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Abstract  Artificial Intelligence (AI) has emerged as a pivotal force in the latest industrial revo-
lution and has become a national strategic priority. The fusion of Al and game theory has given
rise to “Game Intelligence” as a leading research domain. Among the diverse facets of game intel-
ligence, Imperfect-Information Games (IIGs) stand out for their ability to simulate the strategic
decision-making of multiple agents amidst private information an accurate portrayal of many real-
world scenarios. Compared to perfect-information games, 1IGs offer a more nuanced understand-
ing of decision-making processes, making them applicable across various real-world domains such

as financial trading. business negotiations, and military operations. Recent strides in IIG research
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have led to the emergence of two primary streams of offline solving methods: Regret Minimiza-
tion and Best Response. Regret Minimization continually refines its strategy towards equilibrium
by learning from past decisions, making it particularly advantageous in scenarios with unknown
or uncertain opponent strategies. On the other hand, Best Response fine-tunes its strategy to-
wards equilibrium by devising tailored countermeasures against opponents’ decisions, proving
pivotal in training Al for large-scale real-time strategy games like Starcraft and DOTA. The effi-
cacy of the Best Response approach hinges on its ability to anticipate and counteract opponents’
moves. Moreover, search-based online solving methods optimize blueprint strategies in real-
time, facilitating precise Nash equilibrium solutions, constituting a critical technology in IIG sol-
ving. The synergy of offline and online solving methods equips Al with the capability to navigate
the intricacies of 1IGs and attain optimal solutions. This survey aims to provide a comprehensive
exploration of the realm of 1IGs. Beginning with an elucidation of IIGs’ concept and their distin-
guishing features, the survey offers an overview of the methods employed for their resolution.
Subsequently, it delves into the fundamental principles and historical context of these methods,
alongside delineating advanced techniques to enhance their efficacy. Additionally, the survey con-
ducts an exhaustive comparison of the strengths and weaknesses of various methods, while provi-
ding insights into future research trajectories. It is our aspiration that through this comprehensive
scrutiny of IIGs, this survey will drive advancements in game intelligence technology and contrib-
ute to the development of artificial intelligence.

Keywords imperfect information game; regret minimization; best response; safe search; rein-

forcement learning
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A tosos] | H i ) R L s R R /N (Counterfactual 1/3 \d_i el -1 .0
regret minimization, CFR) NAXFE — R ¥ T4k, k& ) 0 .02 +0.2
Je B AR e T A R EDY L TR EDT 1 b i R, (@ H
VL. IR L N TR TE R bl N TR B ¢ dh 2
e 9 55T CFR 5Lk i 1k R ik 4 15 K I gasms (L1 L 00
AR AR DG OB A, P A R BRI G % 37373

WSk BE S5 R UL S5 D5 ThT. AS /N B P 9 1Y

L5ty A

41 RM Jz CFR B3 (4 O #E B B 43 32 7= A
MR, B2 ES % CFR Bk L8R,
gy ©0 @
prs R BT
CFR+
VRMECER o e I KM,
@ Discount CFR L
Deep CFR
pream simmpam S © HERSHA o
CFR+ 63 | [ MCCFR[B4] |
[ oiscountcrritsl] [ vrR-mccrr1891]

| Deep CFR [82]
7
Dream [B84)

P9 kT 3B T T 4 5K A% 5 1k K J bk 4%

3.2.1 BIR[HVCA (Regret Matching, RM)

RM J&—Fh 28 L 7 22 o) St L i s
— AL A SR s Ok TR NS IR T R
SHAE B IE F 2 A5 % sh 1R 19 I st iR (e, a0
NRE R

IR" (a) |. .
~—if > [R"(a) >0
o™ (a)JZ“LRT(a)' “
%‘, otherwise

(6)

10 RPS 125 o — % RM 550k 53 Ui A2 18]

RM+ 8355 78 RM A9 566l B, 4 v o) &
Q" (¢) =max{Q" " (&) +r"(a),0} B/t B FH Ik
R'(a) . WERMF . Q" (a) BFT it — U ist &
B8 2 2 MRS R ) R st . AR S Bris F
RM + EH P T RM Ayl Sos - g iz s
HFIEEmssh ™™, ARk, — R 5 45 A
IR B AR B R O SR T
PEiE—F 3T T RM B 3L A St e
3.2.2 B EmE/ME (CFR)

7€ EFG FE M RM 553k, A6 disy
R R NREE SR A4 T A7 4 5 W P 41) Y st 4k, 3 46 [
T4 EFG ¥4y NFG P17 3K e, 52 4% B 2ot .
T CFR 503 38 i 26 40 36 10 S8 AR, o /b T
FE AR Ok 1 AT 55 03 il Ry B /AR BE A AR B AR Y 35t
i, AR A O 5 1R B H A G,

1E EFG M isloE Xl o (D= X5,
Hro?(h) = Ezez.hcfra (Du; (). AFETRERG

BEZE, s A EME o () AR S
Fik h X —FH &M 77 (2) == (W) (h,2) 1Y
Fh MBEAHER 27 (h) . XEHT— MM EE P
TP, BATHEEW D B ACHD) , B
n° (h) ZIEFEWN. CFR Bkt — 0w LT B mE

(Counterfactual Value) v7"F (h) .

0T (h) ==, (h) 2 7’ (h,y2)u; (2)

=€ Z,hC=

“U[:(h) D)

D
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B SR A 7 e 5 6 L B 2219

H5MWE o (D AFE, B AR T RS K
DI S W 157 S ¢ 1 1 P < R N 1
! (h)—l/«{ﬁFTﬂﬁzﬁlE@EBﬁﬁ?ﬁ,ﬁﬂé. Sy A 1 N
—WERI A, 3 —2 0 o™ (hya) RRTERTT
S umz_h?iLﬁZﬁWEa 15 2 1Y M AN 1A

07T (hya) =n7,(h) D) 7°(h +a 2)u, (2)

(8)
AT E B T Bk o BRI S - (T,
ST a) —ot T A AR I R 0 3
& RT (1) = max,c 4 LRI (I,a) | . CFR & i
BT f /M T S A AR 5t Bk 4 A 55 AT o3 i Ok B /I R
ME BRI, DR < > RICD » Wi #
X G b DR AR T TR A SR e M s B B AT
SR N 15 SR = N~ -

CFR 895 — 5 20 i {5 B 4+ i3 RM
BRI R W T AE T AT R R W S 4 A
WA 2.2 B SEB M E X BATLAILL 72 (D
P A AT INACE ) V8 60 (D 2 8 T ik

a)=v’

He— 15 B L AYF 34T D S i TR 50
> G (et (D)
g/ ()= o (9
> (D

REOE I 8 v i JE R Lk 1 5, DL RPS 1
gl fil, CFR LM AR ME 11 i, CFR &
AT bR IR b n W P SR g AR AR
I T A T O B 3 R R s

it

” { step | —s ¢ AT PN, FHAEEBBARR
step 2

-+« FEF LW, el

step 3 C o {7 P 7 R0 0 30 9 AT - S Al AL R,
F A FH R M 3 o i
step4: HHECFH R

B 11 CFR %33k i 5 oo 72 00 50808

3.2.3 SRR RS/ ME (MCCFR)
MCCFR # CFR 5 Z ¥R i#% (Monte Carlo,

MCO) kg G, R Huih It E oG 8%, H

T R AR R DL 1 A7 AR MBS Rk T

CFR 5835 B0k Jy SEOR I 2R A A i . AR AR SRR
v, ZALFIE S Z AR RAE 7 BRI o s T
B£H Qs EXHE=(Q,.Q..Q;,,Q,} . MC-
CFR f5— % M 45 7 2 R A J7 28 A8 1009 HE %8 40 A
AQ) RMETH Q, » JFREF W EE Q, h&ILF
SRR B, WA, Q= (Z) , MCCFR ##iB fbp
CFR Hi%.

