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Game-Theoretic Learning in Human-Computer Gaming
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Abstract  Recent development in the field of human-computer gaming., one of the frontiers in
artificial intelligence (AD), has witnessed a series of breakthroughs, such as AlphaGo and DeepStack
beat professional human players in Go and heads-up no-limit Texas Hold”em, respectively. Such
successes demonstrate synergistic interactions between game theory and machine learning. Game
theory is a theoretical framework that deals with strategic interactions among multiple rational
players. Combined with machine learning, it is well suited for modeling, analyzing, and solving
decision-making problems in human-computer gaming tasks that often involve two or more decision-
makers. Game theory based learning methods thus receive increasing attention in recent years.
Besides the popular multi-agent reinforcement learning approaches, there are some other game
theory based learning methods, i.e., game-theoretic learning methods, that are designed to
converge to equilibria and can be dated back to the famous fictitious play proposed in 1951. In this
paper, we give a selective overview of such game-theoretic learning methods in human-computer
gaming. By analyzing key progresses in the field of human-computer gaming and game theory
(including game-theoretic learning), we obtain a research framework for game-theoretic learning
in human-computer gaming. In this framework, the role of game theory and machine learning
each plays is identified: game theory provides models of strategic interactions and defines associated

learning objectives (i. e. , solution concepts) while machine learning helps give rise to stable,
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efficient, and scalable game solving algorithms. In detail, we first review important progresses in
the field of human-computer gaming and game theory. Then, we introduce the definition of
game-theoretic learning in human-computer gaming and compare it with traditional machine
learning methods such as supervised learning and single-agent reinforcement learning. After
that, we elaborate on its research framework. Intuitively, this research framework equivalently
or approximately transforms the problem of achieving a good performance in a class of human-
As we summarize, such

computer gaming tasks into the problem of solving a class of games.

transformation usually takes three basic steps: game model formulation, solution concept
definition, and game solution computation. Employing this framework, we also analyze a recent
game-theoretic learning algorithm that combines fictitious play and deep reinforcement learning
called neural fictitious self-play, and also three milestones in the field of human-computer
gaming, i. e. » AlphaGo Zero, Libratus, and AlphaStar. At the end, we point out possible problems
and challenges in the future research of game-theoretic learning in human-computer gaming, such
as the definition of learning objectives in general-sum games, the interpretability of game-theoretic
learning algorithms based on deep neural networks, the design of diverse environment suitable for
game-theoretic learning, and the efficient solving of complex large-scale games that may exhibit
non-transitive game behaviors. We believe that the research framework of game-theoretic learning

in human-computer gaming offers guidance for the future development of human-computer gaming,
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and it also provides new perspectives on the development of artificial general intelligence.
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M Kuhn @ #09 DUR SRS 9 8 CRA — etk

EX 6. TR RERE S Gy R
BRI G=(N.AH. Z, (L, R ien X0+ W T
MK B X HERENES NS =1,
Ly b IR AAK @ SR

h= (a1 Q28"

kr
0:: S~ U Al » (3)



9 1 J&

T AYLXT T Ay R 2 ) 5 ik 1865

Horb o (L) RRTEGFEE L B A @ﬁ?ﬁl%é‘%
I 0 € 1 (L) MR, AEH . 2 S~ UKL,
B B T G SR .

g T PEAL SR g BRI T e YT RIE A IR
Hh A [R) SR s ) S BRI A . R SO BRI 88 Z i SE ]
AT HERS

EX 7. FkMER AEY EE AR
G=(N,AH,Z,(I,,RDiexs )00 MRBHEG o=
(orsvo ) MRV E I =(asass ) EHUZ
NE B )

I3
ﬁa(h) T Opth Chisan )Hffp(h’) (h/,a,-)‘ B = Cayray s va; ) €Y

Ho .00 (s @) FoRAENT ST 1o MK o (D) AT SIE a
MIHE S 5 oChy ) R TR S IR I6 (PSS 1 480 i ikl 5
R
FELL b SISk F L 3 RO S 2R i 3 2Rl
EX 8. PRI R AEY
BRI G=(N.AH.Z. (I, R ien X - p) FIIE
WA o= (o1 0, D T T o TR IR

Ri(e)= > B DR (h) (5

BT UL EE PR IE AU IR A S L8 4
7 SLANR -

EX9. PRI - MM S
PRI AR G=(NAH, Z, (I, ;R iens X0 VA
Le=0.1H78 G 1) e AR — KA o™ =
v0.). R A THERA MR E N,

R.(c)D=R.(ci:c") (6)
XFTAL R 0, € S MAL. 2 e =0 B LRI
il 20 A 28 A

XF T R IE 1 5 b g A 2 i i) A AR A
TE R

B2 PRI MMM B
%*}L%ﬁ/;ﬁﬁg{: G={(N,A,H,Z, (Ii’Ri)[GN’X’
e R TALATA BRY B U FE (N F1 A A IR
ARG T L 2 € Z WA RF I WAL 2
DA AT 2
4.1.3 Markov #2§

