2 ST B BB WSSIVEREAT 43 A, R0 = T LARAR D
Ky e s 4R Fh 22 30, i A #3023 31, PR T I 2 B e R s b 22 51, BT SRS 1 2% 31 7 ¥
S S o B FEIRIE 2 ST HR ST, X V22 43 SC 30 38 43 P B8 B, s AR e i BT, iE R
>) O3 g Ak 2 S AT et COVR iR Ak 2 SRR R VO B AT T AN FER A 4 LR, 0 T IN F EA
RN G IR KW 2 HR S B R S IR EE A B RN FTE 1. TEIX BT, 25 RE A H 80 I 21 2145 (1 358
MG B, I B EAE AN 0 R R v SR, T K i) R FE 4 U B T 2R AT R e S S R A U0 et
IELARRR e eI R, N A BRI N ) f B, B RT3 E T DL 2 B8s . BRIAF, 2 ) R R RS
FEFR A 00 B BB 25 T AT MR 7). S AL 2 5 oG TR R 2 S IR BB 53, B T AT 4 25 S R B TS5
P AT . SRR RN IRAN SOV (1 BRAk 2 ST IR 5 Rh ol B 50 2 OV, SR S) AT AR I SR S0 EE, E LT
RIS SO, FHE M A RREE I R . R R B, R 5 R4 SR A 5 o R M, I AR 1 I 25 143 AR
BEfRRE . AT 55 MR R SR R B, BRSO T R R SR AL 27 ST T BE A ECRAR T B 1 A, SR ST AR R I 53 S0 B
B Re AR 22 8 RE AR TR AL 2% ST B AR BERT M T EIR RO VE R 4 AN E 1 5 AR R A N ARSI S AR R P AN 5 Tk
AT 43T 0L SRR, AT SRV AN 2 B e AR Ak 2 S B 4 A i giad S T T R R IE Y, O e
B RGP AT I AR, 253 S ERI2E 2B 5557 TS 45 B Al 2 8 e om0 75, SR )5 At
I S B3 B, BTSRRI AL G 4 B O HESE 7 T B0 Pk R 7 pr Ak 2 o0 . 2 8 Re A TR 2 SR 2 B RRAR 2 3] (multi-
agent learning, MAL) 2 [8] )¢ 8 ), 5 —Se45iR S35 B 45 T ONIEAE T AR W, SRl ™. R A g™,
PR P g U [R 1 2R B R AR SR LRIR SCEE 2K SRR I 1 TR,

HR, DL SRR S 3 B 2 X VR G T R 58 SRR A R SR AR B A IR 9 Jie, R 2 X6 A () SR A8 7 3 F 0 8 R e A 55
FBIRE IR, B2 XA DCE Y AL B R R SR 2R 5 X A 18 R, AR SO A 12 1] R gEAT R etk
FRERAN 47, ARG A% O, 456 B T BRI SR 5, 3 S 4R & 1R B e L5 4528,
FONIA AR5 B 2 S ) 00 A8 7 02, M RS SR RAE . 358 R ORI S AT AR MR X7 658 AR5 R
AN HTRE TR A R RS SR . DDA Mgt smAE o) LRI 456 ISR A 7 AN S bR R A,
I JE X AR R T TT [ AT 4G S R .

F 1 HHRGER L FENF R SR

pe3 R ik
™ o B AR 2 G TN T B AT 5 S, IR L S LR
SRIEERG TR TEE LR
SRR ARG IIIE . MR AIEE WAL I 00k . MR RE . & B Ak ARIaLE . L.
LEE FLpp) Ll IR R e e A =3 RN i
5% 0 2 9091 I TR L . B B PRROIH . Pl [ R F P 2 R
SHRAREAN R TR
R A I e B R R A SR AL, L% 5 A 2 [ 75 Bl W AT
e S] ) Wt 2 0 B ) 25 4 (1S A B WU
e ra g 8 T (LIS T S50 [ SR 2 ) J7 VA e A B T 55 4 3 4T D SR
L R Rk 3 5] 2R ﬂé%i%m% R et JeEe e

IR S B BT R AR A A AR 5 8 A A ) ST gk
v R AR RG2S LI T Iy, AR ER BT R . #5
04k foAe Y 24 5] oy g Rk 36] 24 5
PERBRERFDNERE™ Cry e e SR SRR R . & m AR

o I T O 71 0 0 AT e o B 9 7, 6 A7 2 S
£ ¢ FARU %
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’ TR FURIL 2 2108 2RI R K I B ) LA AT 51

RESUERE S S PHE M R AR R R . Rl iR B EL LML, I ANIR
IR LR FEBEAT £508 70

MEAE RE PR 22 B e AR iR A 2 3T 1A AR PR S BT R T iR AN E AR )
PR NLEENHL SRR AP 7 AT 20 W AE 4
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R HRLERE MR G 1A (4h)

LES LRI ik
ZEREARRAL LSRN DR ERIR RGNS, 28 R AR ST T %, IR iR A
JriE SRAL S ST AR
LR INSGEE B2 R AR Ik, TSl 2R R R BR LS S N2 R e
o EL PREE 3] Z R R A

R AR 2% 3] SR Eg;ggﬁ?é%%ﬂﬁ%%% FROMHT AR 22 B R AR AL 2 ) SR AR

ARTCHG 1 AT R A TSR IR U 5E L5 7026, IR AR T SRR B8 2 59 4 I SR 358 3 28 S 2 ) il
(IEBETTVE. 55 3 T VAR R TR O RE S AR AR B b, RS a3 . ARSCI9 M. i RITHmAEM S, Skt
AMAN RS B RAC AR RS DA BRI A -5 SR A H FR5E. 28 4 114508 H T CA A MU ZReJ7 1%k, ik 2100k
CARPIE S B T55. B 5 T AN 7 55 05 53R, 56 6 WA iR & 2R M A Bkl 5 A . Bea
557 VO SCHAT A e a1 TR,

3 IR SRR AL & FSR 8 H A 5. MR S0 RN

2 R IR / it \ / AFEGEPESIC \
éﬁﬁﬁﬁ%ﬁﬂﬂﬂﬁ 4 o R 2 T - fil N EPS2N . ARk
SRR | i R SR T
TR TR E X EEET
— 7R A R g E:> A licad K
RORARAE A lphaco KA b (SRR e 07 SR8 RLCard,
};j”i{:i_;ﬁfgss Werewolf game. SMAC.
A T HLE Do GRF. MPE. MAgent.
R AR > %EE;D;’)‘:Z“O K j SMARTS. Neural MMO
L — o o & -/
: 75 6. Fhik 5 K
FEAL 27 BEHLI T L o Pedl 5 kR
o g 2 %5{]‘?%@02—§11p};?5tar 4 R TR R AR TT 15 1) s 2 RIS B K
N || penaitre 2) WFEAE 55 LRI A
Y Gminsr | | i) 3) AR SRR AR
AHE— L Wik ik EE
. 4 o~ 4) IRPEM L T7 R BB AN TE &

5) FEATIH AR
6) SRMGIZ AR AR 1 55

SETIE

BT AR SR £ # P

1 BEEFEEEXS57HE

SRR ITA 2 5% 1 Bk B SOR A R, M (A W 0 5% 22 N/ 2 AR RN ZRH, ASR/BA
(K125 5% B 2l 2 52 A o SRR 37, — 5 WAL R (K93 om0 8 2 S BCH A 7 Wi et 2 AR s/, TR O 2 S8 4 R GE. T
AR X 5T UL EAE IR BRI SE: 55—, 2 5% MU A BEAS 76 2 A0 ), R 56 4ol BRI 7E
R R R DS IZER R, 30 S 58 TR A L5 G, T GE AR E & 1R, I H2 B A A2 ]
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(K T R AR AN FLUR, TR G TR R 1B B AR USRS 2 TR — M, T AN 2 R ANEH A0, AN [E 1 2R 25 L i i 2 e
FRAE ), —J7 W RGN EA — 2 2 S ECH A 7 Wk 2 FIRIRD, BRI 25 3% 2 B R B AR AIE T
wlRett; fJa, IR R R T 51 KIES 53 2 10 (interpersonal) FIUL AR 28, AN 45 5] & /4N N (intrapersonal) 0> P
MR, 558 2MBAE T — I Z NAZEBAR LT G2 554 RIS, T, oA LA 2H IR & 1R ) e X

EX 1 (REHEE). —MNMEAT IR AT AR N =I0H < N, A= {A}ev.R = R}y > ™

o GRS SHAMES N={1,....n}, HH n N AR R REE;

o HIRFMET I A=(A,,....,A,}, HF A R i FIBIEZH);

o WHMRHR - A-R, Hh AR EEREIEMT RRF A=A, xAy x... XA, ;

o BLERREL R, (MOR RIGH RERRIG IR, AT 3 R, R AT R AH.

TR B IR N AT R, T S — AR E R B N T BRI, B R E R B A YR =0;
MXF SRR 8, B AR R B R, =R, = ... = R, . IRIFLL LR it g5 i i ) S A 3 ER =S E 1 T
FRPE, T UK 25 o) BRI 2y 9 52 415 BA#ZE (complete information game) A58 415 B #2% (incomplete information
game) L. 5E A5 RIS R IR IEZEI AR, FrE 25 8 Be o 2R B (5 RS WA 5240 7 M H B R A
SEME B, N AETE A4S BAEER. Hk, X T 4R 1) TR PSR I P B AR R], AT UK 2R ) B0 N ER S 2R (static
game) FIZ)ATEZE (dynamic game)™. B TR RI8HTA 1025 80 RE 1A R 14 B8 30 1 i A i H At B R A 1) L
EEE, SRR RS 5 H IR BAME AL G INF, HAanT 8 e kR s e Bt o siAa 3. &
J&, WRAE 25 2 5 5 A 1A 2 75 0 o0 1 LA REAAS R B 47 D B3 SR, WT DA TR 1) R 43 9 5 3R 5 R EEE (perfect
information game) FE52 3545 B4 2% (imperfect information game)™*”, 58 385 BB 5 R W BT A 18 25 2 Be A4 4 1 i
HARE GEARBIBTA AT R 01 52, AEE A CRAE L 58 4345 B0 18 HoA 3 BB AR I sl VB 42 & B B i AU S 1 4 5 0, T3
56T DA TR I F AR Be R e ZR B AR SE. T IERA TR A BIR A T ZR R B LR 4 ML SR Bk
FEfdize, yRaUdge. DU e BENLIZRAN o 2. 828, “P3ipidige . A IR s oAb g 2 e L.

11 EMEEZE

FEREEZE (matrix game), X FRVEFRHEZIEZE (normal-form game, NFG) 8 fi§ % =018 2% (strategic-form game,
SFG), /&%t 2 A8 Be AR B 8 FL RV PR R . bh T 5 058 L AR A, R 1R 20 P R ok 58 42 15 B RS
TR AL B o, FRATTN 2 DNRREAR 2 ANBIER 2% 2 IR G128 0] AT 70 A, 18] 2 MBI AR R IR 2, Horh, & R
135N ay, ay , BREE 2 B11EN b, b, .

Rk 2 B REAA 2
b, b, b, b,
.. a, ri(a, by), r(ay, by) r(ay, by), r(ay, b,) a, 3,3 1,4
R 1 AR 1
a, r(ay, b)), ry(ay, by) r1(@y by), ry(as, by) a, 4,1 2,2
(a) 2 BHRE A 2 B (138 FH R 1 2 (b) GER 55

2 2x2IRETEIRIERE

P 2(a) il A AT R AR R B2 7E FH 2 x 2 FE BRSO TR A 1 2R ) B, thofg V22 AN [R] 10 S 2230 B0, o
53 44 M INBE R B (prisoner’s dilemma) 1825, 41 2(b). 4 ¢ A4 IR 5% 10 7 28 J IR DA K g8 A 3 46 16 o Ak 7 J5
ghEh B R IT.

IR PEEZE (repeated matrix game) SEFEFF I ZRIER P A2 T B, RRH A EE S 5 R G 5
TEZEA BRIk EE TR . 754 R E S T, 258 ek # mE g gr 2R84 BA R EG 4, HF BT 2
KBS G ZEEE R, AT R R E R, 2 58 ek MAa TR EA R0 2. MR TR 40
FEREIZE < N, A = {AliesR = Ri}iey >, TERE— N Z 1 =1,2,...,7 W #&SHHAT —IRIEZR R, T 26 REE LR
. MTER—P ¢ Lk BEahiE FIRHE, & Be ik 2 AR I5 S5 /i I BT A & R s (E D B B 1 = (a, ..., a""} AT SR
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W, Ho o=t = {at™, .. a7 Ros n DN RERAE 1 — 1 N ZI RS SR . 1P 2 2 RE I 2R AE AR I BT |
i 2 a5 B, BIanE 2(b) 1IN GE R 5 1 25 78 3 2 A FRUCET PRI 52 2 44 107 BT 2 R B (sequential

social dilemma)®"*%,

1.2 ¥FRAEE

¥ JE U1H 2% (extensive-form game, EFG)™ X ji| T F3& A4 R4 2E, 32 S0 & 14 25 0] B I 2 o007, % et 2%
BRI P FE T R S 5 U, DR G388 1 FH R A IR 58 {5 BB S HgR iR . TR 9 e AU R E X

EX 2 (I BREZE (EFG)). — 5 4(s By R\ ZE v URR N ITH (N, H,P,AR = (R} ey) :

o ZEHERIRES N={1,...,n}, HF n A GEARNBREE;

o ZEREEIRTI B (history) SEH H, — BT SR — N R 43 02 35N B AR B B 1, & sl B4R &
H Z FoR;

o Z5HGIRINYSRINT, 25 N P(h) RoRTEDTE h e H JFRHT USRI Rek;

o HIRAMEZR Al A= (A,,...,A,}, HF A HEREMR i BI1EZS ],

o WEHNRMR :Z->R, Hp Z 2SS H P AMASES.

B 2(b) B TAAE R 55 1) AT I Ak, R INGE 1 AT vk, INAE 2 JG AT ULsR, T LUK Z A B 1 2R AR
NERY EAMENHER: (1) S5 ANES N={1,2) NINGRE 1 FNGE 2; (2) Ji BEESH={o,UE),EA),
(UUBR, UUER), (UUER, H ), GE AL UUER), GH AL )} &5 7 B sk, 20 il BTG T3 58 @ B 2 AN 58 i R [ 2%
RPIE; 3) 258 RRAR B PRSP, AR 2 75 038 S A R SRR REAR BN EFT Aoy e R 5 EAHE R RE BT B
AIEZE: EREEFRNGE 2 THRERE 1 EFNIIE; 7 E BRREGE 2 AT AN | EBENsiEDSE 2 A
A4 A2 TR B R AT TR S5 (4) 2280 R B30 0 PR 2 v ) DN TR B A ). BT o, T A 50 N — o 7 B T 00 ) e 2
(game tree) 5 AT RR, WK 3(a) AE 3(b) Fiw, HRER AT ERER, B TR TI—N KT A

A% 1 [NFE 1

[AI%E 2

e (UUER, DUBRY [ (TR, A [ (HA, YRR | JHA, HE)
UUER
UUER 3,3 3,3 1,4 1,4
G.3) (L4 &) @22 (3.3 (L4 @D @22 mE | 41 2,2 4,1 2,2
(a) FERAF B R A ZE (b) FERAF BT R I (C) 3 FR 2 %] I8 f) 88 24

SRS W N R S PSS e

EFxtoe EAMAESE RS B, W LAGI M5 B4 (information set) R REF IR, BHEAK i 0—/MS B [ KRB fE
PRI I —ANME S, R LT A (1) 1 IS SR AU R BRI AR 1 BUARSET RG (2) iERIAE]
PP AN RS B, B BB AR ¢ RS AT U T R AN ATE BARAE M — AN A L Bl dE I 3(a) T,
BE 2 B BAER Lix) A Lix), BT HRE 1 MR, Rkses THRNGE 1 FshEER, Ase s BIEEE; e R 3(0)
o IAE 2 BIME B Dixg,xs), B THE 2 AR, WA TN 1 BshiEiksE, A5 BIEZE. BUR R
5 RS B R EIE, BIIINGE 2 BIEIE {DUBR, 0 A RRER BE i, x) b, xp R BIEFEDUER, x5
FE A RIEREE O, BT ] DU 3(b) 8 R IR R AR BRI ZR R, A 3(c) AT,

1.3 DIMtHriEZE

DUt 2% (Bayesian game)™ ' FH SRR 75 AN [F) B B A (M AR S TR, DR A7 237 5 R 20 BB A4k ORI 26 78
TEIRZ WA HIE Y, BT LA A SRR AR 52 45 B 2R, SRMEEZR4 SR TR IR e 215 RHS I, 598
KIGFRLE A IR R 72 45 Bl AR, R, A TR A28 DU s 2R 00 .

ENX 3 (WMEHEZE). — A W s 5 i 8 mT LRI IGH < NT = {T iy A = {Ai}iens R = {RiYiew > » 5 7€
X ARERZZEINT R T S
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o BIRERMIEE T = {Ti)iey , P T NBREMR 0 B

BT, MR pi(riln) Fom B REMR ¢ X AR BE AR —i BT IO HERTRE SR, Tt T AN R R B BE R AE 2 5 1
GRS 2P AN R BB AR, R BRAR AT DU T 2. B, 525 44 B0 T 65 TR e e, SR ) A il 08 3 Er
AN S T7 5 R I 2 RS RIS, 2 AR DUR 4 FhRE RE SRR X, 18] 4(a) s, RIS 15218 H W7 0
T8, 1M 2 B p BRSO, L1 — p RSy, BT ARRHE Harsanyi 640 B4, 51 B 48R A A4 T LUKE iRl 5 4
5 R R e A5 B R 8 2645 B 2R, HIEZEM i 4(b) s, KRR RIETEER, & 1 Axng
CHARERER 0 HERIRT S 2 MR, 15 2 AHE S 1 R mE— sl {E.