ANRRAE DT AT HE 1 F 2 MCCFR 28 Ff, H:
R R R 45 R (Outcome-Sampling, OS)
AN R R #E (External-Sampling, ES). f1F 45 £ %
P, T T Q T & — KA ILFH =, H
VQeaQ. |QI=l.q(x)=r"(2), Hrh g E—nlik
R AR, TR 12 (b) FTR. S5 R R —1H
B EAURME — A3 fE, B m EE R (Model-
Free) E’Jﬁ/kﬁi%ﬂ’] 5. b AR A DU AR AR X T A
Ml R AR H Gk 7y o .M —%5 VQ €
Q gk Iy BAEX FAIML S Bu sk By s BRI
M fEAF Bl VQ € @, Vz2,,2;, € Q.q(z,) =
q(z;) =%, () . AEERFETT 0] LUE AR A 6] 1Y) i
DETTT5 AL S5 R RARAE A — 15 B AR BB R TT il
P AR SRR AR BU R H B 5 BAR BRI 7,
Bl 12Ce) fFrs.

G SR HE AN (B R SO A1 T O £ 11 1B
BHA B A 22, B, O 22 D E R A7
MCCFR H 382 (. 361 2 U 2 vh s ol A%
i EAE, VR-MCCFR 75 B R A HE 400 5 4 oo A 3
28 PR L b,(a,[,a) :

2 (o,1,a) =0,(6s1sa) —b,(csIa) +b,(cs]sa)

(10

H o, (I,a) =E [b,(I.a)] . MIGZER 8 i F
EWHL ., 454 0 ZHIEE W RFEFE L S =,k
a & = B, BNYE a I RAME R LM (B 23 3% A FE 2R R 5L
B4, MW 0, WE 12 (D IR,
W75 22 Wl 9 4k, B A — 28 MCCFR #Y 5 2 ok
k. Gibson 45 A 4 H R 4 Bo 52 °F- 24 5F w R A fE 1%
$&F+ MCCFR 7E K 2 3l 4 25 8] 8 28 o 19 i 8L
@Az[%]
Johanson #& i} 0] i £ X MCCFR, i i3 15 X+
B 5 AA DR T T REEHCRSY . Michael %A
¥ OS-MCCFR ¥ Ji& Jhy 78 42 455 50, Jackson #1 Li
Jela MR BERR R —FP 4 T OS F1 ES Z [H] 1 2k

O CFEHAR LR LA,
M.

A9 @I A 4 —Fh
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2220 it =2
(a) CFR (b) OS-MCCFR
(c) ES-MCCFR (d) VR-MCCFR
Kl 12 CFR 5 MCCFR £ 725 {4 [i] R AL % 1
FEJT =, R SRR R IT R HEAT T & BT
3.2.4 il E/ME+ (CFR+)
CFRH+A %X CFR Bk 7= okt &

Se. TETFEE YR BT CFR 51 ASS U AH X4 M AL
il:
D Gxf (Dol (D)

> (D

HK M CFR+ JF iy, 38 8 58 o & 7 =0 n Ry
CFR RV BB E . Burch BF5E THEZBEEH T
RS AR EE 2 M A O &R E B T 38 B T I IE
BabES . 13 R T AS B T BT O A — i AR
)i, CFR+RH RM+0E T RM 17 9K BE 5
B fESLhbriz Ht, CFREB¥REIM T 0T
F R PR RE , HL R 2SR MG B T R S 57 35 5 s 1
WS

o/ ()= 1D

(7%, 73)

|’7“

(a7, 77)

52 LT SR s e

7

(@, 01)

13

DCFR 7 AT 15 &y i 4k 2 0 7 et 763t
B ZBGR R A KT ALES . 4 RM B R R
TN 4 B 2 B 7 NFG b B A B3 30510
DCFR G 46 M 13 i = A~ Z %0 o .87 (DCFR, ;.,)
3 0 ) IE SRR G L 2R R R S O 38 5 s A n
BUH B . Zhang 55 A4 H —Fh 2l A5 AL 3% 8 LS
Wk b 358 A 1Y A R 4% I /N Ak T 2 SR g i Tl A
FELH L Xu NGl gt [ s LA 2 (Auto ML) JF
k5] CFR Bk AR o i R i 4 262807,

IR ERR R T LIS T — o R
3.2.5 CFR MELY Ik

MBI AR CFR 3k B TR
it 490 A PR 3 M R s X R B A 107 5 BAESH
B KA 58 65 SR, (H AR DY R 2
HRMA g, FlandiA 10 [FERERE N
TR FFE N b w. pbAh, — SRR [ E K,
Te 3 A SR st (E. tk, CFR BkH %
— e TG LAY R 2 R B IR 24 T R R 2 )
LRGSR R AR FUASE (0 I b i 0L I

Y0 7 Tz 0 T s 22 .
XTI AR R RN 5 e R B4R . KA
TRl 52 SR R AR AR (L /N R AT R B, AR
S B /N AL T2 %) 249 £ SR e S [l R AU R v 8] 14
s T AR T — e R, T 2 S AR R D
AR EmA I,

o o[ |
= A\
am | [Le el §
4 —
e |t
LI
{éﬁﬁ‘-
P %3] i’ j

125 24 R R

[ 14

MNZE MR T Ly NG BT, ShiEZ
T RB Be 2y fa 7T A5 A A I T X B
HAE B, TEFEIHFDFE b, X358 ) Sl 1 3 A ox)
FAHE . A 14 e — FroR. 8758 55— ik
H1 52 7 R I ASE UL 0 0 B i AR VT4 . S VR 24 ] 2 B K
P Bl A ORI 5 B 5 O AR I S 1 . 91 4 7 7 b
SEH, AT RIKE I 2 0 R T RN B A S A3 B X T
WA, 2 BAA B8 R B B R AR, ] Fh e
B FEAR VR LB AT IS A B B 2 AT ) o 1R R B B
O3 RS, PR [ B BOR S . AR 2 1 S T
JERE AR PR AF 5 D 12 A [ 1) Y 4, W 2 T 3 Sl T
i 243 T FNAT 20 ff

T N TRt 24 187 7 AT AT T 2 45 2 1Y 45
AR, BB ZW M. AR T ERE,
i ) N BT 0 24 17 7 vk 2 i XA i B i 2 I 4%
HEAT BRI AU A B W N R DR B R AR Y k.
Keven 58 A #2 H Y Regression CFR & CFR 43 1 5%
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FRLEAR X HUSK M 1k 5 X A A 2221

T8 A oRBGE U A S ol it e X — &
GIAE BARRRAE , 7 FH [l 05 AR AR D 0 L 3T 5 2R AR A
R, 5T X AR, Brown T 2018 4F 48
Deep CFRY ', 3@ i3 Y 2 i A 1 2 W 4% V(I .a |
0,07 (1[0, 5 3 40h5 B TSR AN 34 S s Jffiff
FHGE Wit My F M, K 43 500 A7 i 1T 01 25 0 22 55
Deep Y ZRHEZE J AR WAL 15 FToR.

R VLA
(1.7 1, a)
o TR
S
ey gy ") SESETTRZ ®
DR Mg M,
: o R ‘
"""" o —~ g
SRS B2
‘F%ﬁ;lﬁﬁéﬁ

Kl 15 Deep CFR %3l 5 4E 42

it fE BT M A 5], Deep CFR 2 k4T
Z K ES-MCCFR i #2. 35 15 1 R A i 00 35t 4k
r(Iya) HAFA My T2 R RS IR R0 2% . 7E XS
FHEEE L, BRI VU ,a | 0. FEHERK (D IF
HEATREE, WA LB (Taeo) FFAM, T H
TNV 2 R ms W 2%, FEfEM Fb5E |, Deep CFR
AT T Rt NFSP RRCR.