PRI AR B AR E 8 T HIRR S (RIS
S BEE A LA AH B (D FERAR S Z 18] 1Y
FR R A MOR B AN 5 (2B D SRAFAE
WS4 58 5 I . X8 A T oK R0 19 1 R 25 e 7% LA

(0'1*362*9 b

LB B 5 I D SR 14 1 25 37 55, T e SO
(MRS, — A A 09 6 95 BO8 A2 Markos
A R AL A =

ENX 10. Markov #2512 Markov {28 G
HICNLS (AR D iens QR Kt N={1,2,,
n} FoRS 5B ANMENES S BIREEA A
THEEME € NJAZRHIEELEG A= X AR
NFTA RIS B EZS ] Q: SXAXS—>[0,1]
EREBEBRE QG a, s HFRERS s TN
RPATE A BIE a = (a1 say s va) EIRESFERH] 57
(RHER , FL X FAT R s€ S, D) QGshays) =15

Ses

R :SXA—>R FIRME i IR KB R (s, a) R
NTERE s FITAE MEABATER G o fEa JE 1R 1)
W £k

MHZE A — RS S={s) HFr g 1 H h
11— BN VE B Markov 1825 53R 16 8 T b5 #ETE X
IR RERI ML, Y n=2 HX FAE R HEFRE s€S
FUEEMaEA AR (s.a) +R,(s.a) =0 W, B
K ANEFN Markov 2%,

7E Markov {825 i, SR ) 2 SCANT

TENX 11. Markov [HIZESEMEZ 2 445 Markov
e G=(N,S, (A, R)ien» Q) & XIHFE LN
REGEFHN BRI hy=Csi vy s, 150155500 ¢
W2 A ATRED RS H (Hih Hi = {J )
AR IR i IR h

T,
or: UH,~A(A) )

Horp TR RS 21, ACA) ZEEH A BTy
MR MES.

1 T bR e T2 X 28 & Markov 19 2% ) — Ff 4y
1]+ A A 318 2% Hp ) SRS ] AT a4 R (DD
T.=1 133, DL ERYSRIE IS CAEAT Ao ] 6 /Y 19 35 7
B R M SRS g L. 7R Markov 45,
AT — I HH R TR B A SR 5 X 28 SR LR T 2 i
I FEZE RS PR R F- A2 R W (stationary strategy).

EX 12, Markov H 87 R SR mg™ ", 4 &
Markov 125 G=(N,S, (A, R ).cn+ Q) B A i
0 SR s HIBCER T 2 FipIR A s, 5 B

ci: S—>NACA) (8

I FR ot A 7 1B SR

H T WAl Markov 1825 H AN [7) S 19 2= 2K . a] LA
THR SR 1 B B R Wi He o — 28 ARG 01 B2k
fi e R IICES WK ARV : S XS, X -ee X
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Hl

e i 2022 4

SR GHS S RIRAME RIS E S
X 13.  Markov 18 25 {8 8 22, 44 &
Markov f#3E G=(N.,S. (A s R)ien» Q) I F
€0, D AMA R ECh
Vi (ss6i50-;) =

B, ~ 0020, ~ 00, a0 [ZVIR;(S, ,a,) S()Zs] 9
=0

XF TP RR B, £ Markov 1 25 H ] DLE XL
— B ) 4 A 8 i TR ) R A L BR O Markov 58 3B
Biffii. Markov 56 38 ¥4 7 /2 40 A1 359 i 0 RS B, 3xX L1
PR Markov HEZE 94 1 1 . Markov 125 v 9 3/ {0
YA A T E X
EX 14.  Markov [ e- i1 0. 42
Markov 12E G=(N,S,(A, . R)en» Q) A T
yE[0. DK e=0. 1438 G 1Y e- A7 = —AF
FRIRIE G 0 = (00 »05 -2+ »0,). HIRBE L & 15X
FEBENER €N FRE s€S,
Vi (s:6") =V, (sy0i50%) —€ 10
AR 0. € S AL, Y e =0 Bf. T RIGNA3Y

o L2 A A X A

Xt F Markov 1 3 mr 4y A1 X 15 19 A7 76 14 A 4N
e

M 3. Markov WZR N AH I B FF 2 1E . 28

% Markov 125 G=(N,S, (A, s R)ens Q) I KT
MHEF ye [0, D X FALf A BR Markov {5 (N. S
LR BT A ¥R A BREE &) BAFTE 2 20 — > 40t
1.