JE-1E | zpr E -5 | e v s » FARZERER O ——
| 22 | 2-1 ZE| 2,-2 2,0 92 % S8
k| L2 | -1 e | -2 | -0

wm | e | e M| e | we

e | 2,2 2,-1 el 1,1 2,0
Wi | 0,2 0,-1 #E | 0,2 0,0

2,72 2,-) (L2 L-1) 2,-2) (2.0 (-1,2) (-1,0)
() JE 85 DU S9r R AR R T 2 (b) &3 DU IR () SR 45 1

B4 DU S 2R AR R n R SR 454

1.4 BHEHLIEZ

X 5F LA _E R 1 2%, BENLIBZE (stochastic game, SG)P™, AR N 5 /R 7] K1 2E (Markov game)™”, 5] A T4k
A (state) MIHES. BEALIEZR R B X R S IR IR, B — R VM B AR, J b i3t — N Bep O I Beie
¥ (stage game). TE—MFE W BEGEERE T, B— 1S58 82 R AT 0K, ARG RS T2 3 R 5t
HER BT —ARE, REEEZIHE, AT TR EE A R R B R AR, 5 iR AP B U ek AT 4
M, B R USRS BT B, N, AT BRI 2 3L

EX 4 (FEHLEZE (SG)). — M BENLIEZETT RN ML TN IGA < N, S, A, TR,y > :

o ZHHBRIRES N={1,...,n}, HF n AR GEMAN BREE;

o MRS T S, B— M B A THEMFEIRE seS;

o MEARMIZNET N A ={A,,...,A,), HH A R B,

O REFHHMET : SXAXS = [0,1], KR UFVKRE s e SPATIE BN a e AZFHBBI T —IMRE s €S
I

o WHMRHR, : SXAxS - R, K R ZFREMA i 132

o JrHIE Ty e [0, 1), I TiH5 SRt 4k,

R, B — AN BRI RS 7, c SX A — [0, 1], (EHERATE IR T HHEEE TR ES, FFH KT
MEHR G =E,, [Z;’V’rﬁJ HE G, =E, [Z:Oy’rg] , Horh e ORI RRAE i 7E ¢ P2 TR B AL EL. 4R, BEALIEZR AN
IR NS — s AOARALE, 78 3L 4 1 N R A L 45 B%),

b, RN A LS oL b, B ReE I A Re 4 T IR B ADIRESE B, R BeHUl 03050 W (observation)
B R, REPNE B Y T A RHERPIRES DL ARSI E I — B R 8 45 B, TRATRRIXFR SR 18 25 3 4 ]
ML I BE KL 2% (partially observable stochastic game, POSG)P*%,

EX 5 FRA NI BELIEZE (POSG)). — &6 PIAI RIBEHL 2R AT AR N LA R \JG4H < N, S, 0, A, T, R,
Zy>, 5% 4 AERZ:

o FHARIIILI 27 O = (0y,...,0,},, HH 0, FFHReAk i B =3 [a];

o MIMEKEL Z, : AxSXO0; — [0,1], RARPATEEINE a € ARNRE 5 € STER R i WIEH 0, € O, M.

BRI,

hu3

HEM  hitps://www.cnki.net
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i, LA B2 5 (AL R 5 SMARTS A5 A 28 BE AL 1 25 40350 4 vl 0000 ey B ATL I 2R 282, dnlsl 5 oo, 1
Fe R Rt | (A OSRER) WRIAERMAGEE, &M OBIR. BOZEM, 4206E REERFBDRE
s. ZE a; N E NS, W 5 B EEL R EATEE AL NS 58 RIS RN BT R, RE IS
AT ARy, W BEORIBUR) Bk B RSO+, R T RSO -1, EA S S LN 0, FRHERE
BIERB R —/ MRS s, FFEE IR 5350, ARG AR TR R A E R, R 5%, R
HE UL 21 B B J& Bl DX 38 0 B8 0015 B o, , TR 4 LI 1B 2R 28 B g 380 23w 0 I () BEATLIBEZE (hittps://github.com/huawei-
noah/SMARTS).

K5 BEALIE SRR 7 rOUIN B AL I SRR Bl 3h 2 5

1.5 HpiEZrRR

B T UL 22 S SRR DASE, 3 A — e AR A LA P 5 SR — SE FRRR B, S EE SEIN [R) A S B 1R
] B A PAC IR, T LA IS f 5125 (differential game) HEAT 3R 1 Y. Jorb, 22 53 i S 4y T7 R 4
], XTI T 25 2 R U aR e BRE I 18] AL, BN 2 5 I H b B TR BRI A4 ) AR
B AR .

FE—SEHE LT A T RES PUECR R 2R 19, 51N T 3518 2% (potential game) ™ (UM, (BE A7 E — A4 R I 34
PR HL (potential function), 875K T 2 5 2R BE 1A 122 54 o0 KOS RE R A 8012% 4 =) 345 R o, o 1% ek Bt B
SE A RAL A AL AR B — AN RE A ot (RO FE M. DRI, SRV 345 R B ) S KB A 2 TSR 1 17 A R RE A ) 22
SR, XK KPR TSRS

FER B EUR N 2 HEIE S KT R, 7T LLE P23 185 (mean-field game)™ “THEAT R, HAFFU M2 1E
HESEIN () A SR 2523 18] AR 2 18] AOAR LA R phe S8 1 . KL v e SRR S I 1l o0 7 R B B A5 R ST
AT TR, TR SRR IZ L T R B8 R 48, W LMS B AU HNG. 2B i gR s, TR eI sk B2 32
FURFAR T IR0, T0AS R B 32 B HA AN 591 8 RE (A A SEMEL, AT T DA 207 e g e 8 B R 508 S 1

Fiob, WFEI SRR A A AL I BRI S A R T R B A 2R A AL ISR (evolutionary game) ",
AL TSR IR AN ORI 258 RE (A2 S8 A BRE Y, [RLL R RE 1A AT BEXS SE AN DL IR B AT 2. R 771 b, iZ IR 0F AN iR
P —ANERAS RO I ET AR, T /E T B AR R AN PR AE I 1] 248 P _E A AR A Bh 2SS . — R A 1 0 O 2 Tk
(selection) FIZRAZ (mutation) FEAT B AR AL, b FE2 F8 A I 24 AT [l 35 452 vy 1) SRS CARE 51 58 22 BRI, 1 5%
AR BEATLIEAT PR 2% U1 42 B g 4R 3 S A 1 SR . 53 b —FIAR A &, A1 28 (population game)!” " U B8 G
PR 1A 248 2 AN 2 TR ROAREL AR Y, AR AT LIS I e £ 4% 1 IO SRR IRAT RO, BETT P E 1 BN AR I A1
FErP IO BRI 25 0 S R T T AR AT A AR T A Rk B AR R R AL .

PLEA IO RZE o A E . DUH-HrigE. BENLIEZE RGO 2R 0%, 3 ige. EiLigs
S A SRR AN B AR 2 BB A 55 ANAR SR 7 i L) LR Ak i 2R S Y, oAt mT e A7 #E 1O R SRR A A
ASCLZIRTE I, R A AR A R
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2 EFERAE

DA b BR85S T R o B S R i P R, e A EL B BT Tl A A RO B s ) il e, S, Jlad TRE SRR
P — bR SE R SRR S B S SRR ROWF R, AR B G A LS s AT XA R AR 7 R aCI SRR AL
TZRAE JLAN R WL SRR A RS T i
2.1 FEREEFEER

R o 1 2065 P T 2R R A (RTINS DR SR EL ELAR RS A3 55, LB TE T A A S 4 U, AN A D T
Ak i AR OB A, il DS L) o AT o SN R SRS 2 & R IS A W) 25 B 32 5 R B, AT A e 1 9 A
A S VY, — 7 B R R IR A R B I B E, 53— D7 e PR s kg 2 00 3 1, B 4
Fe 2Bt 53 B R A FE T BERHE 5 R B AR 5 b ), U T LIS S Ak S O b HE IS B 1R, i 235
JERAEETS Jebr 3 tH 2R BYRR 8. AT L, AR P SR (KRS R AR T ORS00 — K IG , A 1E Wi ak p 4, 3
TR L U AR 2 R
22 FRABEER

PRI Bl RO SRR BB A g, o, AR IR 1) s S AT WA S () S8R I . 12287 S0d
FERDNEPHA FSZARR SIS 5 DL — SRR ST k. T AT TR B AR A 4 LR e ST 55 (19 e X g A
AR, Wk 2 foR.

R2 TREAMR Y AR

. - RS BRI BN ESAY E4 et
iy R R R - - o = e T =
Ht—AlphaGo™ ~ — — N _ J —
73 )1 $p 72— Libratus™ N — _ N _ N
&1 $h 7i—Pluribus"” - N — N _ N .
3L 3 —DouZero!™® N _ N _ - J
JR4%—Suphx!! - \/ — \/ — V —

(1) FIHL—AlphaGo™. FEIMLHT & A& — Rl R AR A @ AR 30, FLME 78 1 P K i 3h A IR 45 23 1] AlphaGo
FT 2016 FEF 0 BN FEAR IR T 4 10 AL 8095, Bk g s i ge sdeasioy 0 .

o ZE5MEMAKIH 2 A,

o Z 5 BLAR I PN T: XI5 e

o A (a]: A BRI R LT RN E,

o MEREL BN 0, HRIZRMEAL B+, R H-1, HFRIEZE.

(2) &)1 b 5 —Libratus™. Libratus /& T 2017 &3 0 BR8N Fh w2 i s FF R 1 AL HE, T 2019 “E9 /B 5 6
A Pluribus!"”, B @ U gR g5 5 0t .

o ZHBEEREIH: 2 A\ (Pluribus /77E 6 N);

o S 5RRLAR IR 5ei;

o FNYEZS[E]: BRVE (call)s INVE (bet) FIFERE (fold);

o MERAL Wi I AR, AT RIZE.

(3) 3} Hi E—DouZero"®. DouZero 2= F 2021 4415+ 3 A - F e IT & B9 AL Sk, s vk =) 6 g K
BAE R 5 25 18], DouZero 83 PR mAD 7 20K 21 b 5 A BN R g, Bk i gr gy i .

o ZEHEEAEIE 3 N (1 £l 2 HRR);

o S 5 EAR BRI : 5,

o ZHEAI: AR X F. WF. =7 — CHL. KEFERAE N B RRIE 27472 Fh, TS VEEE I
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S RLIH;

o MR R AFAE AN BT T 3, — R T R RO, -1, AR TR A 22, IR A TR,

(4) WR#s—Suphx!"'). Suphx /& F 2020 FEFx H A BCK E I K (6 AT 5%k, i 2 AR 56 3645 IR,
Suphx I3 X0 JFRAF RS 2 B AR RS 4 Ar B 25 10 L ] A BN F AN ZE (B S A AT ), SR J5 A f
AR F B e S L, B e U g5 a4 77 N

o ZHFRAMREH 4 A,

o Z 5 BEAR IR IRIUT: PATBIEJS, A5 T8 FAd N 52 0022 M5 6 U

o ZNIEA3 I): 4[5 Tk 3 1 ELHE B AR/ Z A/ AL

o LH R B EBWERA AR5, AT,

2.3 BEMIEZAER

BENLIGZE S —FPEh A1 2E, BA 2RE . TSRS R R TSR 65 B Bk . & ik 53085
MIENAS S H IR R, |V AFAE ST SEIN S % S5 5t b, N LIRS FAE A 20 LR 22 307 S i B AL T 2 2
B FE, 03k 3 pios.

R3 TR R BN SRR AR

) (U gE| BRER S ESRA BB R B
E IR FENLIE 2R 5 -
BRI R i = Sk Bk &F =AM RA
b4 i2—AlphaStar!'” N — — N

Dota 2—OpenAl Five!™! -
T2 EEI—FTW!” -
A AE —

\/ —
v v
- v - - v
v v

2 2 =2 |

(1) 2 bR 8 I1—AlphaStar''?, AlphaStar £ T 2019 F4H 4 S SR ms iz xk 2 bR 4 &5 11T R 10 AL S, DL &
TP A B B T REAT X B, 13 s B FEAE TR RS A E S B . UK HH R K 55 2 B0 A 58 4 .
XTI B4 2 1) TR A Ak B 12 ) R Ak B S O 25 R ) R, LA B ATL IR g 7 = n

o WL 2] AL 512 4EMI SR @ i . 128x128 4ER/NHBIEIRRAE . BuZCIRASE B UL R FERARAS, Hh B
i 0K 55 BRI 5 SR AN 2 AR = ] B

o ZNET (A AAR A PATIER SEAR B TT . BICHAT IIBIEME . ZENEPATII BAR . B EFIZIEBAMN
TR BIEAL S HAT . R\ EEPAT UAKBATIIERR 2 R,

o BERHL RMCA-1, TRA 0, ERI+1, T AL

(2) Dota 2—OpenAl Five!"’. OpenAl Five /& T 2019 4E£F %t & A AELR A2} SEH 283k Dota 2 FF % (1 AT 532
LEFRAE AN BTILIEIEAT, AL 5 B EuaR, B DA SRt Uy Bt g 3Rk H 5. a5 X & Sk TRE AL b, 4% £
NIRG IR A A S VEIZE, BRI ZRAEZE, BARRENLIEZR @8y T,

o ML A A]: AL4E 189 /NSEAR T (JelfE. /N, BFEE, SBRMAIE 5 Bk, 8x8 FEHIEEE . 10x10
N EE B DA RTHRAE ISR 2, 221140 16000 ZEN

o FETIA]: WARRE B fE . B, MIESWENER — LA, HERBIUNT (delay). $ifReit+ H s
(unit selection) I3t FEl i #% &4 B (offset). HABNIE N TS, Bl A Hi st SIE R, BisEMA. W%
Pk,

o BH ML H MR (&MTE. SMIEME. M. JOfdR3E) MBS (B EA . BE,
BEPETARASSE) AL %, TR A 1 5.

(3) HE M2 HE I—FTW7, FTW (for the win) #& T 2019 54X 55— AFR 2 NS i S Bl T & 10 AL B3k, 78
R A, U DS ASRAS X 75 T8 2 R D9 3Rk ik B A SRS AR AEAS R Re i H i A PRI g, dd TR
A% 0] AT AL BA A VR 1, BA TR AT . BARBE LI R @i N T
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o WL [H]: 12000 7 [A) g 84% 843 AL R

o ZNIEZS[H): AHESCE AT SURIRIMA . AR AiEZsh. FRidfIBEER, it 540 4E301E;

o MERAL B 13 DM EARESI R — AN AR R, ARG R

(4) F& oL fE U™ 4dE 2T 2020 4R 2 NAELRSE B0 R T # R IF R 10 AL 5%, 5 Dota 2 K1,
LU ZRAE A BAEIALEEAT, AN BAAAT 5 A BSR, BUJ7 LA St 1 (0 Bt sk Ak E b 38 i TRE g A4 12 ) Rt 7 44
NN A VEZE, AR E RIS, BARREN @7 .

o WL 23 [8]: H 4 SREFAFEFI AL, EL4E 8559 4EFTn(E B (Tl /NEZE). 68 4EIFRIREE B 560 4i5t F5 8
PAK 6x17x17 2[5 B

o FEZS (8] M 3 M5 BARL, BFEshERS (Bigt. RIS, SMEPITIE B E . BRI E).
BIERETRH #5505

o B RRAL: ARYE 5 FMME EMEMB B E A, A 5B EMX (&M, 28%). SR HHEK EFh
. FETHL. BOIOBES). S5OiFEMK CEMESS). SRR (GBS, SR, ARG R

3 REAEEMMEESFKAZBR

TR RIRR RN T & R — AN EEE KIS 7 = (1,70, ..o}, RADNERE RIS 225655 [RS8 B AR 1 T
WL AT S ) 8 B AR WAL 2 R O 2R . T () AR A 3 I 8 AR ) R (B IEAT VT A, 3X B RO S5 A [ (1 g 2R Y
AR Bk, R R A b BB § RHE UG A LR R, R, RN SR AEAE B
PrinFEh G, For. MR8 H EIRIETE 2 MBS (solution concept) LARCRAR AR MRRITEAEMERANME—IE i . MR
SEbR R SCRA R v B ECE 2 ST IR 5V RE S ORIE DG G SN — RE WU ST L I AR DRIk, AR I b B AR S 1
ZEI R MR A B AR R A SR N R B SRV B v A L B Y ) A

G G AEIAE, BN B RE AR IL = — A2 R I3 TR B, P DA LU IR A of 2 e A 1222 4 o B0 K
GRS AR AR, B R M A 22 MV A, T LB R AR A2 T R R AR B KA AN AR Ui o d 250k B M)
i, MAEVR S 128, B AR T A 20 J ) & A AN 56 43R5 S0 m AR 2, DRIRAE 12 T 8 v 2
KR H AR, FEANE B BAR SO A AR ER]. NI, ASCR A 4R G 1825 b — S 20 g A AR A H A
3.1 A

A 317 (Nash equilibrium)! 2 2514w f5 i F 6 — Fh AR, th) B A vk 22 R 288 ol R g A1 3567 02 s SUHE
B LS (best response) A2 AL b AR 4 LA_EIBC A SRS € S0, JATHREBR 1 & REME @ 1O Ah R REAA OB & S
RIRAR = (e Ty iy ), AR RIBEN Ui(r), ISA SR & 5 FA R BE A 1) S T SR R SR BR ()
E N

BR;(n_;) = argmax U, (m;,7w_;) (1)

INAT BT SEME 7o 6 B AL I AT R RE A P SRSy 1S A R B AR SR ) Bie S L 7y = BRy(n,) . N IHD, Bl 14
AN AR E X

TEX 6 (AT, MR BT RmS v 38 CAERPBUBER 2 18] L, B MR B ¢ AN A SRS 7., A5
i AL -

U(n}, 7)) > Ui(n, 7", 2)

e A BN, A P4 R R SUAE AR AT — N BE A AN R 1 B g A 2 i T R 1 A SR DAERAS S
a, LA R A R R G R — DN E M. X T O I AR A, R — T AR (pure
strategy) Mk 5 SIS (mixed strategy) FIBEE. S15KIE 24825 57 K0 B BE AR S 2 A8 B /R 23 18] o — N e PR 30
T, TR & SRS & 2 AR 25 1) b i — /M3 0 A1 AT (VR B TR A0 S A7 1 28 /b — A4l SR B3 TR A SIS [ 41 22
i, N, FRATE I 4 FRREER IR 2 x 2 TR A TR R A PO AT 260 04T, A 6 BT,
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ek 2 BRefk 2 HREAA 2
by PRFE | by B by R¥E | by U by PRFE | by BB
a;: fRFE 2,2 3,4 a;: TRFR 2,2 4,3 a;: fREE 3,3 2,4
BHEMA 1 R 1 e 1
ay: A% 4,3 1,1 ay: A 3,4 1,1 ay: % 4,2 1,1
(a) 415 f#2% (leadership game) (b) FEHEHZE (heroic game) (c) FIFH 2% (exploitation game)
Bhetk 2 etk 2
by LER by A b, b,
a,: PUER 3,3 1,4 a, R, R S, T
e 1 N
ay 41 2.2 | .S | PP
(d) [N 5225 (prisoner’s dilemma game) (e) — eI

6 4 FUEERIOXTAR 2 x 2 IR 1 ZE R AY

TEH 6(e) T DL IR, VL | 4 PRI Re R it —MRIE R, 11 ik 4 P ZR R e Bk T, S, R, PRI
AW R,

o Y518 2% (leadership game): T>S >R > P;

o YifEHZE (heroic game): S >T >R> P

o FF1#ZE (exploitation game): T >R > S > P;

o [NfER 531 ZE (prisoner’s dilemma game): T>R>P>S .