[FI4E, Li S8 N3R I T 05— B0 4 W 4 1 SE 8 7
% Double Neural CFR" (DNCFR), 2% {ul b {fi i
PIAS TR B 28 4 D 208, JF$2 i T — 2841 X CFR
B g P45 2k 3 75, Steinberger 2 SD-
CFR™, STt il 10 45 BR324 5k . AT
TV M 2%, AR T BRI A R 25, Stein-
berger £ Deep CFR B3 filh [, 454 7 2 Hl Ik | 45
FORMEAF BT, 2 B TR o ) B O R A Bk
Dream™", H A5 IE 58 3645 B AR A ) 1 3£k
Bz — HANUAEFEMNFh 5 A4 LRI, iE
TE Geister™ _gin rummy™™* 25 [ 25 th B8 T R 4%
B H. McAleer 42 H T ESCHER"™, B # I 4
D3 24 e BOo RAREARAEAT A, O R Al T E
VB FE 4 DL ARA (B 7 22 . 7F Dream A9 LAl b iF
— AR T T WS B AR E . Liu SF AR T
CFR Bk 9 A 28 587 7 200 0 A3 09 Rk AR 8
FIFmAE AL I, B — 2B 3R TE T b2 2% Y A A
PERE.
3.3 EFRUZEIMNKRMBAE

P 8 T R 7 Y T st i B 12 0 FH i A 5 Ak o
i B IE IS K (Actor-Critic, AC) HEZR + 43 4

fl. B, (o, 1) S5t bt Ui 3 J7 ik b 19 A v 1k
HHE (normalized constant). {BfiTAYEE RAE T HIB
PORIRIER eI 87 S (ER 82 (1 E 7o <3 o N i s )
WAl o7 (D RAEBCR @ B3k T BYRTHE T 9O 1H
XFTPX T — i WA R, TR R eE T,
T MDP (520 RSN 2 Bk RE T 504
TR, XA B B T . AR AR S
A sl ) e IR (Advantage) PRELA” (T,
a) = q"(I,a) —v" () 5B B - (1) FIFE

HETHIFMER B (6.D = D], 77 (h)

V(1) =L ey
Emni,(h)
4 1 c.CF
¢ Uwa) =—0"F(Ta), (12)
D0, )

Srinivasan 2 A#E—#8 ., A2C (Advantage
Actor-Critic, A20) 53 % 8] TR 1 GIGA™ fL#&
RM {2 5% s 5857 ML 9 CFR k. 481 GIGA
TEAR TR Z5 4 R IR B A Jo st ik 0y PRk, Hh 3 SR m [A] £7
FEAH LSO G F . RIPEZE LA A% 3% " (Intran-
sitive) , MIS7IZ 4T BB BRI 9B 1k 27 ~ Bk ) A 1Y R
W 90300 7E 22 B R MR PR 45 rh AR AT 23 AT PR 2 R T
SR LEIEEL TR

BETRXRRIER AR, e TR AR A 40 O B T —
FY Fl A TG 5t SR AR 1y B Ak AE 2 B Jin AR R
th o 8P R AL (AR S ST Y A0 (7 350 0 ) 0L 3
S A A R REY . Kash % A £ Q-learning
BLli 455 Jost iR B4R T LONR 5%, IR
BT e MDP il S0rES . Yasin %5 A 5 i
BRI T Politex FIEDY, G T L1
MDP Hr st b 5. 7E 2 B R . Sriniva-
san FF N5 T M H PG/AC HE B8 1) 5K & 58 35T Il 2
(Policy Iteration, PGPI/ACPD Kyt {1 %, Jf
ZEE LR FER S, B T BRI L (Re-
gret Policy Gradient, RPG) Hl i &% VT fic o W& B B
(Regret Matching Policy Gradient, RMPG) %/,

V;{P(;‘(I):iz VoA (1 ,a) jn
VEMPG(I) — 2 Vﬁﬂo(l,a)l_Au..o(I ,a) H (13)
SO AR BB 0 A5 B o M 00 05 B M
A (Tha) = ¢“Ta) — 25 7" (T.b)g* (b)) .

Hennes % A M3 AL 2RI v i 28 U i A0
#h% (Replicator Dynamic, RD) H & # i NeuRD
FEAENT S S E BT Hedge™™ 1 Sy it 48 5 /1N
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AL E ] ) CFR 283 #1di F Softmax VE b 5K W& 58 5
HEN PG 5955 RD MIMERR, JFET RD E
BB REH R

VYR (1) = > W,y (T.a)A“"(TI,a) (14)

Hod 3y (T,a) &KW M 4% KBt A Softmax JZ Z |
B logit fH. FH# PG &, NeuRD f# A logit fH AT
B 7 (Tya) o TBR T 6 BE BRI 45 ) 7 3
FHHRGERFIEIE, F Softmax PG 7E HZE b H
A TR U SPE AR IE . Lockhart 26 A4 H T —
FEE A 1528 B9 SR s B B2 55 0E TR T R BE (Ex-
ploitability Descent, ED) ", {5 % T % B 13
M) J37 SR W 1) i R HEAT R g ALk, X5 — 28 CFR
Bk CFR-BR itk 26", SR ED 5k
FA B 2R WSO R UE , 8 U0 25 09 X Bk
LA B f5 A el 7 RIS 315, U7 B 5% 1 SR s AR AR R
AE [ I 830 40 A ¥ 45, Morrill 25 A 3 51 B 1
(Sequential Rationality) M BEIERH T bR S5t
T PGPI/ACPT B #2506 () Jo st i . i 5
O3 AR BE SR AL A S B RS AT B R AL, Grus-
lys 88 A$2 it ARMAC 53, il o 77 i i 50 5K i 45
B& Dy A A B R R AL 2] ST A Ui TR T
TR I A P Bl 2 N 4% B B i A ) Y Fa 4
N AL B A B 36 F AC HEZR4R H ACH Bk, Jf
TEAHEAEIN F v AT TR AR B A MR ) SO RS o
WS T R R RYY . DeepMind % T NeuRD 5
FoReL 51125 i 1 DeepNash 2 e, 7 74 ¥ Fili
ZEHE (Stratego) ™R 5 AN 28 UL Bo 58 DB i %)
FERE S

1E EFG #8122 41, 554k 2% > B8 Ry 4508 1Y)
POSG fAI Gk 2 P Cf B — R 5 F & 5T T
PE. TR B B R 5 R i R B R RT3 T, —
e FLHH T 4E {1 Nash-QM | Friend-or-Foe QM 4%
W58 T POSG H By BRI AL — R A A 2 T AR
U TR THAE X AR 3 25 58 A 1Y S 15 A5 4R Y gt
At /NGRS RO ks i 5
AR HEY RE2REHEMEEZRY b
de. AR, —LETAETE AR 00 B R 5t A T FSE
TR AR IR LM S o Bl st
SEPERT, JRHUR T W A SCRE T AR
T AT BRI SC SR i J7 vk . 2 A 5 POSG
I ) T 5 9E J 1 5 ) 2 SR [37-38 .
3.4 ETHEZORUNKERZE

FEAER, —FRAE L EL ML (Online Con-

vex Optimization, OCO) W f B A 22 > 1 3C
FR A TC 3 1) SR A D7 AR AL T BT AE SR FE S
A AL 2 A% G2 — Bir 77 % (First-Order Methods,
FOM) WYFEL AR, H R X rh A A S 800
F— B b B 15 B AT 2 AR BT, Bl dn FTRLY A
OMD!* Ak 3y vk MM i 22— 76 F T i
T B A4 Bl PR EX (Distance Generate Function,
DGF) DIRUEF: L Al 47 1k, X0 T EFG 197 5
W& 2R . Hoda 558 N e 542t — R 2 /9™ 22 1 14
KA Treeplex, JF I T 52Z LK) DGF
B R OCO Bk 1E EFG 1§ 5 F iy
JEM D Kroer '™ il Farina '™ B J5 45 1) 3 — 5 0 5%
T LR AR [CEE B A 9 44 DGF 2 A — B 3503
Wesk kBT, JF NS B AR IE TG T CFR MY i 8k
M.