TELL | Markov 25 (1 7 S, — A~ A 19 &
TN A A Al e 3 B R Y AR R SRR A
s ABTEAR 22 90 S S5 o o AR 0 D SRR A R 0 R AR
HIAY . X 3 A 09 12 wT DL RS 43 AT i Markov

1# 2% (partially observable Markov games) 3k #f 17
A

EX 5. 4y "] W Markov 1 ZE7. 6 4
"W I Markov 18 28 #F Markov {25 G = (N, S,
(AR D iens Q) M EERl b 38 0T XA~ 44 08 0 48 LA
S FRGEWLIN bR B S X TAR AR e N H
WG O, = {0,150, 52+ v0, ) FTADRRYER S
WLMAE 5 R O= X, O, s RGER) WL R E LW O
OXAXS—>[0,1],0(0,a,) FREBRAHE a H
RGFEBFHARA s B W] o€ O LS.
4.2 HERBGE

TENDLR BT B 2R 2 S WE S RE R v, 55 — 2D
S TR A AL A, B Ah IR ATLXS BUAT: 55 19 56 SRR AE
FERE FCTRT AL Al G2 fei A AL 1 Y A5 B X 0 1R 2R 08 v
M3 — KR (ARG 2% 4.1 19) IR QR IESK fif i
TSR T Mo A AT 55 FE A g I R B R e,
) B R JLANME 5 AR A (D) AR 55 P RE S i
SRR A RECH 5 (2 AMRIAT hIRUT 5 (3) 4155
DR ERSEE I PNCOR A E N E T D P

XF 401 A R R B R LR GR RS AT 2 1) /Y
FEBDHTET (2 M () 9 RE SCA . FERRETE TSR
o TR AR R SR — U I ELTE DR RN A R H At
AN G T PSR Y 45 2R 5 7E Markov 2R MR 2 ik
KU — WP T A A AR I AT 24 o 3 58 A
JEA AR 7 1 PRAR A R A e B HL T A A IR
RE FE0 2 iy 15 28 A e IR 2 729 RIE U 4 vh A
R Fiz AR 58 1 6 5 Uy (R AT D 3, DR SR AR T
RE R A7 ] BE AN H1E H A A R Z 1T Y PR A5 B
FITA AR B TE IR 25 i A Be AR A i 25 . =25 iR
BRI 4 7 W ABURT AT 55 FAETE 2% 4 1.

R 1 BEFEEINEEE LA TESHE
AU AT 55 FRAIE
[F) i /1y 31 phe 55 TR/ A TR L X R /AR X R T/ AEE R

[ i e 55 gt

MWFALEME i jEN A=A H
XHFE A N B4 B

MFEZEATHU A a €A HH D, Ri(a)
i=1

i IE A 1R F— NSS! Rit@= R »( a—1 s ’
@t o) W B XS BRIGELD 6 — o b, Sy e AN 5 75 0 T P 2
JIBSE[ IR 7 e
A AN TR 0 T A A MTPEBEMELE R YA € ZHA
1 PRI B B A, HONIREE RG2S S RER O e .
! IR ”) = o+, R &N
by A tze R AT I I S e IER,(J 0 W g A2 7w Ky
WS A 58 A7 B IR Ak & Ft 25
X TFAEEHIORES se S AT EfT 3 A
Markow iz TARIL R BINREILRESHIRMER NV R oo gy

70 17 B 347

TRIERS B Ak 2

1
AT 5 5 30 Ay 4k 2 i




9 JA WA AL R R ) 07 ik 1867

BR T AR (2) F1(3) ZAh AR (1) Fl (4) T 47 1]
RS D R AT TSR A A M B R OG , H
RAG KRB ZZANEFMHFECER T RS n=2). 4
I ANBOR T 835 e A A I iR Z FIAR IR 458
F (FR Ry — FROFN B 2 R 25 I 1 2% 1Y 5K A ik
Al BB AR PR AH 2 R XE. BeAh . — NF IR RIS B
A AR H R A0 vE 5T, L Gt 7 98 A1 34 iy 56 g g
UEFR 7 76 AR B TR 85 47 T 9t A = — X 44
49 4 S s ) A A AT A A A AL DR O X B PE JL
NFERGE A T AR A8 AR K Dok 5 A
ORVE R ZR 2R, 3 30 A HLXT PR REH AR 1 — R 5
2285 . 4 AlphaGo, Libratus 25t #5-2 FBl2E — AN ZE il
TEFRIT Y. AR SCo TS 5 749 ) 31X 26 # R 5 H] i 47
A