FEA T TZE . SR ZEAA ISR, (a, : 0R4F, by - PRFF) H02 A PRGER, BN — R REAE SR IO AR /IME
M, BRI R AT . ARG T SR A SRR g b, B — AR B AR PAT SO R, B30 (a, : TRFE, by BUE) AN
(ar : B, by« FRFF) F ARG S, T 78 4003 28 op FR 5B BT U S TR IR AR SR m U i 4, [RLBLRR 2 9 1 2
R, TESEME T ZE o S AT R B, W T4 3R AT 5 IR a8 4, BRICRR 2 Sl 2%, sl i I, AR TS K
A AL 2 s SR e R N B A )T R R B, X 5 SR AR R A S Y AR K B SR R AN [, VRS TR 4 AR
R BB T RS XOT B E W . T34, R, BR (a, : RFE, by : BUR) F (a, : R, b, : AR FF) [FIFE
RGN I, (H R R — AN R ST PRI 2 5 5 31 53 A — AN AR AR IO U B8 1T LA | 3 R R R, RARE R
B REAR B [ B B 1AM R KWL A (I SR, T ELOHT 5B B A SR AN AEAE & IR SR B (dominant strategy). &
rh AR SIS 1R E S To iR A R B AR IR 4 SR, IR SR AT RS 2 b SR IO A S s B a5 . B, FEINAE
WIS, 7T LRI (a, - $2A, b, « $H ) RT3, (HXTE (0, - PUER, b, - DTER) SRIS BT A 2 Re kil s 41 2 2
A, B LA — P SRR, BRI RERIE B OIS R R R, (AR IE AR R G EHA— 8 R M
gt . Fr AAE IR B R, TGS (meta game) ™ R IBHE H B85 75 5 S (0 125 2 kAR piZ 1) 1, 51 0 76 T 66
PRI 855 oo 8 R4k 2 HEAT — B JeiEgE, AT DAFEAR 4 RhahfE: 1) IR ReiE | BT 4, BRIk 2 FREFEDIER; 2) Big
BREAR | R4, B Re A 2 FOE R O 3) AR REAR | L ERAH FIBNME; 4) A ARk 1 L HAE R MBITE. & etk
1 FRARE B Re Ak 2 1 4 PhBIAE 7 Ak AT BR L 2 40 B, AT A=A 16 Fhah R i Z B Jo %, AH G BB IE I 72
2 X 2 VR A TR b, AN B ) 0 T 2 vy DA o e PR 55 i A8 T 7 R 2 ) P AR 2 R Y R B I 3 A
R 1 S s 2 R, AE — L0 E T ISR 3 3 v T 2 B L, BT ATE R 44 (R A F IR 4 (tit-for-tat, TFT) VY s

BROGRAE S 1 WA A Y R AR AR - sE AR AAE B K67, 2l n] LR A 1
IR 58 S 4T (subgame perfect Nash equilibrium)®. UM 94445 (Bayesian Nash equilibrium)™ (i #E &5k
fifR, TAE W& 25 4 10 AR 58 2 A BEh S RS LR, SR 5838 N 367 (perfect Bayesian equilibrium)™ & sR 7.
3.2 tHAxthE

B b SR DA A RS AN HE R B, AT S8 72 2 R R B FEA — o B Ml g S, BRIk A B 5] A\ AH G35

HEM  hitps://www.cnki.net
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(correlated equilibrium)™*> [y g A 5 B 18 Bl A4 (1) ST LSRR AR D407 & S 1 B 555 1K 3 1y — AR 2, 7 L4
S J& — PR IR AR DI A0 7E B 6(a) RTS8 b, AR AR A 1 IR BRI 2 RILFRIR & SR IE AN A1
1, AR A AR 27— LR 21 (ap - 208, by - B G521, L, X LRGN —Fh B AR5 5 L, 1
WNZE R REAR 1R 2 HLYE BF LA 172 ROREZRIEHE (a, « ORER. by < B0) FHLL 172 BIREFRIE R (a, « U, by« TRER) , A
AR IR B AME 5 RS 1| SRR R 2 SAMEPAT, B4R R RIS et 394K, [RIFEH, 78
Bl 6(d) M INAE N BE e, B AEIR 1 A0 2 R 2958 I AT (a, : UUER, b, : DUBR) BO1E, Bikil ot T 91 A 2 4
(ar : 35, b, - ) . AHEC TGN ST B RO, AH OGS B AH S AR BAE X Fh e B A0 5 HEFF Ik 9% . 12
Kt b, BA R AR SR s
TEX T (FBXTIE). WA IS R R RIS AME A A ERER R a e O, HXMERR B Rk i
AFABAT R BNE @) , #6052
Euep [Ui(@)] 2 Buep [Ui (], a_;) la; ] 3)
U SCRT LRI, 1E B ARG T8 ReAR § ATBNE o, IS 55, FoA R Be A8 1A S I 1 S mE IR 264,
ReAR | EFRANME a, BB BL. 5348, W LA AR A P10 1 2 — Bl G Ha 1T, B AN R PR RS0 St gk A7 B 1 1k
B, X E ARG A S PATAT IHA BE AR BAE OGS B B — et A0SR R BRIX R AT B E o, MR, B REIE
i TooFAT T AN B SR HE, I HLARTE R B SR DASRAS B 1 SRR, I 4 ¥ 2 15 30— o BE N 5632 (PR R A G 1
7 (coarse correlated equilibrium)™ M.
TE X 8 (tHBEAE ST, W48 IR AH S SR g R FE IR G s/ E 7 (8] A BRI R a e O, HXHERK
R | A HABE R INE o), HLZ0H 2
Euen [Ui(@)] 2 Buep [Ui (a],a-)] )
MTE L, AR A R AT DU DA S A3 VRS SRS QAT I . A OGN . KRS A S SA HE E A
WSS, T B SR RN 19485 & PPAD 584 (complete for polynomial parity arguments on directed graphs) ®*1) & 24
JE, R T 2 NI G 18 253 55 SR MR 55 14 AH DG 24187 B8 28 RE R AR S 3 2 B A S B B A AN
3.3 ARFERM
T R FEH AL (Pareto optimality) FF-7E 19 22 WIHE H, H IR MR R IE L5 80R 5 7 Bt In) @ _- A% Gi gl - i 3%
FACTR 1) g, FE & 6(e) 1 INAE R B 5 1) R, 5 A R AR BT 35 (a, : UK, by - UOER) BRI A LU AL
¥ (a3, b, - 1) PR BE &, (EA RN 4. K T 0k, 0 Rt 2 18 Toik il U A = sh R B SR 5 15
A DA AN 2/ — AN R AA PR WAL 25 1T A 30T A FCA B B AR KWL i, e SO AN R8I KL
TEX 9 (MBRITERAR). — AW o W R AR FARAE T SRS 00 223G 00, A8 w2 i SRAER AR, o, i 2R
FE AR SR A SRS o Bl SR o 0 BRAE A, TR 2505 J2 DA A
VERER : Ui (m) > U, (o) B3R &eAA - U, (m) > U, (n) ®)
B, W FIR A A I SRR T DASR & 2R D — AN B AR IS AR, 17 AS B A AT AT LA R e AR IR Wi A, TR B8R
& RS LRI RACEAR. A I RIERAL IS BRI BAEHTVE (Pareto frontier). £ AR, BTG 1) SRA% &L
R RFERA, PRI RICRA IG5 S VEIZE 0 b, i RIBR A2 2R s AR i Hms, KA
T R R AR (S 2 30 AH [ (). T 2E VR & 120 e, A SR ATt T DAFH oK 5 38 B 8 8 RO A 2 ), B DA T SRS S g
ST, (EAR I BAEEAR, B RAFE SO 2 0. (H2 R ENE R NZ, 10 BIEs M 351 2 56 2 AN [H
MR, I RABR LA S AT BEA & — AN BRI 2 R AR 58 A B2 (W 3 e TR ML a0 (T 26 AN R KD VR 5 1 25 4 o rh gk
AT RLH, I 748 & AR SR AR B A5,
3.4 MEUE . EEBEARRBA FRKEB R
VA B VRS ZR RSV F T A S 2RI AR &, X R B A %o A A (R e HL R B S MR RS AR G, e
M RALIRMIE L7 E FH B RGIIRE, & AR E S0 A 25 (8] (2 E SR VR A T 48 1] b, B R AR A — g 2 400t
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B H RG] REAEFE R W, BRI B IR AN 2 DA DR B 1 2 ) . 6T, AR I N KA 2
AR 28 DA RGN 1 3 Rl R AR H AR, AR & A RAL S SR MRS, e, SX LSRR H bR 5 S b il 78U %
G55, AN KSR BV EREAEE BT, 58 RGN TEZE G5 AL BT A K.

B, MRS 5RO X (egoism)™ R B SCHK, F O R BN — T S, (O A RREUA RIOIE,
YERA NATENRIBIHLAN B b, W2 bl R A R Re ik B S e dE N A7 =X, ) O 32 SO Be fox itk T B Bl
TR AT S B LA R R AR N A% R U R, AU 2l B KA ISR AR H AR AE AN [F) B E Ak 2 1) 2 2 ELAR S Ma Al
TR, MR Be AR ¢ H LA SRS o, B AR ol B R A SR € SR

;= argmax U, (m;,n_;),Vn_ en 6)

ANHER I, 0 A R B AR 1) SR o A [ 5 B, S A AW i e KA SR 3 A B B AR IR 75 SR 7, 1)
B, W SR T R RE AR B KA AR RS, I A B 25 S RN 2 (eSO A 22 . K 22 0B T R A 15 1L
N, A R A A R ARSI R BEARAT 9 SR AL, 2 TR At B R AR [RIAE R AN S AR R TOVE R R, B
JE ST A RGEA LR A0 7E 2 L BRR I 0 R R L, AT R B A AR A S AN B B AT R B Al
Bl 0 R R RE R EOR BB BT 57, 2 5l R B RIS L, &5 5 BRI RS (1457 25 S 43 A3 2k
PRI, FEVR G R st e, SORVEA AU a5 R SR AR H AR A AL DU T ] .

FUk, SN 5 Th R E X (utilitarianism) ™M EBARC, ThR) E SUEN— RIS A0 8, =5 ERTE
BRI SR SEAR AR AL, SRS R AR DA 1 SCE AN R FRFAE, (EEAT] 0 JE A R AL A8 S b 3 B KAk
SEARIRLH. BRI, 5AMARNCGEE AN [, SRR A8 2 L AE BEAN BRGS0 o b, W BRI e KA SR S8 SO

T =arg maxz U, () (@)

AN I, SRR & 3 KA SR — 78 A9 2 I SR FE S A, H 2 o SR SR AT S A (1 SRS A — S A2 SR AR U 76 A
KA. PRk, 75 B KA EE AL &5 110 70 B e i 2 e A 490 5 3 e R e 8 BB AR AL 35 s . 72 K 2 B0R A g,
T Z3 SR R SR AR IS R T E BR 238 T o AR MR 55 AR R, e S BUX AR A VEAT NI . 5 AR 2840 Bk
N FEGTYR 43I0 %) 19 R, G SR — VA 5 A A B VAT UL R ) S AL AN I B [ %) PR OO T B =,
IR B B % YR s RO AR AR A DI DS At = b ) RAAOR > FE IR v 4 AR 5, T AR LA A 55 55 B R4 Hl T4 i
b R B 2 B B P 2R S AR, AT S BN R G It R, AEVR A R g b, A SRR I RS SRk i B A
AN DA D[] R

e, N TIERA SRR REIRRE, 7 5 A PR B AR, T4 3 L (egalitarianism)® 7 37
AL TPEME b, 2FEIA NG, DT & RN E B 2 A b8R8k, 465
A IR B A2 ST AR TR B SRS b 1), A PR B R A SR I 8 SUA:

= argmaxz —(U,- (m)— I_J(ﬂ))2/N (8)

Horh, O(r) Fom B B BRI IS, T O, 200 F A P38 2 B /M S R AR AR ) 7 22, (RS, T 3 X
I A0 A S VA TSI A TE 3 B B I R L 5 e S 2 S AR B 4 1 SR T A
(lazy), T 008 REAR DA 22 52 B 22 MOBORIAT 85 S 807 22 /N 0, XKL S ECR G HEUR IR 3%, T LAYE — 1637 5t
o, S f S R I F (K B RR, 1910045 5] N — 53 245 R B8 5L (social welfare function)” 4% &% FEAE MR 25
R 25, RIS A R A T (R A% B A%

7T = argmax n U, () )

ieN

ﬂzargmaxZw,-U,T(ﬂ) (10)

HA w={w,w,,...,wy} BRI E GRS ERRIERE, P v, 2w, > ... 2wy, Zier,- =1 B U] &m0
A B e SO E NN BER BIHET. R 0, = w, = ... = wy , MBS SR AR R AR E xR
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4 REHEHKRMERE

FRYE DA _b s ORI T SR B A, A SOW B Bl JUR & 2R IR 8 ) 07750 R A i giig . e s S A
BE LG 3 B B, T N T I IEAT R AR, £ ST B LR LA ) 3 e s B,
PR [ TR RN 5 R B] R R SR R (Markov decision process, MDP) 43l & T 2518 Fl g Ak 2 3] f FERbAR AR | H AR 7Y
HR AL H LA E AR AUR R, T € S5 o0 ml UL B LR 24 2 g i FH A T R 28, ] DU SR T b @i iy
P ZRR RIS S 7. I, AT TR AR A A 5T, FER A AR AR DT A AR,

4.1 ZHEEFREE

G ML TR0 T R B T MR g AN e SN AR B, A SIS 8 MU R0 7 v o BRAECE IR . RS
WU FHUE FER SR M 4 28, B8 770 LB R FHVE B A B B h o 4, b S S e 2 31 856 1)
TGRS 4.3 TR A4,

411 HFEIR

B F A (mathematical programming) A2 fif 1 1825 7] R fe ] B B B2 (1) 7 V%, A2 N 2R 2% 1a) /b, m DAk

B AR, AR TE — MRS O, A A R B RS E R 07 2R Horp, XT38 X 4 i 2 ABE LG 2%

B G = (N,S,A,T,R,yy, T LLE T At B0 7 2R g >0
H‘}inf(V,n) B ZZ [Vi($)=(ri(9)+¥yT (s,a € m(s),5) Vi(s))] (11)
’ ieN seS
WA (1) B r,-(s)+)’z T(s,acn(s),s)Vi(s)|<Vi(s), VieNseS -
s'eS
)7 (s,a) >0, VieN,s€8S,a;€A; )
(3)2 EAﬂ'i(S,ai)Z 1, ViGN,SES,a[eAi (14

HA, V= (V)iey ZITE BB FIRSEREIES, 1(5) = (71:(5))iey RITA BEALRE s EHIEBHED AR, r(s)
FORBRAE | TR s BRI H, T(s,a € n(s),s') RANHBOREFER R EL. 302 — AN SR ARLR PERLRI ) &,
FHAA R AR B RE RV FIRI . H bR R B TE /MU %A T8 SR I TE FT A DIRAS T I /¥ 2 43 (temporal
difference) W2, JAALT MG IE AR P (K SRME VRAE 20 1. Z03R (1) FEUSEmE it 25 98, 207K (2) A1 (3) TR SR ms 2 X
FIEBEME RN 5E 45k, BUAR, BT BRI A O 925 AT DR R T SR ML 2 ) SR g A 2 4, (LR A KB i A B
AR 2 18 I B T AR AR AR, DR TG A 48 A I AR 1 7 i3 47 SR A
412 iz

REPUIEZE (fictitious play, FP) /& {518 i A% 48 (SR AR 7 72—, 38 IO FF 1 32 AR FR0 o0 B e i U, il
TR A% O JELAELR 3T 5 A 88 i A 77 SR BIVE AR S8 Zo Ay 1 Lt 55 B A ) SR MG 40 A1, I LA bt Ay kv a9 e e S .
e, AR AR (1) B LIRS BR,(r,) , BESAR i 78 1+ 1 I 2 AU 28 1 S L SR ! 7] DA i R

t_+] 1

1
=|1--|n+-a 15
T ( t)?Tl ta’ (15)

1 -1
ajeBR{nﬁ:-;EZkai=a¢zeAiq (16)
=0

o, 1 oAFRREREL R x NE, AL =1, B I(x) =0 . REFUEZE A F )46 57 06 38 5 5 BN BE AL SR g, B
70 (a;) = /A, Va; € A; . BT DA BB RME IR e 5 B 1 58 SR A AR IR, BT DATE VR & SRS g A 35 48 1) 15 1)
R A BECRUENC SR, H 2, B AR I 38 0, 40 1 25 o (e B[]~ 351 B 22 562 43 10 (empirical distribution) SR H&
FEFAEZE. A ZERITONSE R 25 10 b — 52 R IS g -2 i 1)

Bribz ob, mEPMEIRTE R & SRS F I R FodR st s B 1 B 1 e 4578 B Al & SR I o) AR 1 4%, FRAE P
W HE AL ZE (smooth FP) BRFEHLEETILIEZE (stochastic FP)!O%'7 (I, B BEAAR i 7 ¢+ 1 I 20 B LI 28 (R e f I o
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WAl BLR R i R

1
exp (/_lri (a,(.),ﬂ’,,))

ZL\A:I] exp(/llr,- (ai(k),ﬂii))
Hor, 2T ay, TR e SIS BR (') BN E IR, A Fom T 2 8. A6 T AR W P38 me 0L 1
FRAETE R A TZRIAAE T, REBS ISR BION AT 34 K148 3K (neighborhood of the Nash equilibrium)!'*'*).