A4 OCO RANF k5 LS B @by RM
FEEERH T EEMAR, (H4E5 FiX A %
AR DIBK AR, Waugh B 62 7 RM 1% 5 Du-
al Averaging'"'"™ 7F # & 1Y 2F o) R E T 2 % M
95, Burch % T RM Al RM+ 53k 5 B (%086 )i
T (Mirror Descent, MD) DA K FHoAth i v 446 )&
R 771" Farina T 2020 453 32 £ 3¢ 38 K 7T 35
Pt (Blackwell Approachability), iER] T FTRL #l
OMD "] 735 78— 2 5 F fis 7 RM 5 RM A+ fir
Y Liu & AHE— 278 EFG 4 5 fL /R ik
CFR #l CFR+8nl ¥ >8 FTRL 5 OMD f)—
FEFRRG O BT RPN R R, — R B SRR
PR R AT R R R = A TTH AR R T
OCO RFH %5 CFR (RM) B kg —# K
Glgii

TE R F SR T, 25T CFR 8.1, Farina B
Jed it OCO 53k 9 Jm 3 BB X I AE LR At 1
P T G— RN LN SHE R E A A s
Be/MER Y. Anagnostides 2 A\ — 4 T —
FRERST F M AL s8I 2 A ik JERERE IR A
RVU P, J5 8 — 2 TAE @ o R 2 4 27
T2 OCO F732 11 Jay 305 T B WAL S0 f e >

TE R 2R WS R T, — R A ElA KWL Cop-
timistic) V5T Y TG 5t 48k B U5 O 45 R 7E 2% 2K IR 4
SRV AR T EE R SRS B AR R A
— 7R AL ST B R B R AT IR,
1E 2 I8 3 50T RE 8 51 5 0K mg 1m) 35 7 A0k
ST R K Ty ok ) s T I 5 B e R T AL IR
7 —FR 57
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TE TG 35t B3 vk 1 T = i A A 1 O U I/
TSN T O A RS A B DL e 5
W SO R A R B e A TR M B W B T X e A
#%, Perolat I\ FTRL 83 A T, 4 1F W] 16 2% v g
B AENE LSS o) e S W eI PO L
TS W AF DG 1) 26 Jily (5 75 SR M FL AT 7 e 24 SR s ) i
SRPE 5 — B TR A IE N 35T S5 A A 2 o) O
WAL, e R R T SR e L B T R B ROR

TERAE S A 2T, A0 fa] 76 19 5 AN 0 5% 1 9 45
o 8 i A PR AT R A R AL E (bandit
setting) T WIS R F A A B9 F 5 2 O — H Rk
. BRCHE SRR AT A B ) AR R AT 43 R SRR IR
FE R TRORIAR R DL KA 2k pR AR T =28, X =28
HUH AR TAE MR 8 FEID B LK 3.

TES M AR AL B A A R i T 5 Ak 5 2T RN T st i
B VT BE AR 7 ik 7 T 417, Tomar 88 AFE
LFIWMMEANT, 4546 MD BB =088 T8
) PPO 535", Grudzien % A — 2548 1 T8
I Z 814 2% > (Mirror Learning) WJHEZYE, 148
K 2 B0 A 2% ) B VE R T LG 2 X A HE B8 4

®3 OCOHEMRBEEFREBHI L

FEHER PR R AR

Farina et al, 1'% ACpoly (XY A,B)) /e’

SRR Bai ct al. %" AUXA +YB)/e®)
Farina et al. [*% -

ST RO % Zhang et al. U"iﬁij A(S*AB/e®)
Zhou et al. 7] —

SR R Kozuno et al. 7[I38] AUXPA +Y*B) /D)
Farina etal. """ GU(X'A° +Y'B*)/e")

41 Sokota 8 AT HIKR , R T —HTE

Ak A ] AR Bl TR 3 MMID, i 75 A5 [R] 45
S ) B S — K BB RS 7 Rl —HE 4L R it
3.5 N 4

AT T =2 as ik dme /M Y SR A SR SO
#E. X =R EA T R AT B S 7E 42 ) A (R
RIEA, BIES B S & Rt fE b e i i 2
FRMA RE . R 4 XX =T AR
A DL AR AT TR LG S el 25 A P Ak
I 1) B S PR AIEPE 5 5 Ak 2 2] ST HEAR AT R
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BT 5 A58 Y E 2y 1]

F4 ETEBHHERBAEI LR

Pk KR AT I MR 2 e
CFR! e g o e .
- REH B, EHAEY BN, R Mg R
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o ) - T A o FLAT IR B S R 2 11 RS I AT 52 2 M 1
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. o L BTAARRERESAR R L 5 (I
Deep CFR RM 57 fe /b 42 Jmy st ik ) ) T PR -
DREAM s T RESE S X — MU R P R 22
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Farina et al. "/ CETRMOER, T XSRS, BRERS
e mEagetemwm. b mEEEE
ei et al. W5 1 225 3] o B — B L ETE A& ik 5 RN — 37 PR MR, ME DL Ak B
B 2 ) N V|
HTFAROEANITE L etal, (1 S SR E S S e b
WEATFHRT R E N \ " o
MMDL2 ) it Treeplex AT7EMEZE  — WIS B AT 50 Ik 4E 3R %
FoReL[52) N 2RI Jily e 7 P 2 A

4 ETmEMNMAHIERBETTIE

T d R L A 7 3R SR A AR 5 6 A5 B IR Y
T — RKRHTTE. AERUGENR . 2T S i N Y
7 5 38 3 O Xk T ) T S AT A 3 A e A i A DA AT
SR L% A 08 B K 4 A, 5 T b i Y 5 Rk A
FU e T i A eV ) 49 087 SR g 5 3 T R R A A —

R PE IR R R SR, XM LSRR
PO D) A AR DA s, bR .
(] Fsf o T 3 B3 e A i 3 3K — A B AT P T 4 5 Ak
SO BT E iR N A S VE AT L T s e
BB E T R B AR R B Ry &, &5
SNEE T3P 2R B I DX R

AT E S DN 28 8 B 1Y g e 7 GRS UL T
Fl Double Oracle %, 43 3 23 A AT 9 Ji 1 Je 2k



2224 it =2

U

2024 4

2. B A4 e AR DI ZRHEZL . e LA A

Xt 2 T i A O 7 11 249 78 SR A D7k AT R EE A

x5 ETEREELASETREMEEZHER

i T e A ) 5 1%

BT s AE 9 57
BRGNS CFR J A5 Fil
W T3 s 1 T U1 3 7E (better reply)
B 5 58 AL % 2] P Y AR A R B (Advan-
5 S Ik tage) AHIT; AL — 2L 7R £ %% 2] (online

learning) H' 415

M THRELEHANE, ZH THELEM
SR, PR Ss

A A IR S5
RUE B, BRRO M 0

NELIESESR R BGSE . BRI . K2
Ja BTN 2 A 2

RS Jo X S
158 Y A RO R B A A

B 5

NFSP, PSRO K H: 7% il
WAL E (best reply)