F b AR A B ] U XA ] BB
SRR — A 2 2 T 2 20K A B T e I
i 7 BE A B B X HUE M 2E AT S A S N
TREZE IR 1IR30 o i 9 A 35 i g A 2 > B
B o LA IHOR AR A5 6 4 B 58 AU L b 40 A iRt it I 2% v A=
B TR S S 8 22 1) B 6 B 8 Goodfellow 4 A g
Bk B 1 S Sl A i = N R R
4.3 BEEENX

AT RBP4 1R 2 S BT
HE 2 1) 575 — 20 3 X 1 A i AR AT i S Lk
SR AR A R R Y P BT 1 2 AT R R B A 2 SR (R
ML A S A B LA Ry ok AR AR b
T HY DL ) A ARE S M A R I 2 A

TREME. 75X DAL S PE BT L AR AT S R By
T CE B B O BRI A e B 2 I L.
WIS AT AT 3 B B K AL B B A g 1 AR R A R
By T b R SR LA A B T RS . 4. 1 R F
R0 48 A1 28 16 5 e SCAERR e M Y A .

et XN BMSERT . 2 5WAEN1
PR B 0T T4 de AR U0 B 2 B2 B g X - 2R
WU /M TR 7 AR 1 SR g TEX AR IR IE T M k2
VAL Bl AT 22 5 e I iy R A5 1 B AR 47 L AR IS TE
HEAE s A b 1B B — AR A A5 5 AR S A e R Ak 1 5
M+ 12 SR W A TR A A RO /N SR R PR DR A /) 5 g
AR BEDRIEE A B i ICaR AT 3 — A
TREL T 22 b, 2 1 b 1 BT A A 1A R AR R R
ZINTRE W P IS A SR Ay 1R ) A R /) i

TEZ NA BRZEFE A, X0 TAE B A AOR 3 1)
AR /N SR 5L S o A1 SR W I EL ARG R A /) e 5t 2 1

IR A AT gt R B N AR AR R AR
/M R BA RS E Pl By 2 A .

A BF AR BT R R A S R — R
O i BEAE B e MR A 1) A AR o — M — A
SRR AH R AATE T — S AR R R 1 1 R
BARANAEAE B 2% SEAE e ToE 1z R AT 5
— ARSI AR A AR AN E — 1 B S e B R
fifp 2B 1 [ 880 AN [ ) 3 % AT RE 2% 3 BUIE o AN [m) 1Y
Ja R
4.4 HERITE

FE SCHF R AR A& Z 5 NHLRE B b i 1 2 2 ) oF
FERE SR 56 =20 2 B 2 AR A 1 2 A L B
SCH AR S AR TS H bR 0 SRR R R AT 5K AR Y
SUR ML R4S R R R ST BURY Av RE I IR S PR
DAL A AL GE I 95 K A T vk FIPLE% 2% 2 7 k. XF AN
) ) TR SR A B0, — D SRR A G T S ) &R
AP LS A A R T B OROATRE TR ) 5 A
B 2Z [B] AT oL PR B O R ZHT I T AE R, SR Al
N ) 9 A 240 5 1) 1 8 ) [a) 52 R B2 o P(%
T B) 52 2% B8 ) o T SR B N — MR TR B 4 A1
My I F SIS (] & 4% B W Ol PPADY . PPAD & %
JEA T P A1 NP R & M 2 0 X ) 52 2% 58D 2 1)
(IR PANP) & T METH5 1 S8 8L % 48 i 1 25 5K
fif J7 1% A 5 2k M B K L Lemke-Howson 8350
double oracle B P min-max 3 282 gk & Hiph if
(I alpha-beta 5 £, 52 F¢ K ¥ B 18 2R 55) L K 0L XF
JRytT 38 K DT BE (regret matching)™ | Jz 35 57 15
SME 4 LB % 07 A 4 minimax Q)
Nash-Q" sz 48l 1 F 3 R . PSRO™ 45,

S5 BB T CHE IR T LS00 45
L ORR A 2 0] 1 SR W 5 ) (9 15D i A A3 SR A 5
it HURE I BT SR i 0 L 9 A 34 5 CRP e -0 A1 35 4D
BRI & = NN R, SR i 3 0L 94 A1 2 i A i 210
1 ST R AT R A RT RE  BE AT S PR Y AR A
WAL R AR A T it A R R (KT e>0)
8D A B A Al K TS0 S 5 LU A RIS bl
DL 45— 5 A R T 5 701 2450 3 FLAE Al
YT 38 1 BT — AR AL A AT 2 4 s B o SR A AT
RO 2 M 25 2 A IR SR 5 A
B3 [T A SR 4 [ o