BTk, — T L E5 1k L #25 (generalized weakened FP, GWFP)! ' ¥ L Gi ke I 25 7 ik ik AT 1 g, H— 2
KB e SRS S A AL IR A SRz, e — RGBT K 2 S SR PR [EE K 1/, T SR VA AE RS AIAR AL, R, T
SCHS AT 2 1 SR SR 7 AT AR R A
= (1o a4+ o (BR () + M) (18)

i

BR;(n',) =

, Yag, € A; 17

Hrh, BR*(n',) o e LA 4T BR (n_) = {7 | ri(miom ) > 1. (BR: () ,w_) — €} Hlime' =0, % I Flime' = 0

t—o0

H Za" =oo UUNIHERRIT >0, i /2
k-1 k-1
s.t. Z a™' < T} =0 (19)

t=1
limsup g ™t M
t—o00 k
=t T=t

RT3 R SCE A 2, B R AR 75 BERE ok HH e 0 SR, 81 b T DA G Al ik AR SR 2 AR AL 7 32
gh4, Blinamib 2 3] ) Q 2 I FUT N MIES (actor-critic) 25777k, FIFEM, 76X NSRRI 2R A, | SCF9 40 R4
TSR BB T 25 KB Re B WL S B A 2501

A, A g NI 48 (full-width extensive-form fictitious play, XFP)!' ' VB0VE7E ) L H5 1L RE 0L 25 f 22 Atk s
FP {E 18 A5 B 2R e B9 R U g in) b, AT S, 6 RE 2R R & S8 R INAUZE & 7] BLAEH SEIR (realization
equivalent) 17 5 B4, XFT 7 A1 g AT 9 3mg, A B IMIRA KIS Reig it 404, IS A, SN LW n
Mg, HFa, 20 B+ =1, BAWNFERGEREFTIREsel, us) WA (20) AT LLRR RS FKI
M = 4,11+ 4, B K5 S

/l2xﬁ(0-s)
A1, (05) + x5 ()
HHh, o, TR BNE s KT T, x5(0r,) BARTEFNE B FEW o, FHI MR, ATEY R, a8k i 7R
A sel LRSS o+ (s) BT 08!

p(s)=m(s)+ B(s)—m(s)) (20)

B e BR™ (') @n
@ () (B () =7 ()

t+1 1
. =TT —+
() =m(s) (1 =a™) xu (o)) + @' xge (075)

(22)

Hodr 2 R IIEIERSEHEMN M =0, lime =0, #I X lime' =0 A Za’ =oco. [ABEH, XFP iFHEY"

t—00 100

J NI ZE v, S35 SRS RE UL Sk B g A 251 ), @i 51N BRI U7 i, T%tﬂ?%ﬁﬂﬁﬁ?u 125 (fictitious self-
play, FSP)! Wy id, 3@t A7 BRA R 1 R AR TE T ST A5 HA0 S I e P iR Al 2 S0 792k, B 14) S s LS B8 D
3, TR T XFP 78 K HUASE I 25 10 8 o 75 2500 B A RS AT AT S B 5 TR .
4.13 XWEHF

XE T (double oracle, DO) fi i FH S fift N 22 FIAE R 25 10 R, O ELREREUCSR BI04 T 2 1. Bfdoieiit,
TR REIR 1 L RISEA N = (0", 4% ..., a'y, BRAR 2 A RIE =S N C ={c', ..., ), B a Flm 5y R
ANTEANE e AR K A S . DO VA B IEAR BRI R A — R A7 128 (B0 B R A SRS SR (M1 25) SRIEAUR
RRANGIE R gt 4. AR %) ¢ b, DO 1 8 f Q@ M — TR G, BT G, = (0, C)
F1y 4 S R /N T I TR i R O e % B T R SRR SR 2 T I AR I R R A ST (L) S R RE AR 1
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2 PR 7 T 3BT SR SRAR B R B (ay1, €00) IIANSRBG RS T, C,, 13 B T,y = T U a1, Copy = C U Cryy , S8
JEIEARIB I Gy = ([0,0,Cy) , BETL,, =1L, M C,,, = C,, HoH T1, M1 €, A R BEHLIR NS, & EEZERZ, DO
TrEARTHBEERR B AT #2725 G, i a5 ms Bz /N TR AR 12, BRI 55 B 2 A MR Rk Jsita 1
B8 A, WR-G I IDBT SR (n, ), TSRS HENE B SHE (support) FUSLL SN THEZE IR, A= (23) Fis:
max (|support ()|, |support (c*)|) < min (n, m) (23)

o, FETR AR 1 SN support (n) := {a,- ellln = 2:1:1 wa;, w; * O} , FUAR |support (70)| 3R 75 2% SR T 1) 40 SR s
HERBAN 0 BIFE. b, SCHR [113] % DO FkHE B XN R AESHIT A @, 1ER] 7 DO Hikre s US|
A, I BARIETEAR IR 2 0 b ST SR, 75— Lo 4 S 2R ) o 1) SR R DUAR T e BB ZR i, S F XA
2 ] A SR B K 1) R, FEZR XU T (online double oracle, ODO)! 'y k4 HUKHE £ 2 = vh [ o ot
& (no-regret) 7M1 5 DO 456, 7545 B A 4R FH JC I8t Ik i) P4 5 1 F o6E 7 S e, JF HLIE FRTE R /) 7 B9 48 5 T Be % S
O( \/Wg(k)) BB IR, FoAP k2 ORI (effective strategy) £R (IR

DO Hk BARBEE N T AEZE PR UE R A B g 31, I BAE— e M2 e A TR A iz s e,
EFERIRHIIEGL T DO M3 75 Tl [Jy AN SR 2 [a) i FLJCv2: b B 5 4= 9 e xid g, BRIk, R A I E S
(sequence-form double oracle)!" "7 iFid ik N o8 A fA ik 5 mT FH A B VR 5 51 SR BR i TR MBS, 6 SR 22 IR 12 5,
Be U B Y BT AR B B P OB, AT AR T A T2 7 B . e RS A8 BN F A e sUgR o, 17 i RR AR
UEC SRR B R g AT 3517, FLIR, — 23T Jei9 2% (meta game) M-S 1 5 14 HE 7 SR 2 (0] L 34T 90 A 320 488 1) ]9 Xt
FUSRAR, REMS e J 2 25 ) 7 rb S, 491 G SR 2 1] X 2 36 751 5 (policy space response oracle, PSRO)! L K —
SR TESE, T ZEETI N T i S EHR, ATKEAESE 4.3 Trh BN A, 1ok, RE PSRO K7k
Re 8 PRAE SR BT kgt ¥, I BLRT DAL B SR 3/ I 25 ) &, (H BE GRS E 3 n, & T Re 7R ZE 4R 3 )
AR B I, $R T — RS TN BRI R W E I (extensive-form double oracle, XDO)!'', %5
EARAIETE S BARASIEE LM gh 351 . 5 PSRO TETEZR AR T AUGTTHFR & f L X N A F], XDO
TEEAME BIRE TS T EIRE R B Ky R, 18I R i 21 % S AL R B NXDO FiiAs oK
FE5; 4.3 i B AR 4.
4.14 /ML

LML (online convex optimization, OCO)!" " {1 ist R i /MK (regret minimization) 51k 2 fif hdr @ 1%
25 A R — 2R 20 3T 12, S rb i BARSR M 1 5 1 AE 2R BEA% 6 ¥ (online mirror descent, OMD)!* VAR 1F 4K, 1)
41F (follow the regularized leader, FTRL)" > 2&, 760 N Z A fg 2\ 25 o i b, (80 X AN Y 20 B2 B REAA 1
FI 2 Bl 7 [B], AR s 2 B ARAL SR BORT LSRR SR A2 AU minmax xTAy , Hoh A AR ReAE 1 B4R AR FE.

xeX yeY
L 1=Ay, ARG 1 TR RTT LR RN (1, x) , FTRL [5RIS x 15887 77 2UAT LAER 7R A
x"*! = argmin {L’,x+q°“ (x)} (24)

xeX
Hor, L= PR BRI, ¢ @)= ) (0 FR NI, H g™ (x) 7 X % ) b2 W RO 3800 B
$. Aol i, OMD H 58 37 7 2 AT LA
x"*! = argmin {I',x + ¢' (x) + B,o: (x||x")} (25)

xeX

Horh, B R E M 2 HUE (Bregman divergence), TR _F B (xlx') = ¢ (x) — ¢ (x') — (Vg (x'),x —x') . ¢ R
Bt g FR A R B A A BR B (distance generating function, DGF), £ # I — RS RUFR AP K 1 15 85 A6 i R 4L
(dilated DGF)!"** " 30h ¢ (x) = Zygox(O'S)l/IZ (x(5) /x (o)), Fors € D FRBREAR VLSRN ST o, FoRFE
s WRBIF, wh TR R T HRORI 58 R AL

B4R FTRL F OMD J7EE 1R I FIFR IR ARIE, (HI2 AR —LE R B 4 e XA 2% o) 780 v 1 S R AN AR I,
i B vEMN A2 NS . b, —28 R SR (counterfactual regret, CFR) #t/Mb 75 1238 H 78 KB 1)
7 I 2 ) 0 i] DASR AR A i - 2887, I HL 22 L HE ok B DR g Wie Sloel A 1270, 1 2k, s SURRAN R RE AR I I 35l
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(counterfactual value), & Befk i MUATHIEBRS sel, o, BARUTRNE s KIFESH), T e 2 BARZIDIRE, 7 TR
FTA B Re AR KA SRS, 1 (o — o) BARTERME 1 R Moy BliE oy BEEE, r(T) RRFIB L AL T R M2 R
B, T2 REA i1 S E SO

v 5) = ) W () (o, = o) (T) (26)

PRl CFR JHEAE ¢ I 20 R 8 1 FE a1 o I3 E SON:
regret;(s,a) =v;(m, | s = a,s)—v; (7w, s) 27)
L8 2 - T ST I 200 500 7, , K538 44 10 17 S TU AR (regret matching, RM)!™'2%, St
SR S 7 AN

Regret! (s,a) =

T
t=1

regret; (s,a) (28)
Regret!* (s,a)

T+ ’

ZheA’(s)Regret,. (s,b)

L
A ()l

b, + EEERRECORT 0 BE6: [x]* = max(0,x) . TEEHRULIC ) £ Atk B4 — Fh s PR UL B +(regret matching+,
RM)!PJ5 3, 45 76 SE SR ISP R, 5% S 7 7 XA

ﬁu%ZbeA (S)REgretl.T'+ (s,b)>0
n§+1 (s,a) = N

wm

T
Regret! (s,a) = Z regret;” (s,a) 30)

Regret] (s,a)
ZbeAL(S)Regretf (s,b)’
1

A ()
Horr, 5 RM AHEE, ME— 1 X R FETHEEAE— AN 2 &S, RAdsgoR T 0 ERs>, B 35 B A W st se.
23| RM+EENI R &, FF 4004 CFR (discounted CFR, DCFR)! 1y ik tof 188 9 2 1T~ 45 £ s 5 9 i AR A L AT 1
WAL, HAR 3 NS a, B, v 3 %S RLIE B AE, F s IR AN SRR T I B . RSk E, 7258 S TR, K IR R AR
BHRME ST LABLE 1o/ + 1, MUBHREFLIASUE £/ + 1, FYIRMETELBE (1/¢+ 1y . FEMIAGERT, £/ RM+
CFR+HE CPYIFRMS TN 26 ¢ 5oL o) W LUEAE @ = 00, B = —co, y = 2. SRR, AERZHITEHL N, LB o = %
B=0, y=2 R RIFHIACR,

L -4 A0 T (AW, A SR2E FTRL A OMD 75 25 % 0 b 77 IE U A STy — T, 70 S
(177 34 B T RM ORI RMH20 B 7 S VT it DA AME AT — Rl it MU R B Hedge! 73k, JLrp 8 b ik 0 T
o< W WAR

ﬁD%ZbeAi(s)RegretiT (5,0) >0

it (s,a) =

(31)

75 )

ﬂ.r a e—l]l’(a) 1
ST = (32)

7' (a) =

He, n AIRERE, I A e W2 K R EL. )5, &6 & F7E Hedge 732 T &1 R M Hedge (optimistic
hedge)!"** "5 vk R S EIL T BR A UCSIGH

T AR#E CFR J7 i E T B 0 R (I 75 000 7 S AR T 20, DR G/ O R b, Bt CFR 5 v 1R 301K

TP I PO AF 25 (AR B [, ARG DL B2 R A 490 T 7 BN A s, THRDIRAS s MR S E B 2 3R 2l

77 41951448000 AT BE [0 2 R 150 1 25 sh AV BT Pe A2 10 JG SRR A, 1K 7E SEBr s A AR =2 af ATHSR0. R T i — 1)

7, CFR J7 388 5 KA J7 i3k FAE I, S8 (¥ 7 2: bl 43 R A¥ CFR (chance-sampled CFR)!'7. 5245 K& CFR
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(Monte-Carlo CFR, MCCFR)!"** ¥V i — S5 A0 A — FE IR AR AN 5 4t [ B AN W 2, Aok R e =8 ST 10 TG Al
A TR A (1 g = ST B B SR APB DAL, M PR T B0 75 SR 38 AR A 19 2R e U B30 M IR SR B 5 X, CFR
S AT DU A Ah SR M H AU g - 38 87 SR . B ER IR EEMLA, MCCFR S5 SLVEAE T ST AR B BTN T 8¢
KB TT 2, 5 M B S BRUS SIoR R, IR 96 AR 4 th— Fh 3 T 77 23 98 MCCFR (MCCFR with variance
reduction, VR-MCCFR)"*"J5y%, - F+ U SIGH 5 . [AIRE FH T MCCFR J592: (10 5 2245 1, 454 RM+1) MCCFR+J7
TR SRR P O R BANE: U, AT AR A E T RMAE A0 g 3 15 6 T 07 220 R0, I T 7P 2 S DA B 4
B AH DG A 3 WA PE 0 P R 5 I 25 30L& B IR, 51N /MIEIK (mini-batch) 281125575, MCCFR+7E— {145 1
AT AR A (e B U,

RAEFET RFEM MCCFR HEA St B T & — 51k AT TR o A7 AT ST, n o] 78 RIS 1R 25 v >R
1B 22 1 T CAF fifh SR W6 S 38t DAL A7 % 2 PR b 504 SRR 1 — A SRR K. A% e 1 5 vk SR LIRS B AR 25 a1 20 14 1 T
2O SRS AR RURPRAS AN B E, A1 1T 25 SR e SR AR AN 77 2 1) {2 1] &40 T M G2 5 B30T SR w5 35 i 2 [
TPAE— 2 2500, FLBEE LR AR (T ARk, Sk, S5 AR BE 48 1) CFR 5 72 A I I i 7 S i 151421401490,
XL P 2% CFR (double neural CFR, DNCFR)! 15 Deep CER!™ 75 5 57 I W5 >4 28 (9 28 43 S 40~ 1 g A A0
SE G I T 30, BRI CFR M B3R, DeepStack™ ML 25— AR JE /e F5 524l M 4% (deep counterfactual
value network), 44 & F 2R RARTE Y, FE SRR op seid i+ S szbrseng. L ESET CFR (7 VATE 2 A28 5t
Y BEUSCSIBIARE AH DS I 4, I BLAE PN AT ] R b A0 T 9 A 2.