T 5 o A O 58 43 T AR FH 5 Ak 2 3 SR R
BRI I Y Ry FHMEN LS, B 5IC% Y (meta-
learning) 454, ¥ kTR

LA TR R AL 2= ST, S T RRAE IR, AR 5

KAV SERAF S IE PO T B AR MR, 7 SN Z s 25 2 4p
th A — L8 17

4.1 EHIEZ (Fictitious Play, FP) R H K

fERIZR I h — R E g IR EE,
P gEt Y (Fictitious Play, FP) 784 — %8 W AR ¥
AR TEZE 2 Py e o0t T 2 00 YR . IR R X i
A T B S A e B R . BLHSER], X
S i Ao ) 7 5 ) T 2 B A5 E DU R R R | Sl
JR AR AR TP S A Y R R L R
R ARy Vi € N

) 1 —1
al.. € BR (o', —— >’ —aa € A} ),
© =0
1 1
s :(1—7)0; +al.. (15)

S — LR X T AR B R M o, 1Y Bk
Wi AW BRY 55 08 BRYIMA A B By i 1572
w5 CFR —#F. FP 92~ Jii ke 558 b o
2] Actor-Critic HEZR B MARIZ AL, BRI 7,
FP B B KM (Actors) AW 25 Hobs B (1) B/
i 07 S W (Critics) J7 ) B8, 76 B 2R h B K
Hits E M8 A 525 1 58 %05 BT 5 f AR i, T
Tos T T 1m0 2 i 15 .

4.1.1 T X EERIEZE (Generalized Weakened
Fictitious Play, GWFP)

EE Xt FP A — 28185 pOR ISR o),
AADERT FP Ry Bl 850 o SCF i
PUTEZE AE — F B ik 5 M 401 3R e S Ak 1R i T
PENTIO LR b AR SR B e A ) R R - 3
KW AFLEP B SO T . TEW] FP 5275 K SR e 5 I
SR AL JFREY R B 2R R, 2
FEm R BRe (o) 5 o 2 98 19 55 f M 2% 1
u' (BRe¢ (o) 0.;) = sup,e glu"(a,a,,-) — €. Wi
W PRI R LB o MY, A5 R
RIS N

o' =0—a""e! +a(BRe (o ;) +
M{"), Vi €N (16)
Hrbo! 2SR UWHKHSE. Pish M Fiz el
B AEM N Bre (o) B 3ABL T GWEP ™
X (generalized) 155 (weakened) BIE X. %4 «,
€. M Wi — 2 &I, GWFP H A W84 7 IE.

P . 1 /
EEEENE, FP 2 GWFEP 7 o = e =0,M'=

0 FH—FEFIRIE B, GWFP i FP 558 k2% > g
SLTBRRE. ESE. BN BR (o) BRI AR
PR T RS 0 5K A o 75 iR 1 2 T R 3T AL 58 d A2
B BRe (o) WA RIfE. U, $EBHI0 M* 5y AL
SRS AR R AL A R RE . R 5 A 1 0 1A Sy 3t 5l
I S A w15 A9 315 e, T LA 3 2R pL5i Al 27 2]
Hh T 00 e KAk 4 SR e R

4.1.2 P )RA AL (Extensive-Form Ficti-

tious Play, XFP)

JSAE K AUL 8 2 A SR i 1 DU R ) R MRS TR
Py A Ay R A AR, U AR 5 K AE
g5 b — Tk = A 0 SR A 1 B e P e
WE. 40 2.2 WRT, B R IE Kuhn @ #U0K
Jo P2 7 708 Ay T DU P2 (L 3K o A 2 T i A SR
BHBHIE K MR, Hendon % AT 1996 44211
T FP Y R aCHZE T M A A8 R0, e 58 A
BHZE Rl s = B a0 ¥t R sE s
BIZE U SR E. B 3 2015 4 Heinrich £
NS B R W S B AR A 0 AT BRI TR
— TR SE SR AE B AR T RE S S B e X UL 1
7% (Extensive-Form Fictitious Play, XFP) & ¥
WALt ¥ o) Flo! RIUK i AR 11T R K
W EE . T R IL; X O A 52 BE A 4 (9 98 & . 3%
BT L4 BT 60 & (1) (0 FH 2850



9 M A& A AR R B IR

W PR AR 5 6 o AT 2225

< an? (D)
o, (1) =o! (D) + : —
(1 —a)x? (D 4an? (D
(o' (1) —o! (1)) (a7

WRAEEEE . HIAT KM o, (1) SR A IO,
=(1—a) I} oI} STHAEMNY . PR« A
A0 Y WG B Ay SIAC A 6! T o” ] A A Sz B
GWEFP B3 35 5 s (0 25 R Wi A7 0 SR s 15 5 B4
BOE LM, KIEFEAL TR 5 E.

4.1.3 BHIEZE (Fictitious Self Play, FSP)

Heinrich F 2015 4E" § 1) FSP 59k, M2
grrheg S B A A XFP, F43 k¥ XFP ¢ 55 ng
O FEEARFERL S, fit e T XFP 8 D 2w 1
GFA. FSP A TEHE SR B 1 3 20 S i b 2 ) e A
7 SR W R A 2 20 S M4 SR 1 T, A&l 16 TR,

FSPA figtk
B S

FSPH fiEt&
g Tt R S

l RLIIZE

Kl 16 FSP & kLHELRK

SLilll R

SLIZR

TE B AL i B SR W 7 1 . Greenwald 55 A F 2013
R, AE -V R T U RAT HRBE 6,
W Vi € N, X TFHRME o 8 —4 MDP.
M) U AR R IR 1E B Ry
IR R 0] 42 R B, e R Sh 25 i X TR o B
EUN LB o B R P A A i S S £ T s
SR 1 2L RT3 o R A 2 S AT TR . o
Py o m 1 2 S A 5T B AT A Sy DL A SR e A8 i AT
VERBR BN — DRI AL, X 5 5.2 /N5 X T4
B AL, AN F Z A TE T b 2 %5 T 3 & 17
Vo oemg A7 . sk, IR E LR, FE
A BT 2 it v A B RS T AR BAR B P P E)
ISR BOMA A S T AR T AT 38 SR s N
UNGESEIBeS R k& DR

Heinrich F 2016 3 —242 T NFSP™**, 7&
FSP iy 2 af bS50 8l 7 LLF = s dleidt . | Y6, NFSP
I A 22 2 Ok 9047 FSP P il sk B, Hok. 1
gEph 53t [, NESP % FH /K P2 R B (reservoir
sam-pling) A& T FSP w16 28 A S0 B HE 2544 o 7
T I 22 A7t b BE 8% A DL A i I PR K R B SR
H. figJa, NFSP A T #i sh "7 Canticipatory
dynamic) HLH, A By A 8 BE A GE 4% [A] I 3E 47 R B

Mg, WU Eh BB R IR IR AT, IS8 g
(anticipatory parameter) 43 Hg Bt 5 K% FH A4 ) 1
TR S £ SR o ) — Ao
€ — greedy(Q) , IR
11 DIBER 1 — g
TEMMA ¢ J&5. 5 B8 52 90 5 e iy 3t ) i
AN /7 R E O R 2
FSP 75— 5 19 25 b 75 2 57 20 22 85 OB XU e ¢
W BBE. R o ) R PR AS NESP GBS T A
WHEEH | P | AERRFETREY, JFaE Hikis ] T
oA R U R BT A B K 9 R A (black-box) PRI
. 17 IR T NESP Il RAE L.