ARSCIA LI 2 R SR i — N FFIZE 09 5
2 AR SR RIS R FR L RN Ry B L o8 L ast b i
AMESETE DA B minimax-Q B3 k. At {25 458 70 I )
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Hl
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i 2022 4F

I FBILA 27 2 2R A T ik A 48 ] B2 255k,
441 ZEFRIBMIER

XF 58 G BT RIE A, — A oK i
YA A1 24 i O A M D 2 1 TR 2R 5 SR D i O 1 2
39 1] [8] 3] % (backward induction) ™, 3 [ [a] 3] ¥
AT ZE A8 235 SR AT I s S W A3 12 1 F s 3 [l
W) 5 — I 0 0 2 B A 24 i o SRR TE R A T
R B B RS e R IAT 30, R B A S
33 TSR R — A A 2

TEZ NEFY S I 25 o, e BR S 1] (] 39 32
TER A S 9 7 B W PR ) min-max R B2 AR
117 » min-max 48 Z 5k 5 YHR 5 S g i A Y AL T
HARMAER S, JF2ER alpha-beta BT A ST 1k B4R il
B ) TR ST T ORI L
() A 3 T/ R A TR ) T BB X ZROIR 3
23 () EL R AR T 0 e AR o T 0 0K 3k die 32 S 1 Dt TR 2
X Ly R AR SR R B 7 v TR 0 1R 0 B
ik PEATAT B e L SR A H bn X I 24 A1 24 4

2R HTIE AL 0 J5 v I8 SR i B A s A 3 AL 44
FX I A — 2 5 B A T 19 2 40 B A A T
PLid i 2 R S5 R 2 7 FOR MG I A T S b A
A7 L UCER A3 o i A8 A5 SN HER 5 53 A A R Rk R
15 FL A 125 43 St s m] AR 7 015 Bk TE A 3
Hb AT o AN A B R AT 3k T3 i A AT RE. TR X Y
fili b 4SS —E B ENIRR R E MR R Y
Ht48 22 (Monte Carlo tree search) BiE. lES £ %
BRI B AR R PR S H B E R 1
PEAT G . F A BRI R A O i R .
U NS Il AL 2k PR B BTE A A A TR Y
FOPHEAT i — AT A R AR AR Y S IR A A
A T R — S 1 7 R R R = (o) (H
o€y (h), HEF KA Y2 E TR
R AR R P T T SR R AR X o — A
& Jr ik & UCT 8 3k (Upper Confidence
Bounds to Trees)"" ,UCT B ¥ 795 S F
YE— 2 L (multi-arm bandits) 7] 81, K )t
] L AR s € ) A 22 1553 UCB1(UCB 2
Upper Confidence Bounds 455 ). UCB1 B i £
W AL A — A R D7 S B0 s O A ¢ I 2 e
UCB fH & KryE I, B

I, :argmaX{Xz.Tlmfl) +C1*1.T’(171) }
i€ (1,.K)

/H;EF'X{.Tiufn R R — 1 BT — 1D

(1D

NHT e—1 58 i R KB .. = 2Int /s h
i . BTG AR SR RIS e £EB B, UCT Bk
W BRSPS Xir (o0 B4 R REE T 1 ST 3 M
R AT QUENAE Y AR A T $iAT7 5 — 47 3h 1y 9
B AR E o MBIEN 2C,0/ Int /s (Hidh C, 2 —
AIEH RO TR ¢ A s o3 5 2 BT AR A
FEE 710 S U Rl R e S At AR, R T S
AT — AR T a5 27 AR Ry 3 1 a5
W BT L AF . 7R B, DT I R
K I 6 #0470 B M T T A 3R AT S 28 0 i 45
R, (2) i B — M #E FR O~ rollout. 7E [B] 1% B B . 3
T AR i i 4 SR T AR T A BRI s R
PGS ARG MR B Q. Y LRI REZMW
UWHUR % Z i), UCT Sk R UCEFE AT 3l o B9HE
REBTED X Wk WA R T UCT 1547
RIS RHE R E A IS LB E L min-max i &R,
4.4.2  FBAUXR

KDL SR 2 0 o R R R 1 LA 1 2R
2] ik Z — il AR TR LSS AR MR A 2R Y
AT L an = N F IR B IE DL —
(generic) 2 X m H FE 5. 78 Mg 00 %0 )=y op L 1 95 &
AT TSR IR AR B A R R X T
PV 25 R W oo R PRAT I A R . B PROAT