P Frf 4 MU ZRR 7 iR I R B 4 5 Bk 4 FTR.

®4 ZUEZERITNE B S ST

3= Plek:v A7 WAL RTIN BREEARE R 25 fENE &/ SR A EH bR ﬁ{’;@gzaﬁﬁ
FpU™ Matrix game - - gt AR R - J -
N Stochastic FP'**'"”1 Matrix game - - gt AR R - J -
FEA GWFpH Matrix game - - gt AR R - J -
XFp/FSP!!! EFG - - B AR R - N =
DO Matrix game - - gt o AR e - J -
opo!' Matrix game - - -2 A AU RS - J -
WEAEF  Sequence-form DO!'™ EFG — — AN AR - v —
PSRO™™ Matrix game - - A A AU RS - y -
XDO"” EFG — — At S AR — R —
omD™" EFG — - Y3 A AU B — J -
FTRL!) EFG - - gt S i 2 - N =
CFRU"/CFR+ EFG J - HUREAR S A0 s J y
BHER ML DCFR™" EFG J - HIREAR DS A0z J y
MCCFR" EFG v - MBS v N N
VR-MCCFR!"*" EFG v - MBS AR v N Y
Deep CFR!'* EFG R y RSO AGEE J y
DNCFR!"* EFG N S HUREAR G A et V V

42 BUFEIFE

TR 3] i TR TE AN IS AT AR o SR B R A SR DA Y B bR 28 5 iR, 120 FE i AR AT R R SR
I FE (Markov decision process, MDP) 2040 A%, T IFA K45 H MDP #I5E X.

EX 10 (BRI KRFITIZ (MDP)). — AT K 1] KRR FL T AR R N F 64 (S, A, T, R,y) "

o MRS T S, B— M ZH A THEMEENRE seS;
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o BHEMR NI A
o REHBMAET : SxAxS - [0,1], RARUFTRE se SPATIMEa e AZFHEBI T —MRE s e SH

o RIHMBMR: SXAXS R, PUTEFae A, ABIMWRE se SHEBEIRE v e S 25, BREMREG AR

o FTHIET y €[0,1), I T k5 Rtk

R BRI IL 5] F R R FHREURIE A8 7 Sx A — 0,11, R E I B G =B, | ) yr|. 8
A2 ST BRVETT Loy N3 TE (value-based) HI5RAL 2% ] J7 VA 2 T 3R 1% (policy-based) MI5R4L 5 2 51k, ¢ HAE
B®RESIARREEG, P2 T ELREE Q M%% (deep Q network, DQN)! VI it Mg X AL (proximal policy
optimization, PPO)'"**1J5 k. 45t B BE AT Ak 2% 5] ) MDP BRI S| N 2 AN BEIRJR, 7T DA Aty 8 N 2 85 ek
R ] R L AL (multi-agent Markov decision process, MMDP)!*”,

EX 11 (ZEREADRAIKRRKIE (MMDP)). — 2B GEMR S /R AT Kt FOd R T LR IR 78 ol
(N,S, A, T,R,y) , 55 X 4 BENLIFAF] 52

o HERHR: SXAXS > R, Hr A & B A4 I 5L [F] 1 22 5 s 4.

HH A W, MMDP & 78 MDP (1) 255l FakAT 1 8 Be R B0 AR 2 [/ 104 &, T A 4 Re e 2 L S AH [R] 1Y)
Wk A, BRItk RRE A A VR AR 0 . 5 RALE A 4R R D R AT R 3K i #% (decentralized Markov
decision process, Dec-MDP)!" > L) Jz 2 £ o 335 43 ] W ) 5 /R 7] K 1R 53 A% (decentralized partially observable
Markov decision process, Dec-POMDP)"*"! & 41132 B 5] N\ FJ2 2 AE AT WL (observation) AIMER, FLAA i1 P 28
E X 12 FiR.

EX 12 (EEHRKDRATKRRFKITIE (Dec-MDP) F1EE R R ES AW MA DR KRR ITIE (Dec-POMDP)).
—4* Dec-MDP 5§, Dec-POMDP 1] UL~ A\ TG4H (N, S,0,A,T,R, Z,y) , 55€ X 11 MMDP A R[] 2:

o FHARIIILM 227 O = (0,,...,0,}, HH 0, FFReMk i UL =5 [a];

o WLMEHL Z, : AXSx0; — [0,1], BARPATHREINE a e AZNRE 5 € SIERBEAE i WIEF 0, € O, IHEZE.

o WURPIA B BEMR BTN 2 ARERS K 2 A B RPIRES, B PS10) = 1, A58 4w Wl W24 Dec-MDP; 13
W2 #4873 W] W, 9 Dec-POMDP.

AHER DL, LA _F5E ¥ MMDP. Dec-MDP #1 Dec-POMDP #5 - GE @A E 1253480 i 7E MMDP (1) 5:fifi b
I I R R I 2 A R A T 2K, DA AR @S r . SRR ST 2 MR, BN AT,

EX 13 (MK L EREAR D RAT KR FITIE (networked MMDP)). — M2 4k 2 8 G A Ty /R AT K e St A ml
LER AL TEICH < N, S, A, T,RAG )0,y > » T 7€ X 4 BEHLIHZEA [E 12

o G'=(N,&) R N NEBEIRZRITE ¢ BRI W45 e [, Horp & RoR B aeth &S &, Bl — /T e
FoR— DR, W ReR | R REAR S TE ¢ IR ZI R AT, AP 41 G, j) e &

Networked MMDP BE AT LA FH SR @ #5 A 1 18 258 1) 8, 461 40 Fr 76 4 e A4 B AR 408 A AP 2 1) 22 % F(s,a,87) =
%ZM ri(s,a,8") SR Bt R BEEARAL A N TR EL 7, (5, a, s7) RFEAEZF AN IEEOR G 25 0 L a5
T2 AL, AT LASI NI AL 17 VR T 2 ok BRI AR DG T BE HRAL B AR, BB A s A I BB S5 T SO
AR BT 2 [A] 26 R A EL ] 7 FR.

BT DA BTSSR R G S50 B BRI G T 2R e R — e R 5 S T, AT BT T AR 3 2
G A #3025 (centralized learning, CLY! 7%, #3732 5] (decentralized learning/independent
learning, DL/IL)!' PV ik, St il 254047 AT (centralized training with decentralized execution, CTDE)!**!*"1>4
T7 R A W28 AL ERE B9 AT 3% 5T (decentralized learning with networked agents)!'>> 71595 &R 712 RO AL BR A
FIIE F G L 2 AE Bk & T A 4.
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JiFy:
YA | S AR ¢ E2UN - A 4 N ok e
o [ pmmer | 28 Sagmmmn] My s
e (matrix Game) (RMG) (EFG)
BRE o [l ok 3
&R AN 3
TR LA (G R
i FAEA RGBS TR Py 2] BEMLI SRR
SEEIDN Ty IRl R st 12 LV GIPNLEN
b6 0 1 . (Dec-MDP/Dec-POMDP) (SG/POSG)
& (at e
28 P - prymy .
apipee | BARAIRBR | e | 2 ERERS K \lejf’ﬁ WA 2 B e A T etk
Bl S ARSI IRV RIS TE 7 BOH 25 %
(MDP) (MMDP) (networked MMDP)

K7 2 gRe AL o ST sU B ) 56 3R S 0T EE

42.1 B
e S ST TR T B9 S 14 0 R, %% R PR AESR AR A5 1 S AT 30 )
A= {Areer A B FEIE A @ € A, 15— e SRS LA T 395 B R SR B3
e, EIR 2 St St 3 R A (R S0 2 SRS 88 0, A P 1 T3, T 4 B4 e
SHCAR AR RFE IR 1S5 0 0 VBT 55 B, T8 4 A SR A S R 3 R 4 25,
PSR Q 317K, 3 O MBS R i R
0(5.0) = Q(s.0)+a(r+ymax 0(s'a) - 0(s.a)) (33)

Hoeh, p YRR 1822 8 B A2 R, Bt OB A SRS n(als) = argmax,.4 0 (s, a) . e &I, R
JIrA R RRAR A — A2 B B R AR 1 77 2K, 5 2 8 R A e 1T A 1 — A R R AR 0 R, B T 2 B Re A R AR
“FAa M (non-stationarity) {5 B L (credit assignment) ] @, SRTT, X Fh 7 VETE S P A VR 22 o BRAE, 91 an i 6 77
etk R 2, BCEIRSIMET M BgK, £h N A fis. BarmEh X7k 28h
JAL'", MDP-learner! ™"l MAT!" %%, B T &AE IR 5, It H B MAT TAES X AL SR & R SRT
FMN—AFF BLRSE TS5
422 Marsees

HSE A ST 7 VR AR — AR B AR A0 B R AR I 5 VA HEAT o 2T, K AU RE AR R BR B 1) — 40
R, F—ANE Rk T B ORI S ERSE R, IR — NS SRR &, UK e AR B
RS I angl ST Q 2 TR E, BN ReAE | ME RS 0, MEE B 7 X T B

0,(0i,a;) = Q(os,a) +a|r: +’)’n,1?i-“x 0:(0},a;)) = Qi(0i,a:) (34)

Horh, r EREAR @ BOARST AR D, REAS R BEAR i IO AL NE (ailo)) = argmax, ., Q(o,,a) - BEAN, WS T A &
REAA BT 2 B8 SR BERAR T 7y =y = .. = ry BB AT PSRN 983 7, = 4 /i, TTLASR BA B0 A SR AR UK 23 Bl
HABPATW RS 1 E bR, BRI, A7 525 3 05 vk BAA T DUAR G A o 22 0 e R iy SR B AT 9 e 1) A, R R TP
W Gad F2 A 52 1) AR B8 4 1) SR IS A8 A0 T 5| LR B AR PR 19 1) 38, AR MR R 18 LR B e 2 U Sh AR e i 1k B AT
PIMTBAE I, BN ST 0% S TV AE FR A — 8 BRI, (R 7 — 2 dg e Hh A Be R L U R 1 e

TEES 1 K7, SR B ARk FH PR R AR I 7 AT 2 2 - TQL- & MM fak FH B AR AL B4 IE T 0 FI22 ST 3R,
AT LATE RN UBE IR AV AR A 18 258 b B 0T 1 RO FLik, TESTIRE Q %2 2] (independent DQN,
IDQN)!" "5 3 r, AN B A ikl do S5 2 ST 22 5 bR B AR AR A AT S FE BRI AR 0 5 Gl & 1 7R T 2%
12 B 4 5 22 8 BE AR PR Ak (StarCraft multi-agent challenge, SMAC) "', 37 3/ i 5 % £k (independent PPO,
IPPO)! V75 1 th i 45 55 785 R A 2 1) 0% Bl vt 280 D M SRS . 33 288 5 92 T AR 85 e A 114 A [ B0 A [ 142 5% o6 8,
RIEATUAIER A, SEANR &35t PR BN . BRIbZ Ab, Bt i) — /N EAESIST Q 2% 3 (ideal independent Q-

HEM  hitps://www.cnki.net



128 HAFFIR 2025 5% 36 5% 1 B

learning, 12Q)" /)5 i1 4 MMDP B4 (1 56 4 & E BT 55, EOUE A M ADIRAS s AR — AN ZPRE s 10145 B %
A RBEA SRS B ME R QSS 23 U, etg Llsg A pbr Rt 2 2] 7 N T2 R BEG Ifl Q 23107
5, e R R R SC ISR A 1 USSR R R 1k R
52 KT, Eﬁ)ﬂ%%’ﬁﬁﬁﬂﬁ%%jﬁﬁﬂﬁﬂﬁ FIN T B REAR AR A B MEER, SRS i T HAR R R4 SR
W& AR A, S B FR R R 1) B b, R S RAL X P48 (deep reinforcement opponent network, DRON)! i it
KFAPANZE ML — NS B DR RRT O {H, 5 —A~% ) F A B R AR SRS (1% 7K. I1LAh, DRON 48 H 7 24
T XN 245 20 A TN 25 L, DUSR IO Ath 8 56 47k B TR A 110 SR % . % P52 996 3 S S HE T Q ™4 (deep recurrent policy
inference Q-network, DRPIQN)!" R[] - DRON T Tt IAF AL £ R, B3 MR GG b 22 =) S ASAE, @i
A BT P4 o T S s X T 14 L SIS 2 R P A8 SO R R sz L. | /At AN 2B (self other-modeling, SOM)! 7 X 5]
TR g5, DO REAR E B 1SR T AR BRI H AR, R E FTE S AE . RMARA TS . B
2 Ah, — L3 TR AR B 22 B BR AR SR AL 22 S I BINTT LU RCE R R dh 1 AR S8 A B P, AT HEAT B8 4 1) SR s
Al P70 Horh R 2255 9 HE S (probabilistic recursive reasoning, PR2) M7 v BE A SIS A AR AR 1 B B BEAK SR I
R H Ath 8 i A S W
mo(as,a_; | s) =my(a; | $)py, (a_;|s,a;) (35)
P (ai|s,a;) o exp(Qi(s,ai,a) — Qi (s,a;) (36)
bl £ K% H AR IE ML ST T4 (regularized opponent model with maximum entropy objective, ROMMEQ)!'®”
JHERI NS KA SR IX — B AR AT ARAL, K BEA SRS 2 R i LA I
mo(as,a_; | s) =my(a; | s,a_)pe, (a_;|s) (37

(>, ew(@ntsananso)
exp(V*(s))
G, ) SR A (generalized recursive reasoning, GR2)! 75 V3K FaR 5 i HET & k AR, R HAR
BEAREEAT A PRELPE A B, B 28 ke B SRmg mT AR i R B R

n (af.‘ | s) o f {ﬂf (aff | s,a'ﬁj') . f [p’:' (a’:' | s,af’z)ﬂff’z (af."z | s)] daf’z}daﬁI (39)

oo, 242 (ab-2)s) USSR T LA b i T

3 K7 PO B A S AL B b AT M e, SRR AL AR B B, T AT VR & A
B PR 2 B S 2 A AT SO A0, 76—/ S VA E i B 7V e 5 5 B Bk 2 DR
i 5152, A R P A K WM A A28, A5 4 J5e 2 T B 6 R A 4 o U= B 45 5, 19 X o P .
FRIIHE — B e T, P33t 2 0 A A 2 T BT VT 9 2 3 0 A0 2 TS 5 B VA A T B,
AR T IS o 1 Bkt £ TR B TR £ 1 072, SR (173 45 )0 8 17 2k T LU PR SR AL 1 5
W L B P 2 I A AT A, JF LT 51 B — Rl A 75 08 10 LA 23 F 5w, T {30 S T R A
M. R F IR 3 (inequity aversion, TA)!' ™58t i 8 A (A 5 B /R A7 JR 36 175 v M 14 RO B 8K U, 70
AR I MBS R MG Tt R T SR R P 28

B

a;
U(ry,..., Fiveurs Fy) =1 — Vo1 2ui max(r, r;,0)— Vo1 2 ‘max (r; —r;,0) (40)

Horh, a; 1B MR R KL 2R (social mﬂuence)“75]75/2LL&$;&$’§@5EVHEIS'EE“’DFJ BREA i AE ¢ 2]
E’J{%ﬁll}?ﬂ]lﬁci%ﬂ%ﬁb%ﬁ%ﬁﬁm §RE VA SR S0 SE R BIAE, I UENTIZ A )7 sQSE bR L 3ihah 1F 2 8] BA e A5
R RE Ak

po_, (a_; | s,a;) o (38)

N

Z aIasZpals” (41)

b2 RN TR BENS AR IR 5 T ZR 3 5t rh S 2 B B RE A I D R AR I RE 0, SEBL— S5 S RAT IR BL. 7341, B

DKL DKL

(a ld.s) Zp(a}lﬁ,’-,S})p(&?l#)H: ZN:

a J=0,j#i
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LA E M 2 47 (randomized uncertain social preferences, RUSP)! V7 v it 51 N\ e 75 BEMLAL 22 5 A5 40 bl
AT B 98 BN B R A (R 8 7. 20 B ) I ST v ik B Je o I b 2 B B BT AN 2 F B — AN N B B SR AR 3 B kAT
TRAL ST I 2R B T8 REARTE i T B 08 R AV/INIE B, Bk 2 4b, 251 T2 (learning reciprocity)' 77 7 12K 2 B A
53 BT (innovator) FIREA 3 (imitator) B A, G137 & il i S KA MY 2 AT 24 20, B0 B B d BT A E R
%) A I S SR B AZ IE (off-policy correction) ML HEAT %% 21, #x 5 i id H AT N RRBUR 3 & 1F; 2% 1 Uitk
A (learning to incentivize others, LIO)' ™™ 5 L6 B feth i & B H AR REAR 7 IBHE S, TR T FL A4 1 P 0 3856h
rl(ol,d,) S FEA R 5 FE Mg TR 3 S VEAT N2 4R 4 2B B (social value orientation, SVO)! 75 9238 it FH W
My B E AR SVO Z 181 22 BEAE A P9 SRR i3k & A7 i =2k

Ui(s,0,a) =r,—w-

0= 0(R)0(R) = artan( “2)

Horh, w NS, 7 N HAR REAR KT 122 58 5 TR, A H Py SR I 1 VR R AE TR A 2R b Rk A
PERISRAL AT R 2.