18

[

E-greedy
" O, a)
Tk i el 187 A 44 R 55
:,______:__—ﬁﬁ lf a. SRR ..- ....... s
wn | mey,
' gt , s Sy
' ,a) ——sx3e5 g
e —Ree
= T s
1- ;:Uiu}

17  NFSP Il 2 He 22 75 2 &

S NFSP 1EARZ I FH 5 Fp U T ™,
B AT A7 AE 1 F htk 22 Ak 91 G 7 g A i 0 %) 3 5
AR, NFSP #5253 i 58 b 2% ) 2 kAR 58 5 1l
ZEAE S 0 A 2R A R T a5 R, i SR ) A
K. PR TS B b, NFSP i B & /K
SR SR AR LK st B P 22 560 [l i A 5000 7 - 4 5 R
AL, BEIRMA RS B2 OfF —%T
Ve 1 45 A AR /MBS R R ORI
S 21 [ ik T Ay 1% NFSP A LE 1 5] 85 3 47 Bl
k. Aok, anfaf it —25 42 T NFSP (1% 52 M 5E Fn ik
JFH 8 A — A T A A 5y
4.2 Double Oracle Ei£ K HT{K

Double Oracle (D. O) J&—/~3R fig 2 F1 1F 0 18
FEREARE LD FERR B, D, O Bk & N
MR E MR ER ATC A, ER
W, FIRET R RS R S E S A AR F IR
N G B 865 o . BEE, & X E s
A X1 SR ot o B B 5% 3 B i R W B Bl A
aill € AL IFBHIMA A CEESIES A=
Ar U el B3R DO Sk RR Al HEA h
o'. =NEWG") » G =Generate (A") ,
al’l € BR' (¢, A= AU {a'Tl ),
YiEeN (19



2226 it =

D. O S M RS ZE 1 R R Z A 7E T LRI
TR RS A D) s 5w , 12 p e ik sh AR dE 4l
B IE WG R R gy AT 4. A AR IR A T
T, D. O ByLA T i 7 A s 1 23 [ A g 45 2 5 1R
1E TR A A A2 4, (B S Bras A v, R R
BEAE /NG A Sh A e e 4R 1 3 e 0 3 B A g A1 4 Al

SR AEY U ge g 5trh . DL O Bk Jo ik Iy
SR EPSE A USEiR e RS e VLN I G NI
BEw. D ORBRHmREZY EAMEY R,
McAleer 8 AFE 2021 4F42 97 B K. Double Oracle
(Extensive-Form Double Oracle, XDOQ) & g7,
M D. O 5k, XDO FkfE i — R h i —A4
Ty gE, I o oR i 1R g AT 3
s T 4 R AT . BARTTE . XDO Bk S B
RN — A SR IL , WEGH B
YR i T 20 A5 0 S M B (2l SR W) A8 K
R, XDO L E e A I K Al i
e hPESE . Hoh B A M sl ok mg o, € I 19 3)
VE. 388 e o B A AR A8 T R 19 2 b B A B 56 104 3
Z2 ), XDO @ —AFy s 67, IR
FHZE LA I R ot . BEJS . XX R
AT IS ot s BB A O R A
I BRI A gl w4 I =11, U BR' . Bk
AW .

A= {a€ A,U):30, € Lo, a)= 1},
o' =NEG"), G" =Generate (A") ,
" =M UBR (¢",,.), Vi € {1.2} (20)

K18 MWZE SRR 45 th T XDO Bk i =k
WA, b ST RN E SR AR L i R T
FE AN Y RN I S VR, TESE —feh, iR 1M
LA 2 [ B s T e A2 v 17 380) 40 56 w4 o 4 3 Aok 32k
SfESE. 7R b, ARk SR SR 4L Y T T
g8, MR 1 AR N o (1) =a(I7) =477, Bl
K2 WAL o (1) =“F7 . FEHE=fP, I
F 1 WA S s b R B — g e, EF X
TR LA, R 1 AR SR, BUAK 2
(AR R R o (1)) =“787 . I B0 AS P37 i
WEHVESE . S0E & 1k 1 W8I Z 4 Jm) 4 A1 35 Ml 3 s
XDO BEARE T 78 2 Wk A5 sl 2 38 L g 113
5, AR S s B R R R,
/N F D, O Bk,

NXDO (Neural XDO) 357 i — 25 ffi JH %
JE 58 Ak 2 2 3 )L XDO 55035 1 S5 A i Rz 11450, Ol
FH 5 W AR S o 3k 2 1R B b 3 AR, B R OT B AR

% i 2024 4F
Pl (1) Pl
F - - - /H 3
P2 P2 P P2 P2 P2
SN TR NN
P) @@ (O P) (2 I P) @ |
P t 5 . > i
P * \}L._ £ N
1 3 (2 1 2

{18 XDO 7 fi S 1 1) =AY A A4

(Meta-Action) :
AT ={1,2,~, | I |},VI, €I,,¥Yi €N
(21)

17T S B A8 14 20 A DU H 3 6 1) o6 3h 4 R RE A5
., YRR, NXDO 5k B ) 40 NF-
SPY* Dream™" &8 I i 2 > 8005 K oR i % T 12
by € — WA o, [ B PPOTY
DDQN" M S PR BE st AL 2 S LA of B IR
AT L B A W Y BR (o) 5 I8 HER &) Y
FiAPREES 7 =10 U BR (a",) . TTEIERI TSI AR
Ui b i e B A R R 5% 22 B A A ) il 2 ) A
Online D. O (ODO) # i 7E D. O 554 h il A 75 26
S REAR IR DO 154l 5 ms 5 KN 56 1 B
I B0 B[] 52 2% BE B AR 5 A RO I SR AR G, 4271
THEEN WG SERE . R TR S
R/ NMER R I SRR, BT DO Bk
SRR R
4.3 EFHEIFRENAHEIZ

UEAER , JE 1 20 00 000 Y b B I 5y Tk ek
M ZEZAE R KRBT 5, ARUGR T8
LN B B B 2 AR R OR W 2 R 1 [R)
B, IR UE— S H R T SN AR I 2k
T3 V5 3 AR 4 47 A0 I 2 — > O B 4 Y R BE AR A
B JFFH 90 A 38 i 55 102000 g it % 303 Elo 4%
VEOrHE T & 4042 F B BE Ak DL 3R AR R PR B
Policy Space Response Oracles (PSRO) & vk &2 B
IR J5 vk v e o 38 FH Y oR M HE 28, 3 T oo b ge
(Meta-Game) HHE &, PSRO B B4 T £
FpFp B 25 07 1. A5 4 X PSRO B A% 4 3 47
RN v T
4.3.1 Joiige

JEZE, WFRL K2 (Empirical Game), J&
2 BRI A3 T Y 5 B U e 2 ) AL B
HRRR TR R MR b, B TR ZME
23K, K A ) R ] 025 R 1 2 A S AR Ak
. H2Z R, JCHZE I E T B R Z [H A [F 5 i 1)
FHE W, SR R A SR s 2 i 4. oo ge
i 2 L — g (BRI R EE) . 0 Fh b
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FRLEAR X HUSK M 1k 5 X LA A 2227

BEADRME € T — D ghE” (FRhooshfe).
BEXSFRRE oA [ SR 1O 1 2R 4 2R mT UM AU 4 S
Mg (n,om)=—¢(x, m,) € [—1.1], Hrp, &=,
M, WHEEH ¢ (o, am,) > 0347 o, Mox, FF,
WHE R ¢ (mwm;) = 0547 m B =, W, W H
¢ (r,om;) < 0. JCIHIR A0 A R AR T Wi o R 1
AR, L xR B A (] 5 W TR] A i 55 LA B o
KF XA AT FHEUN G5 e i 2 Pk 0 T i R0
4.3.2 Policy Space Response Oracles (PSRO)
Policy Space Response Oracles '™ (PSRO) J&
— T SR it B BN 2 A (2 ] A ) Ao R 07
B, HARB R DO JiEfE il )2 m E ).
PSRO Bk WA Be gk e 40 — ARl I, FiOfE b
B RE AL R AN [/ . PSRO ¥k E
AR R — DR o) € I . )5
A HE IS A I SR R = A B BOR N IT 9
FIE. 7EMEE B B . PSRO B AR U5 4 1> B & 1Y
BEIL A — A oT 7138, FEsK B Berh , Sk N H]
JCR 4% (Meta-Solver) 7EIZJC T 128 B3R ITIR
% (Meta-Strategy) o . P JC 3R W& 2 38 76 Fp
AR CHURFIALRD 50 A, angh 35 3
51 A A, TR E LT TR AR AL, FEY R
W B SRR MR A X T 119 5T R I R B AN [) 610 S i A
RUVESoxr T, 4 ] 5k Ak 2~ 45 T 1 5 4 a5 3 i
BR' (') + JFH % fe AR L AR RE I =10 U
BR'(a",) . PSRO ik iy HAR G AN 19 Jrow.