Bri(o—:,—1) =arg6rr41ax7€,—(az vo i) AN AEAEZ A

SR A R S U BE AL AT e — ) 05 ¢« R IR 4
W R AR R 0 = X100, s I M0 0 B B A
H Br(s,) = Xi-1Bri(o—.,—1). B ey B F 50k
BB 2 S
G;:QG,fl JFLBT‘(G,f])
L 13
Bl KE AU RS Y R AT S IR P 2 SR s W SO
LR TR R G AT S . g Ak IR T ANE
R A 25 5l — & 19 (generic) 2 XX m 4 [ 1
FREE AT 2 SR — o S S B N AT B
Leslie il Collins £ 2006 4%} L | [ 0L %) &) ok
frrEEY e, 2 17— Mk B 551k 09 5 0% )5
(generalised weakened fictitious play)®™. % T g
M EE S JRAE T I s — S B — 48 AR S P 5 SRS
) SR B AR 7 o 3K X B 15 AR s o AR AR
BT S ms I SRV AR B BB i KA —E 2
L/t SRR T — el . %o T 3 AL s £ v 1o (B e -

PEMNE » e =00, Hig X H Bri (o) = {6, € X, |

(12)

it
R



9 #4 JE S AMLT P g2 S Oy ik 1869

,‘(G,‘ 567,')2751‘(87’;(67;) ’07:‘) € }- E*ﬁﬁ%&ﬂggj{{
1) R PR Jey s 12 1B el oy
o.=U—a)o,—1 ta, (Bri (g,-)+M,) (13)

HHlime, =0, lime, =0, > a, =co, KL E X TAEE 1
P mco £
T>0,

k—1
| > =T)=0 (D
m=t—1

lim sup{ ‘

Leslie F1 Collins [m] B 1 i B T 24 {55 2 = A F Al
TR AR E A 2> FE IR, — Ak
H.55 A0 Y R AP0 JR) di 28 2 [l A5 1K 5 1 24 SR Wi 843
At E 1.

1E— Mk H. 55 46 1Y i 4006 5y B ilf B, Heinrich
FENE B R Y R AR 3R 1 T XFP
B ¥k (full-width extensive-form fictitious play) , 3f
WEH] T XFP 5 — Ak H 55 46 19 K 4800 =) 40 A7 AH [7)
S SAC R AR IE . R B Al b, O T R Ak b A
KRBT ZE G55 A AT 52 1 R 00 A X R 8k
FSP 32830 1 H) T 5 A 27 >0 2R SR At a0z 8) e 16 iy 1 A1)
FH B 27 20 ok EAT - 24 SR 14 BT
4.4.3 JoHEzE

o3 s OIS Wi PR g e [ N S )
1 P B /MK (regret minimization). X F #5225
IR G Y MREE IR T 48 n K f9-F 2 RS
A -

T
RegIT:lT Z} [inea;(Ri(O'; ’O'—,',/)iRi(O',)] (15)

R IMETE 22 T— cofif, i Reg! LIHE
FLET 0. X T Y RBUSEE, ~MEELER
e X T T NE MR R SR AT B AR
R - 15 R FURAEAE AR /D T e 8 4 Bt
TR WY (17X S T2 B 2 e - A0 A1 ¥ 15 6 it
518 AL T NFE MR 20007 # I JC o > 5
B B 217 s LIRS 1 WS 3 A 2

1% G2 1 TC Mg ¢ 1 Bk T 1) 1) 2 A v TR SRS
AT LA R0R fifp 1 1 20 MRS 250 /I, T R AR = A
TP I AR Zinkevich 58 AAE 2008 4F 2
T S I B /) L B3 (Counterfactual Regret
minimization, fif Fk CFRO™ ., W5 %A kM T N
FNIERATE AT B Y T 2 2 i 28 R i
HO T2 (15D % SCHY P 2 R AR s 4 flfi T T —
ol T 0 8 ARRAEL - PR O S 2 52 8 4 (counterfactual
regret). A7 ULH] L BLE LI R iR - p7 (2 [ ) Fom

BERAEW o BT S QRN T . #2585
KERL RN AL = MBER; 7 () FRIRBR T A4k
Z AN A A PR A S X T B0 G5 A R B A S DT K.
TR 2 A 7 G B T A i S = S5t
Reg!. ()=
1 max Zﬁa”'" (D (u; G, | 1eus D —u; (o, , 1) (16)

Taexm,:l

Htw (o D= > B (| MR () FRFELE I

hel.zeZ
A i RIS o (o, | 1 s D FETR 54N 0 IR
TEfG B4 T HATAT 8 a IS 2] A9 0B Y 35 X T
R IR Reg i (1D =max{Reg ., (1,0},
X FAL B AMA i) Zinkevich 8 TEW] T HF 3 28
TR AR A 2 o HL BT A 1R B 4 b I Al R o S Ak
[