(B, FETR A 1285 55 bt SR B2 S TR AR AR R 2l 1736 A 1AM 2 RIS AN P A IO 0L, 22063 M ISR A AT
FEAE R, M AR ARE A A Th & VR (KL 5 0L DR, 58 4 K05 VR BRI 2 8 e R a1k % > o2 3 SR IE 1Y
HEPEAIN 7 W, PR SRS 3 SUR DR, DB S R AR s B BRI AR, Wkl
Hi (envy freeness) UE B T JCMkAy 43 e A SR AEAE M), DXL & Wkl BE S/ NN SRAT B AR B LI, T E 2 7
Be kg Ak 2 ST B Ae o, — i b 3K 2% 3] 779 RMF (regularized maximin fairness)! ™12 f& IF AL ) 55 KAk A P 5%
W, P2 TS LR A B P45 2 S (R ZE R Re AR 2 B0) RITh A 32 3L (PR3 80):

Vi =ming im+ D wlim.wim =E[)” yrila] 3)

Forh, e IRUTSHL, v NITHIE T, SRTM, 15 B 55 KA 2 B SR A PR 4 RE AR AN B8 1), AN A~ PR3 (inequity aversion,
TA B FEIRAFAXT A IR 2L 5, DR A TR AN . HAh, AP R 2M % (fair-efficient network, FEN)!'*
TR AE S EHRESL T 5 2] AP 5, FRdid 85 1 7 A S M AR e il a5 B, Feh B AN B BRI A R i
A
u i N
- r o
A C, ,MﬁZZFO ,ﬁIZZz:IM (44)
u; t N
€+ | — 1'
u

i

B, BT — AN NS /BB S 1 (self-oriented team-oriented, SOTO)! 177 ¥ 1 ¥y 3 23 T f 4k S4B F 2R
U X FTA R BRI S B AT A R ¢ (r) = Z[eN U(ry) , S8 Ja 83 A 37 3027 =3 19 7 15 R SR e I 2~ 1) S s

FRUE ST I 2] A 6 B, ARS8 R 22 4 REARSEAL 2 I B AL 0 S LR ME. s b e @ R v IE A 1E
SRR R ek A X o B AR IS5 o0 A ST BRI VT EC 0 45 TR, 9 L AT DAAR 8 (0 58 M 57 A 30 F R0 1
FERNR A gR R U1,
423 HhRINGH A BT

R RNES M RPAT R GG T RS RO AL 205 3] 5 4 i, 7E8E TP I GRINE R A se a8 e 31 i
B R ARG BB, 52 —ANBE O (RS, MR 2 B Re i3 5 P R BE PRt i o) B LR, 1E
A RPAT IS R, SCREME MR ST A HH SR, R T 22 BB A T TR R I I BRI, X R R CURON 2 B R AR R AL
ST FE I T ), R AT X AR, St SR A AT IIHESE B 325

51 R E L NME W (value decomposition, VD) J7 ik, #ltn, VDN QMIX! ™ w-QMIx!'®,
QTRAN"H1 QPLEX!""%% % 25771 1 33831 Dec-MDP F Dec-POMDP ZA5, HIF 5t i E-4 1R O A8 B K540 iR
A BER IS O (B BKEL, HF HLE R AN 4 )R B A (individual-global-max, IGM) 414, AT LAIX 2575 15 K BEiE
T &R # = — A2 R R SR IR R, AR SO A48,
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B 2 K7 E EELR A SRR BE 1 BRAY A ST TV B8 b SN 2R A BT I 2 B Re A s, 900 S F sk
Z BB (counterfactual multi-agent, COMA)! 257348 H 7 —Fhii i 22 B 1617 W& LIPS (Actor-Critic) J7¥.
HAkHh, COMA {8 142 R A B35 f 9 S BE 2R 1) 25 e JHEAT SHEmE A0 B B, L AP i B 20 2 g oA B B R ) B AR 1 2%
1k, I CRIF AN B BRI BNVE AR R, B T4 R (H s BRI 4 R 3 BT v 3, TR ROE T S R 3T
%, 2B REARMR AL SR IG AR (multi-agent polarization policy gradient, MAPPG)!" 2 I7E 1 BLfilt -4 FH ff 2 & Ak I M2 AL Ry
B, SEI 2 Be AR HEE B FE A (S A T, I AR ORAIE SRR AR ZUR SRR R B IR, FLIR, 28 REARUR BE 1 i 1 3R
&A% B (multi-agent deep deterministic policy gradient, MADDPG)[M]?‘:TY%*[I%%‘ﬁé%iﬁﬁﬁﬁ%fﬂ%ﬁﬁ% (multi-agent
proximal policy optimization, MAPPO)!"** /714 43 Jil K5 .8 & 44 () DDPG! R PPOM V5 4T i i o 22 8 Rk A 7
5, FESE R N ZRad F2 v, 3885 3k 7 22 B R BN — N REAR B 2 — AN B A BN E B BR 4L, 285 8 SRR B )
B SR 20 A0 sUBAT (0 SR R 2. T4 3 R AR R A B S i 2 B ek B, DRIk o] DLTE B AR A0 AR AR
AR s BIREE .

3 KR ETIEEMITE, EE T R INGRA I R 5o VF R B 2 ) EAT — L858 45 1) 7 SRR A Y g
RIAR S5 8, CASRIRIA BT AE-T- R A 100 R, (A1 kA A — 83815 7 2B 3 B R A o S 1R 1 gRAE 45 1), il 3@
fEMZ4 M % (communication neural net, CommNet)?* i FH 3% 25 2% 5 (5 18 2 IS HAth 25 R AR (45 B AR S, 3F B AE
AW D LT 2 ANEE Y, BT AR IR BAS B0 Rl I Ay i) 7 5, BT CARTE B A A =
[E]—/NSRBE N 48, IF BAEISATI VPR Re iR B M sh AL, MRk T 2 B e T YRR R R 53 4, A4
YEAEBE SR (individualized controlled continuous communication model, IC3Net)!** V122 2 it 14 XU 5] W [7] /) 2%
(multiagent bidirectionally-coordinated network, BiCNet)"? 5 % e 5 0 AL AN 5 e A4 iy ar 22 8%, DRI T LARE FH A
WREH g seh, T EA R IC3Net 18 A T 1AL IE LB 55 18, BRAR I Hh g P o] i 3845 1) 17
. 1T BiCNet 383 XU [F] G 44 28 W0 25 7 B 23 (AT B 2d A5, 7T DU AR IR B R I AL .

424 iHMEAER ST S )

¢ 7E SE BRI 5t i — L B il B b, A e AA 2 [R)mT B2 AR R I, I LA TR AOAT o m) A0 52 55 R 4, 2 e ik
ZIAEA BARER B OAF B AR A 1, R AR SN GRS HL AN FRIE . FE R BE Al b, — 28707 W s Arade 4 i Ao G
)P T ARTE W 48 B E L R REAC I AN ML 2% N F5 ) S5 U0 R L % 2K Uy vl g 8 X 13 1Y) Networked
MMDP AT EEAR, KRN 2 e A4 f8 A kS 1) 22 5 ek 4, AT DART BARE F 7R R A 2R AR A T % P, 158, QD-
learning! 75 J2: 1 FH L3RR G137 7 2K 10 V88 £ Bk ) RUBSE BRI 77 254 100 0 BT R R, A543 A8 il e a8 i A i A0 75 7 S5 1)
2% L AR AS B AR W SR A A E T RAT 55, IR BN e i T8 A H 78 2 B0 FLAS R Ak 2 TR) FT3E 15 Y 2% 55 i
TR LT, R T 12 57 AT AR B e DA AL R 5OR Spe A I 428 1) S g, IR, AT R 28 e ReAA AT 3 P
% (Actor-Critic with networked agents)'"*7" V7513 S J3 5 W0 4% 3442 2 B30 40038 15 A0 JBAR Y J8 34T M ke X
(Actor-Critic) /7¥2: 9, Re %75 SEBR#% 1| 2 40 HH Ab 1 SRS AN S A 2 7] 149 1] 8, 55K F B 4t ) 1) 309 28 S s s B ok
WNEREEAS TN JT 22, S 45 T SR R B0E I i SRR RSO ORAIE, - amad S0 BRI 1 B A5 . AN ETLA
7 E B XA EAESS, Decentralized FQIP™ 524 & & R 4% 3% 4% 50L& Q 354X (fitted Q-iteration, FQI)P*V 7 ik
it Retp a3 2 F etk s AR S R ZR 8, R LAl o A R E R B A PR AR R 2, X0 T
PR A SIUIEL A 1) 22 2 B Ak s 2% 2] B R P2 B B B R X

CA_F BT s Ak 22 2 v R el B i 25 S5 00 Ee ik 5 o,

RS5O TER S XL

OB 3% ARG T T R —%fg’?”ﬁjﬁ =
JALI Matrix game I = mEERERGE N - —
e MDP-learner'* MMDP i —  mEHERMRAEARE v — -
MAT! Dec-POMDP S Vo B v - —
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K5 ORI FERRSEEX T (20
75t sk wamAn T FRIE wsme

IQL- g™ Matrix game 8 - A BAR v \ v
IDQNU! SG i J NN E NN A
ppo'* POSG/Dec-POMDP A \ ARSI R NN W
12Q"* MMDP 18 Vo MRSRRAERRE N - —
DRON('*) SG 1l J AN /AR 25 NN W
DPIRQN"* SG il v AR 2 NN W
soMm"*” SG 18 \ MRS N
PR2! SG {HL/FEHE S M ENEIN T \ \/ «/
T ROMMEQ!"* SG 1B /5 Mgt S AN FARY 3R v N W
GR2!'™ SG /35 v NE N § v o NN
1AM POSG /3% V He B ¥ - =
Social influence!” POSG 1B/5F NS N M+ RS No— AW
RUSP! POSG FEW J AR+ 2R No— W
Learning reciprocity'”” POSG Pl \ MR A v - V
LIO"™ Matrix game/POSG S J AR Noo— AW
svol'™ POSG B J AMRHEERI R No— W
FEN!'™I POSG g J FHem 2 - = A
soTo"™” POSG S X He B 21 - = A
vD! o Dec-POMDP Ui N E g N
COMA"™? Dec-POMDP g J SERI R N - =
MAPPG!"*! Dec-POMDP S N MR/ EARE N — —
e R MADDPG"*" POSG SR J ROLEYE XN NN A
A AT MAPPO!* POSG K J M/ A NN A
CommNet"*™” SG S N mEERAEAESE N - —
IC3Net™"! POSG B J AR BEAR 2R NN W
BiCNet™" SG il V MRS N
QD-learning"*” Networked MMDP 18 —  MWHELEERKE V- —

%ﬁ I é%ﬂz Actor-Critic with N
R AT [157.203] Networked MMDP B — RS S e NG - =

A2z networked agents
Decentralized FQI?! Networked MMDP & — MR/ 2 v v N
43 ZEEHE
AN AR 5585 T4 & 1%, B TR T 3RS 7%, BJa BRI oI ge. A

55 B B B B R AR TR (1 At 7 ik, R SR T IR R sk A A0S PV FEL R > A2 B 3 A 4.

43.1 EFEMIE

BRI TE RS Sl 2 S5 TR R /K Q 2223 (minimax Q-learning, minimax-Q)[ZO6], Hypum
ST N FLESUN R RN BEAL 5 o), AR e EANIRES s BRReR 1 19 9 HEH AR:
0,(s,a1,a) =(1-) O, (s,a1,a,) +a(r +yV(s,0)))

Horp, VAR TR Do L i

Vi(s,00) = maxmin )", (s,a1) 0, (5,a1,2)
T €Ay

aj€A;

(45)
(46)

Al L 2 PR, PR AR — JOIRAS IS AT B EEH I minimax 99421, 2853t
AT Q 2 ST ISR, IX 2 e ] B (VR T 2R I8 5 0 Ak 2 S) ik I Al 5 07 3. I RE S, £ 5 1 SR IR, HIBA Q 27
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>] (team Q-learning, team-Q)** A AE T v {4 R M2 N 7 B KT B RER AL 22 O (H R %K, SR )5 FEiAT Q
2SI . TR & N % ST (optimal adaptive learning, OAL)'" 5 kil i RS B L BR S AME 2 B o 1, HAk
BCABIMERE 9 0 53X, B SRAEFEAT A0 & VE B BEAL IR 0 A b L 1 2R WS S BB Al A 3507

Bt J5 4841 Q %> (Nash Q-learning, Nash-Q) i)™ 2122 N\ IR A 1845 1) 1, {H 2 FLAS SR B4 A1 1 5 1) 46 AR AR
A, TELEG— RS NI B ZE T, #AAE AR Al s, BIBTA 2 B (1 3 2R S 30 A2 i K 1Y) B A7 A B
L, BT e AR A 22 M B X A a5 PR g, (R A B e A AT BB 2 AR B9 X AN 0 3K 28 . Nash-Q 27 ) {EHE
G [N WA

Qi(s,a1,a,...,ay) = Q;(s,a,a,,...,ay) +a[r;+yNashQ;(s') — Q;(s,a;,a,...,ay)] 47

o, W5 AR — AR Tl IR R 07 R A 2 N a5 1.

BB Q %21 (friend-or-foe Q-learning, FF-Q)™, 7ETHIXF 22 A\ 125 il R fry 5%, 143 it 5 88 g Ak 7 BB A, 34
H— BN, —BARBAAR. Ak, FF-Q J5 82 555 /7 NS T minimax-Q J7¥, T AR BE A BR G 31 E T
5] L 3R 4T 2 R SR AR minimax 941375, B 72 2 A5 ) B, #19% Q 22 3] (correlated-Q learning, correlated-
Q) J7 i3 POV H I A A B ARG S, T DA FE AR 2R L SRR R A AP IR 2 S 2 A B b, H
5 B S S48 . B, ARl 8 I (non-stationary converging policies, NSCP)*' A\ g A8 — & F5 2k
frR AT S5, TR B LR B S S BE A R S, BRI AE 2 NIR-E BENL R R, 55 1 MR DA RSP
TS e PR 2 = SR, B, 2 ST 0 T AR T AR SR RORS AR A TR ) - 3] IR0 2% SR s ) A 00 I . SR s

FH T2 T 348 1 22 2 B AR s AL 2 2] BRI A B AU I mT 4 e vk, 9 BRI B IR 7 2ot S g A 257 1
Rt & 06 Q %] (negotiation-based Q-learning, NegoQ)™' 175 i 4 T AN L S48 B B R, 32 H —Fh 2 B Wb i
AR o A 2 B 4l SR i - 2 467, ST A SR & 2H. (equilibrium-dominating strategy profile, EDSP) 155374/t
B RIS ZH (non-strict EDSP) 1X 3 Fh2liSiuE, Reig il E 2 NIR G REHLIZR 10 8, 5 ) PERe FIU Sl FE R = T2
T HE T A1 1 22 8 Re A iR 2 =) SRk,
432 FETHREEHIIT%

B T SR 1) 7 vk R A BN TR B AR )R R A I A, 49 AnE TG 55 /B B B (infinitesimal gradient
ascent, IGA) PPk, BB REAA 1 0T a) SIS N o, B B8R 2 BT b, BITERIMER N B, T4 o I B HITE
BT AT AR IR

t ot
a,+1=ar+6r]aE[rl|a’ﬂ]
o'
0Blr .5 “
141 ! 1 nia,
= o —_— = -
g =pea =

Hi, 6 =6, =6 RonEIZ, IGA JNEIE T 26 — 0 I, 5 B4 (1) 5RME BLE 49 R 44 SR M 1) ST 25 2 Hof 2 Wi sl 2
AT, AR IR b BRECPRIE 2 ST TE 55 MEE E Tt (win-or-learn-fast IGA, WoLF-IGA)2"J5 {78 j 3Ll &0k
TEERRE, TR § B DL BN SR, RS 0 T A B BRI & ) =&

6mim ﬁu%rl (ar’ﬁr) > (aNathﬁt)
5 = (49)
é‘max» %_\‘I)_I\IJ
6miny ;lZ[:[ %1’2 (a"ﬁt) > 1 (a"ﬁNaSh)
- (50)
6mam ED\IU

Horpr, oMt gt FORAEZIN ZI TR BE MR B 21T SRS, S 1 At R RIZ SRS HEAT LA, 21— o0, 6 Al 6, AT
T 0 I, I vERE NS PR S B g 2 1.
5, )T TE TS IR EE T (generalized IGA, GIGA)? ™70k IGA J7vAEATHE! ™, REUE A BN £ B 1E (1)

I R 4 ), L SR S O 3R
! = argminx - (x; +1'r;(a,a’,)) (51)

x€ll(A;)
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Hodr, M = 1/ Ve B, GIGA 7772 /2 i & i —F0 4 (universally consistency) 3 H i1 T 0. [AK, GIGA J7ikml
LA WOLF AH4E 45 i h GIGA-WoLF® e 7] B UE 44 11 34687 1) S s UAe S v Rt s - 0 (K A b, i+
LBV R BT 2 1) B, 61 SR 1) 7 10T R 2 B N JR S ¥ty 217, % 5 4 23 BT A SR g A 4 B, TRt
—FhIE T EIEFNA 55 Z R E T (dual averaging with zero-mean and finite mean squared error)”'1 75 18 i
FINAL 53 Fa %€ M (variational stability) FJMES:, JHEBA 1 e ¥4 b R gh A 20485 BoA s RS W 51, T4 R A e
WIMTEAREE A 1 IS, BRSPS w1 T R WSk B 4 R g AT 34