BEBLAI AL )
B ) AR
SN S AL R AR |

Q9P Boa

: 4 ST TE R
. AIEj CEL
: FREIL AT I8 2%

: ;i |

: M g o

& 19 PSRO i &

EASTE LAY . YA BRI S i AR A 1 5 s
'ﬁzj‘jx‘—f%:‘s Eﬂﬁ%m%j‘j[()v"'sovljﬁj‘o PSRO%?%
F IR AL O B R 5k 2 0T IR I 2 1 5 OR g i

PSRO B LK iB 1k NFSP Bk, £ 6 Al T
PSRO K5 M0 . PSRO 55 v It R f# 45 7
B ELAT R0 P PR V2R RO 4 6
B ER AT L PSRO B BB n R
S AR (DO Bk A

£ 6 PSRO EKEL3ILE

Lk OB SR fi#e LOIAT R
D. OH7 NE BR
GWFpLH UNIFORM BR,
Self-play™®] [0,++,0,1] BR
NESpe®] UNIFORM BR,
PSRO, M NE BR,
PSRO """ NE At (23)
«PSROM?! a-Rank AR 22

4.3.3 PSRO Z¢{k

M T PSRO 53k 19 236 M FA 80k, J5 8t o
B XPANTR] () 0] 4 e, i — 2Rt T A AR R
2, i PSRO ™ «-PSRO™" | DPP-PSRO™™ |
UDM-PSRO"™ 4. i TR it 2 N 138 5% i ah £
Py B s T 5 e Y, B8 PSRO B
AR R FACNF MR, T X — R, o
PSRO B3 fi Fl a-Rank"""" 4 J0 K ff# 4% . I 48]
a-Rank fif R A0 90 A 35 5 75 b i@ HE . «-Rank fif
18 2 N — M R 283 50 v AR AUEA 2255 I Ji ) oK
fRE AT, B B AT ME— P, R T2 M Ok R IR) AL
9 T WS F] o-Rank f#, o« PSRO B fdi H 3 T I
U1 B A Y (Preference-Based Best Response,
PBR) fE Wi i sREL . 7E 22 A — I 25 3 55 14
0 v E R B 2 R

PBR(a',) =argmaxE , ,[1 >].
P En o —a

22)
5 2Z R, Marris 85 AU A AR OC 25 7 R AR a0 AT
A5 1 A Ak 4, 4 Joint PSRO DA 2 A —
e 2 )
TESE BRI S, 1 22 92 B 1 25 ) a8 7 3 B A o
FUR ARG 2 P prig AR R e R AR, A
MRS (e, pio ) HR— DR L AR R, 45 X
HE i >1H ¢(r,am) >0, BHA ¢(r, 1)
= 0. A1k 0TI A e AR AL 1 P IR A — A 2 LR A
b PR R AR, 4 ¢, om,) > 0,8 (o) >
0, WREHED ¢ (x, o) > 0. HE L, T2
R ZE (Functional-Form Game, FFG) #8A] L4
i — 2R (Transitive Game) FIE(E
i PETH 21 (Intransitive Game). fF X 4237 &

$; (o, .JLI )=, (ai e



2228 it (=2

Bl

e 1 2024 4

rh, TR T R A R 2 A T B B R A A
W, JOE IR B A, — A R i SR B Rl
I S ol TE G 114 22 M DS B Rk Bk M O s A0
R, PSRO,y.DPP-PSRO #il UDM-PSRO 435Il $2
TSR] B T 22 R B B AR ) 1 bR RS D AR B R 1Y
ZFePE. PSRO, AR IF .

BRy (@)= {o:: D) a (") +|$(0,.0") 1. >0}

t

ol €I,
(23)
DPP-PSRO F#l UDM-PSRO HJZA X UWF .
BR{ppuom (2’ ) —argmax 2 a (") »
! ol e,
$ (o, ,0") + 7 « Diversity(Il; U {o;}) (24)

Hrp, Diversity fG 48 45 28 Z R M R A8 b 15 A
2, HA i T — SR EE b SR s 2 R

IAh, PSRO B ki A7 — 26 8 2ok, & X
PSRO 57k 3R fiff o0 18 25 B[] 5 45 K 14 ) 45, MeAleer
4 N T Pipeline PSRO & 31, H 7E PSRO

PSRO ) 7] A FH EEFE R B B RERS SR T R, McAleer
2 N2 S T A ZE 2R Y anytime PSRO™ .
T G5 PSRO H AR SRR, Zhou
2 NAR W Efficient PSRO 89%7, 5 5 51 A8 Y
JC TR ) 2, 15 Efficient PSRO kA
BE3E o SR i T F 1R AR 4k B A AR e R, R AR
FRRPCR. Lin 2 7 NeuPL 8 3EY, i f 2 —
AP R TR B RS W . A AR T PSRO 553k T
e P9 A7t 25 18] 5 R AN LAk SR 2 2] 51 2 R e s
4.4 XftE/NEE

ARG T T AR R A HE 58 615 BgR K
filt Tk RO e, WA &, X — Rkt
) 3t R v 5 ] 2 A ] B A0 AT AR e A e . A
K Anfu] ) FH Dy 50 A e A e 07 28 4 ARG SR L X T
A ) 43 ) % 17 6 6 B TR 7 oI 50T SR i gt ARE
T T XA B A G0 = IOR MR H T AT TR R
g S A B R AR TR SR RHE R K T
(LIS RS A dRE ST I S N 1 (. e NI

B R E R AT B AR, 7E KRR T2 b I 25 i 15 8 T2 R, 15 8 e A ke 3R
IrY 5 RE AR P SR RN AT B A Ol T R R P AT il R e — R AF 9 ).
£7 BETREMEMNHERBHETLSH
s RFEH A B3 A e
FP’lfls—lflﬂ
GWEPL RCBUENUR-Y R EE SR ¥ WL — St 1
K P02 S A XFPL ) W REE B RAER - BRSO TR A — B REE
FspH Femg o HLAT BT 1 Wi SR — S A U
NFspHe
. O o AT e W Sl
Double Oracle XDO!] T 1 2 3 4 £ 2 ;%*%X#%%W*W — Jed B U R
BRI ODO™ HEWs . VT IR TR — Tk FE 4 Al 30 X T
o) o LA BB 1 T B
NXDO
PSRO [#
PSRON D. O Mikte B ZE 20 - B4R IE I F kR — R ) 2
Policy Space Response Joint PSROM?% Ry HE T, Of 4l DRL - EARRGTTY R — W B R B = BRI T R IR
Oracle J H A8 PSRO """ PETRAR R, R R KRR BRI — AR S AR 1 2
DPP-PSRO™™ e il 5 o S 2 3 2 B 4 % ) WA B