Reg;-rﬁzR@g:;;m(D an

Iel‘
I s fc /M BE— A5 B8 A S 3 S st B (E ik )
R IE T -1 2R AR AE 1 e /M.
Helblb 2 SRR Reg! (1) =07 (D
(; G, | 1eas DD —w; (o, s D) PL K Regl (I,a) =
max{Reg, (I.a).0}. 552 54 d /B Bk i g 2
s R T S Y 7 3R AT R I

Oi,T+1

Reg" (I,
J et La) i SV Reg (L) =0 it

E Reg;r’f(l,a) werh

wExh (18)
1 ,

WX(I)’ oAy 175 50
TR 2« 4 BR 2 (18) B A9 50 mé 39k e = B 3t Bk dwe /MK
4. 4.4 Minimax-Q

R = NE I Markov 5 1) & S, Al LLAE 2
X FALE R A o= (o1 50:) - 4% (9) & LA H A
BN FAEEMEIRRE s€ S EBW LV (s50150.) =
=V, (ss0150) L FIE L AT RLE L N AT Markov
TR o Y e U A R B

VY (s) =max minV; (5,01 ,6,) 19

6 €2 0, €2,
52 Q 220 2L, e AT LA B85 A 19 17 3
{EI%]%& Q]X(Sval 9@2):7?,] (Sya] 7a2>+72 Q(s,a] o
s'es
a»sHV GO REX FAERMIRE s€ Somh vl LA
P AUAT S BB REAS 2 1 A S ISR mg
o/ (s) = argmax min Zm(s,al)Q{(s,a],az)(ZO)

o1 (D EMAD @ €4y STy
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Y,
&

[ B AT A5 AN 2 1 B G S s

FHT I, Littman £F 1994 4F 42 ) 7 minimax-Q
23]k 5 Q 2 3 2Kl minimax-Q 7E it & B
AN BN TE IR BT By ) R — R O R vk Y
IR ERTS s PATAT 3 (@i va ) HARZS B # 3]
s' B minimax-Q % AN R J7 AT Q 18 9 H 8 -
Q..i1(svaiva-)=Q,(sya;va-;)ta,(R;(ssa;,a_;)+

YV — Qi (shaisa—))  (21)
BN RR(ENERAG
V/(s)= max min Ea,(s,a,-)Q,-,,(s,a,-,aﬁ)
a’(.s.~)63(/\l) a 16/\ i “,GA,

(22)
Mo HEMNMREBITIHAER (soaisa ) i)
JE L2 G T 5 I 30 (21 & XY minimax-Q 2%
LSRN 1 Q RBU S B AT B
TH PREL Qs BB 38 AT DAAR 318 =X (20) 15 B4R 19 S A8
T
4.5 ROISH
BT TEIEEE M i R ALY BT A R 2R S AR ST
A 2 20 o figp e L AR [R) 0, a HEL DA 28 B T/ E 2  HUL E
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W T B — A T XX T 34 TR A T (L B A

x2 ANXTE

i) 1 24 ) R B2 ik Ak 2 21 SR fig MDP o (1) 3
UL RIS . W& 45 G — R % T R — 2 %40
BEAR B BN B B (1) &1 X X T 5 2 5 SR A 3
U AR R 5 (2) AR 9512 e 6 ) g K DA A 1 dae A T
;[T 5 SR T R R AR 1) ST 34 3

R4 AL XS Bt of i 18 25 2 ) B 98 HE 42, NFSP
BB SR AR T AT ARG B R IE Xl
G SR 2 R 3T RN 40 AT 389 7. 4% BEE 9 2% 2] B ST AE
2 AR — A AWML BUAT 55 AT DL e 485 o — A A
ANGE AT BY I IR IF B A & e SO I o)
YA Y15 AR 2 58 T AR NFSP 35 g . 3+
I, HRTE &A% 223 0F F NFSP i1 55 /) 5% g
Jig otk A T SR W, e ELF Mini-RTS7 . 24 4%,
1 T2 2T O 2k B an s g S s R /b (CFRO B
Pt AT LT3R i — N ZF A58 25 B R IE Xl
ZE 1) AL G AT 2, AR B 2R 2 ) DR SR AE 4L, LA B B
s 5 s i Xk B3 B AT AR A CFR R 473K .

AT b NHUXS T A 17 2% 2 > WIF 5% HE 22 O
FEE AT — A B Ak 1) ST 4 A 4, I i g A
P S M A SO 2R A T 033X = AN 3L AR L PR
HH ELVC 58 BB TR B T — b it e i A WL AT 55 2
B Y T g 2 ) F k.