DA b 2T SR W 1) 77 1R R R A R R R I i, TN T 22 A BE LI i), 5 T SR 1) 7 v R 8 5 SR TE Ly
(policy hill-climbing, PHC) VI 45 & HEAT RAR. 1] 4w 5 bRk 2% >) S0 E 1L (win-or-learn-fast policy hill-
climbing, WoLF-PHC)® VRl 45 W 5h % BREC R 22 5] (policy dynamics WoLF, PD-WoLF)1 7 v 43 5 4 ] — [ 1 —
i 1 SR s {5 I T A 2, 25 S PR AR TR DR /N FR) 2 =) 2R TR 4 Wi SRS S 40, s 2R B SRS 7E B I 2R I 2% T e
WS E 22 N AL I 2% ] R 40 - 3 A
433  HAhEA T %

T, KR B AR 2 R B JEMA G, St T — RSN R AR s R 4 R UL B 1
7% (neural fictitious self-play, NFSP)**"V 572, NFSP 1 F 1 AN BE 4 22 190 286 1 SE AL A 350 1, b — AN W 4 2 5
TR STV SR A S I SR, G AN B A 20 ) D U SR SR TR SRS, e e PR S [ T 2 Ak
A B 4 R 35 1 SRS

Tk, BT CA B 5 vE I R T AR (Al S s B 3 K, TEVE TR SRR i) AR R RLA, DR — 2R T e R (meta
game) WEE ) 5 VAR H7F SRMS 25 (8] bR AT 9N AH X8 4687 1 X A0SR AR, TG 12 23 BT 38 ot 4 PR O 2 B0 19 2 B0 2 A
(empirical game-theoretic analysis, EGTA)™!, {51l 1, g 2 8] () B % 7 5 (policy space response oracle, PSRO)"'*ji
Y RPN E TS IS, 51N T #h ik S R I 25 (population-based training) 177 30 TH 5 B AL v :

7t = BR, () C oracle (77’1,21112EAZ 7 (ay) - ¢, (a,,az)) (52)

Hr, ¢, BRBERNEFEELN T 2308 18 fEIEERE b, —Fh 2 T A IEM AL R B (rectified best response) [
PSRO PV vE S TS g A 3 7 S s i), X e B 1 3o Aot 2 S, AN 25 % R IR 4 B AN o Fro it T S, DR ik
HA E R A R BN

i = BR, () C oracle (71’],Zlazm2 (@) - b, (al,az)) (53)

Hrh, gr, BB HIBCKT 0 3873 ¢, = max(0,4,,) » RIANTE RS LL X0 T A5t 14 SRS, fi 2 REFRAS S DL ) R BILAT
WS It RE. BEE(E B AR HCE N, PSRO J7i2: & ZEA R B 2 fe B g n, I &4 R AW EINE
(neural extensive-form double oracle, NXDO)!" W& 15 F] oracle FeAZ:mi S, T A2 A58 FH R 1B B Ak 2 =T S92 25 A AL
AR, 40 PPO B DQN 5. Wi IR FE R Ak 2% >) oF B I Bl s e S B SR W5 461 oracle s IS, JF HLAIBFR K
fif 25 BEFR B — A R W Ha 19 327 IR ISR IR g H- 3, F54 NXDO et 5 XDO H I s sl .

A _E 7 B AR e SN B T 2R o 1 R s 2%, DRIk o-Rank P25 3209 S 4 HE 3@ 3 82 & (response
graph) 77 0 T8 vk 2 N IAE RE R 25 1) A, G b S 7 BT B0 i (RR — AT & R AR I B G Al SR s, SR
MBI AR 7R, TEIE X 26U R B A SRS IR T, 20 F — AN Re R Re i 3R 15 B8 s WA s . fo s iaad B
HLFE (random walk) Ft 77 2ok -8 S o7 B H A R 53 868 49 & (sink strongly-connected components, SSCC), 7 H.
E %7 VA AE 22 8 R AR PR T 2R 3 i O R M — IF LIS 4P 2 P 5848, @-PSRO PP ik & T a-Rank Al
PSRO M4k £, 38T e-Rank (3R ARES 7E &R X FEZE L3R AREE T 4 (1 B L ) BE (preference-based best response, PBR),
TRUEFEIE AR 45 R 2 AT B4R B S B2 B 1) SSCC, T2 i& F T % # Kuhn. Leduc 431 MuJoCo /& 5k%E £ Be f4
W

B2 KITE R K B R AR N E 2 B s AR B AL 2] S AR . — P& UK DTV R S T ST EOR
(learning with opponent-learning awareness, LOLA)™*®, &%} 2 8 BEAAIA 5 N i1 T 5 2% 1 i 72 5 SR PRk B3 11
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I, PR e R RE AR 2RI A 5 LA R e AR R TIN5 5 BB e A 2 ) ST AR R e AR 1 R A T

Vi(61,0, +A6,) = V,(6,,6,) + (AOZ)TVQZV] (60,6,) = V(6,,0,) +1-V0,V,(6,,6,) V6,V (6,,6,) (54)
FET Uk, R REAAR 1 SRS BE T 5 A
@ =0, +6-V6,V,(6,,6,) +n- (VO,V, (6,,6:))" VO, V6,V, (6,,6,) (55)

Forr, 6 Flp 43 SN e 1 AN 2 (152 ) 5, R SAE S PSR PR IE T LOLA SR sk BN g 1. B )5,
TR DL 5% 25 ) (deep Bayesian policy reuse+, Deep BPR+)X "7 VERE 5t x4 AF FRa PRt T 85 BE 4k 104 2R 1%
IR FH 4R, 78 DU 55 0% 58 1 (Bayesian policy reuse+, BPR)P VL LA b, $2H T — Rl IR % BPR+
Sk, SR A W 284 A BR BB T 3. [FIET, Gl 51N T 2R SRS Y 25 4y BPR+HH VSRS B, SEIL T
R AELL NG 7 ) RN EE ), JRAE 2 A BENL I 25 S IS T 5 m i) 22 SO S .
TE 4 Be A B 19 0 E1 JE PR 22 I, 387 368 110 SRR 75 1R 10 T R 4 5 o AR S ek 2 ) i 50 08 K 1 il 0 T8 v
XF. B Ja —REE TP B2 (mean-field theory) 2 % B BB AL 2% 2] J7 ¥, $2 WG DA 8 e 4k 1) P 3 Bh AR 4
NSRS [ R R S 24 5], 55 Q % 2 AT Actor-Critic 17545 & 43 MR T MFQ Fl MFAC 7534 ™. 0
HH T LR A
o (s,ai,a) = (1 —a) Q' (s,a:,a,) + [r,- +yvifF (s’)] (56)

V(s = Y miar ) §'a) Eq [Q)( a1, )] 57

He, a,= Wllzak TR REMR § BT NG| A REMR BT R B f i %75V AT AR B RE AR AR H ORI RE AL
{ keN;

I R S B AN A 2.
DAL vy 45 5 T3 A fa] B 45 5 00 B AnER 6 BT,

®o MR G A A IAR B A S XL

IR ik LSNPS E VN A5 R AR £ ﬁ%
Minimax-Q"**! SG — — A A AU AR - y -
Team-Q"" SG v - SRS Sy We X IN & N - -
OALP” SG V - e R AT/ AR A U N - =
2T Nash-Q™" SG y — A3 A AU 2R — v J
Bk FF-Q™ SG \ - A s VoA
Correlated-Q"'” SG N - PSRN NE N S \/ v J
NScpP SG y - P AR aS \/ \ J
NegoQP™? SG N _ ?@K%ég;igﬁ%gggﬁﬁﬁ%iﬂ/ J N N
IGAP™ Matrix game — — - ARl A J y J
WOoLF-IGAP' Matrix game - - A Rl 2 v N
LT SN GIGAP Matrix game - — - AU S \/ \ J
= é’]}é P " GIGA-WoLF?' Matrix game — — YA St A g \/ y J
DAY Matrix game - — A AU S 3 \/ J
WOoLF-PHC®'™  Matrix game/SG \/ — 3 AU A V y J
PD-WoLF*! Matrix game/SG S - A AR 3 y V
PSRO™™ EFG - y AT AR i
N PSRO™" EFG - N a3 Al s - N =
AMIETE | pank™) Matrix game J sty RS N
@-PSROP EFG \/ v YA Sl A g \/ 3 J
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®o MRS GIEN S ST (4

2517 ik e R AL jcﬂm**szﬁ I /R IR LR %
NXDO' ! EFG - N TN YN T — 4 -
NFSp!! EFG — Y AT T AR B — Y —
SofbsETE  LOLAR SG N J A E PR 2 g4 A
Deep BPR+2 SG N N N NN
MFQ/MFAC™” SG V V gt A ks NN N

5 NRmRMAESME

TR R BRI T2 AEAE. AEA— AN E RN R G, & Re R Z (126 R AR AU ) A0 5%
G sE A, T LR — BRI IR S 1SR, DR, fEAb & YR AL S RliiT 35 DL S BUE P i S50 22 A, Mt
BT T ) 22 5 PR SR B BB R S SR S AN R B ORI AR N A ST IS 2, 38 T R OR AR G I AR U
a8, TR E N At 2 B ANE . ALk, TR A SR AMAE SR B EE W RIFEME, £ b 2 AT Hoax
TR SRR ) T R S 4 B A A 2B VR 1R ) A 3O S P 3 5% DA R S 0 1 LI
51 MAHR

TRA RN S R NRBUG . SV FIAEIESEE 2 07T, TN AEGE R AILERA . g W 15 ) 5
FFTETE R, BG5S 283 L &Rl 5 8 302 5 5 SERx i) @8 2484 ¢ 1) N H 3 5.

o ASLBHIRE ST, N ST BE U = A0 43 O AN Or BRI AT HR AR 51 22 1) . Horp, B TR G AR A 3t
%Y (common-pool resources, CPRs)***17 it (1 4k G4 70 2 7R i 1 ) 10 8 RE 4238 3 JC 1.3k B4 £ 151445 451l n,
B2 — AN AR NI AR R R P S RAS A A S RS I, AT (A R AR P 1 T A BE VR A 2 M R D, — R IRE ) Al
TR BRIk 2 T BUR G 00 A It ) 240X o B YR — b ] P A BE IR AN, i RS e R o T AR A 1 e
NSt 2 o 3 Siz i 23 BRI, R SR ARSI SRR I T 4 NB R hAIEFF (utilitarian metric). AFIEFR
(equality metric). FJHFZEFE R (sustainability metric) LR FISF4BAR (peace metric) SRAT 2R & 1925 o X SR HS M e,
FAETRES b NI U A FE R A T AR BN AT EE AL 23 SO PRI H G BB Y, wT LA d i & e iAo i 19 7
AT VAR B, BAh, 5 0T 03 A R RS (2R 0 2 X 22 B R AR R G072 A S, S8 3k — R P S 2R SR A IE
N DB, e A 15507 72 58 RIS Sl B B f 4% B .

o b PN B e AN 2 RIS (0 T k. A R 56 1) J 2 2 4 — AN R e AR MR AN JE R R R AT R i), BNt e vk
BB AR . HH ¢ TAEWE Feab 28 BT BIRFAA R e, I B 3 A2 R AT DUBCR R G8T, SX M 68T 2 H I AE A= fim
I BAZ R BERQIHT R A B A SMEFI N TEPRAER: AMEBE R 2 Bk SR s BAG 18 1, 4 B8 T e N
TEPR A 2 R BE A H B, T At e e 2 RIS 1 (R ) 2 72 2 B B Ak 2 R 2 ), iz, i AZIA IR ST A
5 1, 3 75 B0 ST AR R FE, [RIA PR 58 1) 22 R PERIBER 0K 2 R ME AR AR T S BT 1 o .

TR T2 PR 1) R, A Al o 07 SR TE A 3G, 55 1 Pk 2 JE 2 58 400 3 2 A PR 2 A =X ARG
TR, FLAT R A B AT T A VE 2 1 B0 T B A VAR A3 A ), 3300 75 2 () 44 1B BE R AR (E 4TS 2 A ER Bt
Z N8, R AETE BRI 5 2 (8], FEREARAE RN BB OL T, B AR5 R T P B v O A0 5 38 T PR IS 2 () 2k A
T TEREAR R R BB OL T, HA 2 57 B RO B T SCAAR AR, 17 AN 2 B IS B s T 1200 58 2 i % pl i
DA (0 4 IR El i ) 270 4, T i) 6 B 0 e R, X s A DU D A 3 A M S A T 3 e 1,
[T, — e J0 35 SRR AT DA 4 248 R = 2R IR B2 R, B0 ATT AT DA B 38 B A 2% 20 G0 ] AT FH I3 S — AR, 42
AR AAT XA S A B R BT (i ),

o &Rl SRl A OGTE IR I BT 166 & Wi idE il &Rl T A P AU 2 B SS A T, A R R IR &
REFE TGS PR 4. SRR AT LUK SO WA 4 1 e P e A, X SR ke 5 P 5 2 AN
AT G, e 5 A F AT 9 B w— AT B AR R SR A XU IR G Al i R B T IR A B T 3 2 )
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AN — S, T G R LAL) 77 L8 P 205758 G BT I, oy s AT B R, A AL 25 32 Hh RS2 DA v e I i R B
AR P4, TR b 4 il 3 P 2 B AN S FRT SR A 2R 1) R, 5 580 A8 Ak A 75 2 90 00 5 B8 B R S BB LA R oAt
Z 5 HURIRIA R RPIRES, BRAR 1% 58 5 T 3 (0 LR R, 7 RE7E 12208 £ T2 ) 0 rh SR B e i 424,

o FZN AL HA SR EAETER BT e m HAh B GE R 4T, I 32 B FAM B R AT N RIRE I, oIt
FHTE . PR O A2 e G . X P B O R B A e i I B A T R 3R, A5 TR I AT B R AT X A 2 e
PRAT R TRIARE &, X — f T H 2 R R (2 4 oAl 47 1t B B, IRt B T — A TR0 il . 4%
T, A TZE 0 T (0 B ROK G, oV AL 1 328 B 7 SR A N Bl 4 24 ) o () S P e SR R B kb, 24
AR — AN TN, FR AR S F NS i B, 15— K e R IRFP HOVR & 1 2 . 72 E B2 kb i) m] L
REAAR B A AN 7] 0728 B XK MPEAR R AL, ) S 7E 38 2 o Ath R AL e AR AR TE sl B m S B0 R, B B B e iRt £ 2 4
AT ISR Yokl L 1 SR, BRI L e — s 2 e A FI M. PRI, 4 i RE D% BB 9T AT B 7 E X e Ak AT A PR B
P f R AL L2AO B o A A A R R I PR O R, RATERI R A RTIR S, SRR I . A
Stackelberg 117 S ME S, L THI ) & 01 ) Fr) ) SR FE e ol 4%,

52 fHEIME

e RLCard™". RLCard (https:/rlcard.org/) & — AT 2 A3 JE 2 ZR A0 3k F (15 Ak 2 5] TR B S f
21 miy BESN. UNO. MR SR R RIBRCRE 55 22 MRS, BAT 5y T80 H 0 ST R 11 ek 2, AR AN 1 4 i 7
B NIRRT R AR R X AE A 5] O RE e 4 T S B, SRR BT, JF BRI T VEAR TR, il R A Ok B AR
BRI, RLCard (1 H A2 B A 22 I AR 58 215 BRI 2 MR, HESD 2 B ek JOIRES AR BN 1E (0]
PR 22 B AR A Ak 2 ST AF 7S, P 9 B 7 DQN. NFSP Al CFR 25 % FhIE ARSIV, 55 BRal gz sk (1 22 570 FEA
RN 55 52 R AR R KA [, Bt 2 AMIE SR At T oA i SR Tl A, 49 m] DA TR S R R, DA B i /RS A3 B R A
(R AR B, A8 T BRI ZRAN T AL

o Werewolf game. J& AJiFX% (werewolf game) J& —Fp LY (1) 22 N\ AL HEWT 2% (social deduction game) [
(http://aiwolf.org/en/5th-international-ai-werewolf-competition). TEIZEH, 4 BB UIBRGR B & 13 B, 1X 5 [H Fr Gt
B AR 58 4 {5 RO AR ). A2 e piid Bl (5 5 BN AN 2 BE AR IR AAT 9 h SRICGBA %5 5 ok e i B ©
YRR A ZR SR TN LA B A 0 R AT B 78 70 AR 5 Ao )L, 451 0 R BB AT R AN KRR 23 A1, 1 R IEAE AN5E
TR HAN R RS AT, LARAT FHEWT R A S SE. 25 B e A 20 ORI A0 N ZRREE, IR ANREE BAERA
R B f o, NS EFEMN R, s R BITRSF DEMA G, 5 a B ARRKGESD. MBS LR, AR
PRI M BT A B A TT LA B £ — AL R, M6 _EIR AR E T DL BRI 3% — N R, BEETE A REOR NS E
AR, BRI 53 2 — T SRAF R, & BRAARLE 1 R R AZ U AT AR BSOS AE A B SRE T I8 E I AT, SRR
NI 22 7t FEAH ) 5 SRR Al AR R, 32 B 22 BRARBILAE RS A (0 SERRT AR P =R, B R AR AH AT
H R = A 7 B RHE S —, 3 HOCA I SRR xR 5 I N A 28 A B 2 SR B