UDM-PSRO!**]

5 FE=EREEELKBERIE

5534 TWANEL (Offline) XM MENHT
FEAR S8 S fR S gR ok i X My i P 2R EERL. X
BB 2 B8 1 O T AR S X 2R T A AR R 2 40 5
W I LA 1% R W AT X R AN TR T R T ik
TE LR Al 7 15 22 A0 % 4 5 Rt R AT 1 [] B0 A 55 s
PRI RS AR X S5 v g5 Rl A 45 DLR T, 3%
8 SN T AR LR 7 1k B AR SR A T 1 1 X1

HTAMBEA AR, BSERE K
RS 3 10 W E K Mg (Blueprint Strategy) % 5 &
ARG A M AP AE— BB, W 7ELR (Online)
Hby S Ok 0 L SR AR B R R ki, R
TESR M J7 09 H bR BT 76, AR 98 5% m oo a2k Jy ) IX
a3 TEZOK R 7 15 0T 43 o B 5K m i — 20 a8 3 g8 41
B )48 &R (Search) Jy 5 R 8K 20 5 w% v g A I %t
FH X FH#AL (Opponent modelling) J7 %P2,

HRA RS L T YRR, XTE R &
KA SRS HEATHERL , IEA B B HE B A 15 BB &



9 M A A AR SE R AR B

FRLEAR X BUSK i 1k 5 X A A 2229

K8 HEEKBAEEBLRBAERFEME

TE 223K A EERN
1 39 P /X SRy HEAT N i YRNEEIR ]
LR T I N I R R Y T I o A
KA H Y 1o 45 2 T o) A SR i S s 4 3T 40 2 4 O s
Tt AT e 5 0 20 AR SR 2 HE AT TR (R LR TR CRINAN
[URGRAR A 3T I s JRy T KU S A S HETT ) 4R 43 BT EEMNEIF IR (From scratch)
Stk KRB EM, 5HARM FXREBRS MIARE (R #72RBEEITE, HERMAME

S I e i S

fE

URTARZS T M3, W 20 Ca) . 48 2% 14 52 i 2
FE AR bR A — AN HE OGRS 19 T ) T R
fi#t 1% T [0 BUE B PR b T 1 2E (Subgame). T 1HZE 1
il sur L A BV E Y SI T TRINE e IR GRS (e
TR — g 7 i 2, 1 20 (b) Fif 7. 78 R WA 1
ge, ARREFHEHE K, FHIEEETE &R
JEAT T DA AN pR B S 2R, Al 20
(o) Fin. WRELWFRNE EE 5K =40
B F I U R A R e RAOR.

b) BERE (o) BRAHM MR

(a) SEA AT HHL R
Pl 20 = Y g R AT

Xof T S Ty DU 3 g A e A TR Sk e W ok 2 o
b RE AR Y R AL, TN ABAT TR R 94T B sl A B H
A RFRE, DESE A Rk i A B H iy, AR T
RITIE W TF- A Ty R AR A LS5 R B A T
Hr. — 0388 07 3 i 46 P A~ J5 . 40
AT N7k T AR A LA K Al A A AL AL AL SR . AT
A4 3 A R ROeE T AR vk e, L8 = SR
ATy R T, RS IR PR T R R
. PR AT B0 45 DA R X B &
5.1 #ERAFE
5. 1.1 FIHZE AN 1R pR £

TR 2 R B b 0] i 1 O B HE
TR E SO TE R — PSR SR, 5% 0k 5 A
R B /NSRS (IR i 4 ) 12,
TG R — A BE R, af DU 4 B, A
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YR A X Ay i R A B B 98 3R B R PR O 2 AT 5
(sound) H*7,

FR A6 2 T HE M A AR AR B, M RBE T 4
Ja ¥ — B M (Local Consistency), 4 & — B ¥
(Global Consistency) Hl5& 4 Jij — # % (Strong
Global Consistency) = ff— g2 g ™20 = Ff
— B AEY E SUXT LR SR 10 FroR. Hio, NEQ
SN RS ARG R — B ORE T R A



2230 it 2 &5 EiFd 2024 4F
% 9 RPS 18 7F 5T 5K 7 [E 5 B8 B34 4% R F0 4 {8 & £ 0 bk R 61
AU (T5,0) AU (T2, ) vy A BR,
0. 2,0. 2,0. 6 D 0,1,— 1 0. D o, = (1,0,0)
0. 4,0. 3,0. 3 ) (—1,0.D 0. D o, = (0,1,0)
(%76,%+26,%—e) D (—1,0.D) (e) 5y, = (0,0,1)
0 —1
(1/3,1/3,1/3) (D P (1 1 ) (0 {EA AT R W o,
1 —1 o0
I r I b PR TR — A DALY s AR T S
2R, A — R B AR A & (BelieD. Al
N = TRAE, ZH— )58 1288 Fr 8 5T HZR
i) (R (&) ) (Augmented Game). —U6 T HEfEH T 1638 |
wcwmsas L piinie i SHEAT AR T MR /N ) Jr 940 2% L 95
' o SR LSOO i X ol 4 2R s e = RS UE B
o Ak i TuE 28 fa it

K21 ARS8 SRAF B IR T R

PR b IR AR NEQ iy 3 — K. 25
— PRI T AN [ R 5 A SR SR U T NEQ 9 [7]
— R, 5 4 SR — BUPE ik — B R E T AF AR R — 3R
W, AR E N TR RIS p R HERE 5 1%0K
M — B AT N R

10 ZEEE—HUERINEX

— S e

Vp =1(z,,,2,)YVhCgz, d6 € NEQ:
S e

Q' (h) =o6(h)

Vp=1(2,,.2,)dc € NEQVhCxz,:
SR ! ! !

QP (h) = o(h)

e € NEQV)p = (2,,.2,)VhCxz,:
B4R — BOb o '
Q’(h) =o(h)

TE5E RAR B b, REME 5 T 7128 5
X OFHO B M. K, WL 8 — kIt
RE PR UIE 1 1 2% 5 56 349 1 45 4 1 48 28 B0k 2 AT 48
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nificant challenge for the decision making of each single intel-
ligent agent. Game theory, as a discipline that studies the in-
teractions and rational decision-making of multiple intelligent
agents, is able to abstract the decision-making objectives and
interaction rules of intelligent entities to a high degree. In re-
cent years, the combination of Artificial Intelligence and
game theory has formed a new research direction called
“Game Intelligence” and has become a cutting-edge field in
the Al research.

As a typical example of Game Intelligence, Imperfect

Information Game (IIG) models the game behavior of multi-
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ple intelligent agents under private information, and is able
to capture a broader range of decision-making processes than
Perfect Information Game (PIG). It has a wide range of ap-
plications in the real world. However, due to the fact that
intelligent agents cannot accurately perceive the full picture of
the game, finding equilibria in IIG is extremely challenging.
In recent years, there have been significant breakthroughs in
the study of IIG, with many achievements being published in
prestigious journals such as Nature and Science. These suc-
cesses have enabled the solution of challenging problems such
as card games represented by Texas Hold’ em, multiplayer
online tactical games, hidden role-playing games, and strat-
ego, making it one of the leading research fields for the next
generation of Al

The goal of this survey is to not only deepen our under-

standing of the field of Game Intelligence but also drive the

advancement of this technology and contribute to the devel-
opment of general artificial intelligence. Through conducting
an in-depth comparison of the strengths and weaknesses of
various methods, the survey provides an overview of the cur-
rent state of research in this field, highlighting areas where
further study is needed. It is hoped to offer insights and sug-
gestions for future research that could pave the way for more
advanced and sophisticated artificial intelligence technologies.
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