5 HEEIWH

S T B S APNG /DG 7 RN LU S R e E
B AT ) A2 HE ZE X 22 Fi N B XS TR RE e R S
I 0 T AR IEAT AT (A& 2 B ) L 1 2 TR S AR
W5 1A A LR ZR B 45 58 6 (5 B Y R
AR (I A58 65 B R IE I 28 (TR M Fh
b6 LA 4 ] UL Markov 1% CE PR 8 2). 4%
TAER BB an T

REAM T EMEFEIESR

W R TR AL F A O BB (5 > BUm) B2 E X T

AlphaGo Zero BB — AE M EE BT EBAMAE TR0 AR SHE o M8 % U W2 [ i ol
— h Al N > — \ ]S 22 2 2

Libratus %égggﬂ SAEMAERERT ppatrs E RO S v S R L
BRSO 1 S ABRW A AR L T R S TR

AlphaStar Markov 25 S AL A A1 35 i ¥ 2% 37

5.1 AlphaGo Zero

AlphaGo Zero™ & DeepMind F & 1 ] #L %9
REA A DU B T N 28 X0 Bt Bl M2 2% 2] 3K 31| R
v N ZEIKAF-. 4 B 5 27 ST HEZR L A3 o ] b o B
POy — KT 58 K AE B RIE IR 2% i
MR A A AN A 4 i 1O A O B T S R IR

RGBT LG T R A 2 W 453 oL A A 3.
Xt .

FEL R A AR 01 249 5 2 5 TR BEE i) 3k B 250 55
150, H 4% 1A (8 o8 B0 18 AP 3. 7E itk B R i 48
SR R AL G54 R RO — 2P 4Ok
4 A R LA T B3 W8 L5 Ik 8] O B A R R AR
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RAG R S 0 FEZE A% o Lb T AL 20 A1 25 i SR . Ry
fif iZ ) L, 7 AlphaGo Zero i, I JBE i 25 ) 2% FI
52 RN IS I 220 o AH AR o L EOAE RR AR ) O Ok
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5.2 Libratus
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TONTCBR RN D v A N FE A E S (F B
PR IE AR 27 i MR A 2 Rl A A 2 1 TS i
P08 T 5 S8t D /N B 1 O A SR i Ao R v
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A7 T 20 17D 5 0 SR B 4R TR B Al 5 A8 ik

T B R BUAR DL AR 42 24 1] 2 2 1 B B ok 3 (IR A
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FLR M, B SR B e e X e ) NG
PR AR N 5 IR AT 2 T, A R 48 T AR S
FELTRD 24 157 . AT & R I — o G 6 Y 2 B A 5
2 (application-independent parameter-optimization
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A5 N 5500 5 AP 240 T FR 2 fai O 250 T AP Y
125 J3 Fh. 2y 1a) Ja W 2R A2 45w SR g (291 5 T 2R 1Y
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P Lt 5 i Jr 20 o 52 07 R 0 i g 52 35t e/
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A ) 1 2 R i A8 B R & A i B T 2R oK iR 5
2 I TTE turn F river B B 4k A 1) W5 12 SR
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5.3 AlphaStar
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T AT R AE DL AR PR B 6 T DA R fig 4 R R I 5 1 g
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is usually on decision-making scenarios where multiple agents
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multi-agent scenarios, one of the approaches is to let agents
learn from experience. However, when multiple agents
learn, the overall learning problem becomes difficult to
handle by traditional machine learning methods. The main
reason is that the premise of the theoretical guarantees in
traditional machine learning methods, i.e. ., the stationarity
of environment, is violated in multi-agent decision-making
scenarios. Based on this, new machine learning methods need
to be developed for multi-agent scenarios.

In past decades, various multi-agent learning methods
have been proposed to deal with the above problem in multi-
agent learning. In particular, researchers incorporate game
theory into reinforcement learning, and develop the method
of multi-agent reinforcement learning based on stochastic
games. Most studies thereafter in the field of human-computer

gaming focus on multi-agent reinforcement learning methods.
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However, to achieve superhuman performance in human-
computer gaming, multi-agent reinforcement learning is just
one possible approach.

In this paper, to give an overview of how game theory
and machine learning contribute to multi-agent learning in
human-computer gaming, we provide a research framework
for game theory based machine learning methods. i.e. .
game-theoretic learning in human-computer gaming, which
summaries possible interactions between game theory and
machine learning. This research framework clarifies the roles
that game theory and machine learning play in game-theoretic
learning, and also provides key steps to develop game-
theoretic learning algorithms in human-computer gaming.
Based on this research framework, recent breakthroughs in
the field of human-computer gaming are also analyzed. Last
but not least, we point out open problems and possible
challenges based on the research framework of game-theoretic
learning to guide possible future research directions in human-
computer gaming.
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