® SMACP. B Fr4+ % £ B e fhPkik (StarCraft multi-agent challenge, SMAC) & —Fh g 74 () 22 N &1 1 25 i) 1.
SMAC £V Brg 8 11 3R IO ERTE (https://github.com/oxwhirl/smac), A RN 7 4% - B4 4% b — S gk ST
R R R T, I HARE A v 4 N L8 23 T 00 AR 25 SR IDORH L 20 41 S I 8 e 4k 2 1] i) S AR AT, TR 37 8
fr i N B SEEAT RS SMAC $R4E T W 2 AR K7 SO IR, IF BOTIE 7 — R 2 B re ik s A 2 ST RE SR
PyMARL, HH 45 IQL. COMA. VDN #l QMIX % £ Fh:fili 5k, 5 SLPREFHXPUESS 2 R ks R
BARSAUL T BRIV ANT A YR R S B g 5, B SEBRE S S5 AT L SRR AR ARIRIE SR
BAE A SRR B 58, ELE R A8 5 IO TR SR ZE S0 ST 55 S AR AR e A A AR R .

o GRFPU. 83 L BRIF 5T (Google research football, GRF) J&—F Bt B i) 22 N & 1FE 125 10 8 (https://github.com/
google-research/football). GRF #& —/NMEr AT IR R 27 SI IR EG, S 4t 7 — N E TR 3D R BRI, Hh & B
AR A TTER G, 2 STANRIAE AR T AN TR B RE AR 2 1) AR B, DA S R Al b ik P BB R 0 S s o = A4S 7. IR it 17—
BAPREIE R SR 2] e R, [RDA R BR TR SR 22 SN AL R . S BROMIG 1 S5 2 M v P R S 2 [ YA 5 AR
7. GRF #4115 5 HIf) APL G0 1 11 MURIERXT L. b AFISS 1555, JF 8L T IMPALA. PPO Al Ape-X
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DOQN 45 % f 3l 5005, 55 SERR R R H 28 1Y 22 7t FEAHUN 55 SEBr R 1R HE A8 AH [R), 32 S22 FRARILAE AN [RI 2R A 4 )AS
g A, BRI ARG B B IX 4, 15 BN 3K RN BA SEPr AR BR B aE+ R, 3E A, R E IR
FRR GBI HURERY . W HURA S N 2B AN A 2 G TEU IR R L

o MPE™Y. £ % B4kl T- 3155 (multi-agent particle environment, MPE) & —#h #t B ) %2 A 1925 il B (https:/github.
com/openai/multiagent-particle-envs). % IF 5% H 2 A R AR FIHIAR AL AL, EA 1A — AN AEL:, IR B E =
YEtH T b B REARL SR I GRRAE, EL TN e AT R T S AR X T BR58 Hh i b A AR R AR (R A7 L, (R I A e A n] BLik
BB BN BN TR~ A T7 1A KR8 3, BE 18 R SR B AR DLAS (5] (038 BE [ 447 77 171 # 3)). MPE G045 58 4 W
TUANER 43 AT M FE 47 L S AERYORT A A & 1 DA IR) 55 4 BT 55, BB S 6 Nl o, KA ai&/E 1 S0,
WEES, MEAE WIS AN S IERBRMEY S5, I HiR4t T DDPG. MADDPG. TRPO #1 DQN % £ f
BESE. T RS MAgent K0, 5 520RI 5ES5 102 7 LR 30 MAgent FREE /143,

o MAgent™". MAgent IR 85 /24 T BT THI0R b A ] AT VI 25 0P A LA B ARB RE KT, BB T %
NEAE. BB S UL 2 NIR G 1EZRI 5 (https://github.com/geek-ai/MAgent). 755 BEARTEAR 2 (8] (P AH ELAE F 1,
MAgent AT LU AL REAA R A0 SR I 1) 27 > S50, B B B2 (02 ] LOWLS R B AR AN BB AR AT I 2 LS, £
FEWEIES . 91577, FlhFE 5 MAgent G5 TIBZ ., WHEMKRSSE 3 T35, /0 MESS1E. IREFHEA
TR, FIR PR T S 8L 1) DQN. DRON PLK A2C SEHEmlB k. 5Ly P AR EFEERNER:
MPE Fll MAgent A& T MEA4 )07 I8, H it RIS 8 A 58 e it e B 5 M2 ™, ABRIEERFEE MR
TG AR ENFIA SR BE 77, B B0 4 13 I % A S5 A 555 LK, SRR 5t h A7 AE B2 22 (R ANl 8 PR L S0k, A3 A
KR, BB RERER, &G, AREZRSME/E @ FERATE R0 03, SR S5RA. X85
TAEAT IR EE IR 1R L IR AR I

® Melting Pot™". J )" (melting pot) FFEi K 80 £ MHUFIZ R ML AT S ES, HPh A5 T 254 Cleanup
FI Harvest % SURL A AE 2 N . BRI E B, BRI EZ R G 2RI (https://github.com/DeepMind/meltingpot).
BRI RE A 6 MEBMNIZESaE, 8 £ — SRk st h M BGE BB E EE. A ST, e
A B0 40 L ) BB AE S RAS RN B BB AN B 88 VAl SV E R R e BRI s, eI B A 5
BOFAEIR AR S P Re S T I AR R, RS U AL AR R S R B A8 A, BB TE FREARH E
BEEAE B Re A HL RIS L T A BT R A e RIRIE AP R ER L T A3C. V-MPO 1 OPRE %5 % FifL il 5
. G SERR AL BHE IO 2 5 P TR S T 2 R R AR TR S AR 7 5N 1 BUR 20 FC AN B A i) A,
Bt BUAE 25 AR S AR 1 1 5, R BE A X [RIAG IS0 22 e, WL N 7 TE) AN Oy 2 B 8 B A A I 1 3t LWL [, sh A ]
5 TR i 1 7 S B OB A A B T B0 S A 3R R IR 43T 10 R, 7 B R B 5 = o NS0 BRI SRR I A R, AR E] A
Xof BEUR 43 B o) RR PR B VE AR 2 AR LA ], AR AR Z IRV 2 2 IV s 5 R PN LR SRS ), U7 AR B Z X 2 e
AT I TE S AR B L

o SMARTS"". W4 JR i1 % B e A oAk 5 ST Il 254 4% (scalable multi-agent RL training school, SMARTS) 541l
Pt i B sh 25 0, 2 — RSt A 2 N TR A 12 ) (https://github.com/huawei-noah/SMARTS). SMARTS 37 ##
A9 R IR B BRI 23 A IR T7 2, SR A X 2 3t T AL S 1D, SRR A 1 AT 1) PyMARL F1 MALib YIZRHEZSE, SCHF
DQN. PPO. MAAC. MFAC. Net-Q. CommNet fll MADDPG 2 £ fiHfll i k. I H, SMARTS #2417 Hbzik
B, fERE R B ARIE A RAT B 2 PR FR A, B T I RN AIE SR AL 2 SR R Sk S SR B A T
10 22 5 7 BLER SR F R WL 2 [ B i Dl v A RG2S R T (M B B T4, BRI 41K tEIRH(EE . RGB
BUE . BRFEPIRSE B 451055, Tovk e & st S R BRI S 0 vk WS L Wl HEAN BN S A8AK,; 5k
ZXE AT KRG BTG OE L RGBS &5, 07 SIS R s V4 =2 5 T 1 e
YA RO, Toik S e N2 BUSE I 25 B AT S AUAS [R) ZE 47 ) 25 B v e

o Neural MMOY, #12 K7 %2 N 7F 25 £ (33 %R (neural massively multiplayer online role-playing games,
Neural MMO) B 7ERYHIER R FREAEY4FH R B IEL R T & IR0, £ —MURW 2 NRE T
(https://github.com/openai/neural-mmo). 5 I SZH F—4¢, Neural MMO FREE & R4/, FF H 375 K& B Re AR A7 1E,
&G BRI 2 B Re AR S BAE Y, FESCILAE AR 1K) B AR T FEAA R VA 3t 5 DR 1) 58 - A0 B2 R 3 SR B . Neural
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MMO #% CAFAEAE SRR B TR R B R i 6 T B E M B AR IO BB R4 SRR G A T
I M 21 SRS I A B AT AL TR SR AR R B T BORR, R B A M AR AR T DR M T . AR N IR
Ja, B RER S MBI G R BENUAL B AR B O T DR AR BRI B, R RE AR A ZIERAS BT MR, AT i i R R R
T2 L RISET. AERRAR T B BERIT KT BR, TT LA 3l #h 78 B e A 1) R ) SR B RE. SR, AR AT B R L
AR, —BFER, U2/ MERIIHL S AR, X WA B R AT5E 4 )77 B, RIS 8 91 M TE IR K 7K 7 B b 78
AR, Al ATTAT LA 3 o B0t A e (0 AT — i XAt g R R A, o b 2 T A AN [ 4 40 T R
Neural MMO PS4 1 LAk (¥ eI 6 52 35005, I ELAR I 17 5 T AT 1 APT 33 115 B SE B L e s A 27 5] S 1 g i
L. SPRE MR R AEAT S PO E % 58RI E S B a5 BIE SMAC {7 A EEIEL, M8, RS L LB 21
i R A R, Toi S W SR U SR R A, FLK, SRR E B AR IR R A AR SR, B BRI A A B
RERAORE . AT RE 77, DAL IR (97438 V-5 2 PiL .

6 HESAR

H RV & 2R AP A b A IR L A 55 L. T ik SRR S o I8 P 458 M il R 38 82 Y £ J2 2 3o 0 4 52
L BRI, ) RN R b SRS 2 [ i R RE MBSO AR N T 4R B I, X R 2 R e R SRR S I SRR
PRl FIR, K S B AR R T B T AR R B SRR 55, Wi 55 A G RO LS MR A H b, 8 ok H
TRIZ "7 S 45 6 TR IR 58 VR A A S B In B EAT R AR B SRAR 1A% ok . foc ), SEBLm O RE AR 25, $ (it o
DRI S 2 A AT ARRE A BE T LA PR S By 0 o (0 2 P& St T THT AT TRE B A 2R A b ) il A P 5 K e

o SRS AR A K. B B RE R BRI N, 1505 SRS 2 10 IR U K. X & SRS AN 2 B RE A0
M ST T A Ve T 52 % AT U S B AS B T AL, 490, 1R 3R o SR A B DI S SE AT P P SEmes, 22 R AR s Ak 27 5] o it 5
WG O PSS, NI SERSRGEIZANE TIAT. X T 1EgEIE, H ATRT 7T A 7 1) E 2RI AR B 248 11T
S S SR 5 P21 S e AR B AT IR Y, LRI R MR AT RS P4 TR 2 e AR R
230, AT CAEE 43 A RN ZR AR 4 2 A 27 50 0 i 7 QU 1) 52 2 R AN SR, 22 TR 46, A PRI E, 2 R
SR 2 3] AN SRR A R e PR BRI D T T 1 SR 2 R R B R R O i, T 7 AT IEAE 25 ) P ad oA s 2k
TR ARV SR 24 T ) s ROR AR TT 58, 30 TR DR A A 22 3 e AR R Gt 1R B A AT TR S

o [HZRES MM M. 228 BEAA TSR S5 R B R AR IR A2 ELOR R A 2%« A5 2 B0 20 PO 5 DR 3 2 3 I 2 A
RUMI RN AE, BRI 5t 5 0 FAR AR R BRSNS SR AR B 2% B v S5 1 L. A% GEAL a7 > U 70 5N I i B A5
YV B A M I LA A P2 R B I P E U, Bl D SR SE SRR R R, R R, R R R A g8 2
BRI 5 R0, B e A ] 58 BTN BR R A8 BN, B R 2 (SRS TR - Al B 5 SRS SR A A M) T 2
DA _E TR TR B AR IR S LR A, AT DG T W 2 o0 B0, ] e PO R A A A 72 ik i ]
F TR B R EOUL N HEWT IR BOIRSAE B HAR R RE AL IS B DL S SR B TS SR — TP 1A . B AT
&, ARSI H 2 B R AT SR 55, M S 5 5 0 OB R IO MR SRR R AR IR B TSR 55 1R S K.

o IR THIRIMBE S AR H PRI, 75 2 8 R R IR S ISR I R, 774656 18 22 IO L& MR H AR, ARS8 a8
S AR ORI S, R T2 X BEVE AR BOROR W e SR (EL, AESRPRARSE & BT, TR
Wb R )T SRR < B JUAR™, BIANRT REA7AE 5e 4 B AL RITHm ARG, Uk, AR SR g, LT oe 4
RPN (R B SR T A, R R ARTR G S0 R MRS UYL SRR U A A A TE T SR
RIPLAE HAREEAR. DRI, 22 REMA SR AL 2 S AN TR A8 T X S PRV S T ZR Il , 75 B SO m T S-S5 1
Ui SR AU SR AR H AR SESERIE S, FE Wizt AP o, S8 AR ORIE FUIR A TG R 2.

o RIZM R I IEFRANTE & A5 S8 BN ZE A ZF i) 8 DA 2 T AR s sl A 27 51 D5 0 B A T 1 R
R AT SICUE B 0020 R R N F B S B KRR (A 8 2 IR USRAE 55 b, B TIRIE M 7 5N, S80E 2 8
e AT IR B SR A e, B 4h A 2 AR KA B R A i B s AS G . H BT A0 R A0 22 3 RE A Ak 27 31 7
T SRR TR SE IR 07 AT B VPN T AR, 10 RN TR FUAE SEBR ML AUH M BOR N (/2R A0 22 8 Be A s ph 2 > 2
WA R, BRI, G5 SRS ST BOR, A7 2 8 REAA IR 52 2] S ZR R 7 iR M SR B, UE R FL R At B
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A ABRZE B SR A H A XYL SO R AR OR AT 72 75 170 F) S B

o FEAH A, X EE BB W FE DR 55 S 36 0 HOA, SR 2 4 RE AR I SRR 55 th AR AR T I 22 S e . A
EARE . R0 DL R O SR PR A 5 2 W, TR I 5 2 PR A o] 2 AR AR R P 8 e i ) e, — 2K
7V T o K S PR BT AR R B8 S0 SR THRE AT F 2 0, 7E 2 R Rl Ak 3 5 o R R T A I T AR R PO R
Bl A 1 B RF I R PR 2R PO I . LR, 53— by v T B B e A 2 > i SEL AR i WA 8 28 e B s e et
AT SRS )% 23, 76 O BT AR F 232 P20 [ 1 Rl S AR A B9 B PE 2R 38 TLIRAS . B R aRM0  o] tt il — 5
2 B REAAE TN 2 B, Tk DL BRTT AT SRS IR 7T, S oKL, WF 78 S8 0 UM B8 5 S PR 55 1 22
B, A TR 2 B BRI S B EOR T BUR TR A FH 28t 2 AR SRR 5 18 4% [ AU 7 (1) B L A0,

o FEMKZALYESS. VA S b R Y SR8 R 22 780 e AR ik A 2 50 05 25 SR AR F) SRS T Wi 2 AR 22 A 1) A, 5
W 32 PR T AR AR 25 B stz v, THOO 3T PR 5 010 ROt S DT R, X4 2 BRI 24 1 7 AL SEBn TR & 1 25 ) i o
(L P POS20°1 5 iy A (1 v SRR B8 PO R Ak BT R s TE Ak BT 3 R o 3a
Tz S SEEAEHA B Kz AR RE, JF BAEBOY AR U REfA SR AL 2 ST S0 L BB B IR RS 00, #e
MR AISRIEIX 4 ANZ AR R T 22 8 RE TR & TSR DA %, B L3 (U4, 34 RZAA 5 RS 2T ASE N # 6E
PRECERVE REIRSE S B SC R AL IR AR, SRR, AT TE S AL 2 ST NP AR 85 L OBz (LR ), St
GEFLE 2 2 OUE I T A5 18 2 B et R GEH IR AT TR, A AR RSOk 75 24 ) L2 FH v b ) O

o SEMS T ARRETESS. AR AR A, B K TSN 5, SR A SR R R T AT AR, BRI
BGOSR BE A L SRS AT AR VR ISIE O — PRV XL H AT B BE AR AL ST AT AR FU 0TV N
HEMRFRHATH I, IFEAIUA J7 128105 P FE AN 5 TR 7 20 7). Btz Ab, — S SO o AR iR 5 5T
BYOHSAE, 5 SCHRAL: STRTARRERG 3 /A I L, RIVFRISEMRRE . AESSARRE. SRMARRE ) STk [275) SERANE0E 54
TSR ST AT AR R ST I TR AR MK AAE . ATE RN PR L SRR IR SE 2R V. T TR S R
AR 5 TS I A, SRS FY T AR O I 12225 P8 S AT AR eI T IR PR TS S S E R R R REAR I 78 e PR
AT BRERE DL REpAS B Sl (3 52 RE A oK, AROR AR RGR NS FUIR & TR SR vl Rk, SR 5
TEZR SR I DK B2 AR 7 MK PR, T BT SRS £ P A5 2 DA R 22 4, die & SRR 37 5 A L 7 3.

7 B4

A TR LS S P R P TR, DV A5 5 T MR 2 963 . A% S0 BT SR A 2R L, 1+
W T R B R A R, OF ELggk H TR ST T U A SR e B T 2R DL R S A SRR
VRS HOARE L DL S AR AR B R 5 2 1, SECYRTIT AT G — Ik R ARSI, A5 SCEr 0t B
AT IR N T 5 s, LA, A SCRE S R A AR IR R S 20, MBI SCERE ) 26 H fe) F
BRI JLUR, AP T 2 IR A T e AR S AR AR BB, D T U4 BT RS H T 2l Rk
STLAJ 3 S A B G, T T VR A 1 2 1) R LA T 3 S A S0 77 BOEREE, AMT T 4 G BF Bk S R
JE 7. BAR, U S RTIORT T TAE R Z, (ER AR AE A R R X MR, SRARBIG BT . T iR
AR LS 25 5 1 1, -t 2 % Sk i 45 B 9 1 S ) 7 157717
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