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Abstract: Agent is a core term in the field of artificial intelligence. In recent years, agent technology has been widely
studied and applied in such fields as autonomous driving, robot system, e-commerce, sensor network, and intelligent
games. With the increase of system complexity, the research focus on agent technology has been shifted from single
agent to interactions between agents. In scenarios with multiple interactive agents, an important direction is to reason
out other agents’ decisions and behaviors, which can be realized through the modeling of other agents involved in the
interaction, that is, opponent modeling. Opponent modeling is conducive to reasoning, analyzing, and predicting other
agents’ actions, targets, and beliefs, thus optimizing one’s decision-making. This paper mainly focused on the research
on opponent modeling of agents, and introduced the opponent modeling technology in agent action prediction,
preference prediction, belief prediction, and type prediction. In addition, their advantages and disadvantages were
discussed, some current open problems were summarized, and the possible future research directions were presented.
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used to make decisions)

Bk T ARG IR IR R, 7E 2 B R AR SR AL 2 S A0
S FREABA R T — R . 2Rk
sG] 25 B8 R R RE AR B A LT 5 A B
FEAE Ik 37557, B 050 TE 2 & REAA A i [ 1]
. BE 2 BRI RGNS, HRM R,
PR F RBEE IE T T SR ORISR
o JFHCE B REAI LT, B RSB B Z AR
(Xt T, A4 AT RERRE EORHT O -5 2 0 kAT X
bt I Al R M A iZnt 0] fER (45K
Mg, AT SE4f iR o

X TR R BRI . H B R  EERLE A
NMLAZ B8 N T RE N 37 5 i A3 26 5 22 (1 L
MW" B, BB EERFEERE Lw s
FaSEIZAT, AMUTHRZEAIEL, 07 Zld s
AT NRATBETT 1], 38 B B0k ok 58 4 3 e
e AERFIERE S, WSRFTEXT T RLL, ARE
PR TE B AR A BT AT — A Bk
Dy LolkE A SPEINAI PO ik (2 G NS YA )
AL T, ZOREAENS B S IR Buax M5k . 61K



5 W

XUBHGE, 4. B REMAT TRt I ot 705

B AR, AT X T RE 0% 5 4 Hh T T (1 5K
W, $RTFE SHIREST: FERLER T, AR ENE X P
F R L, U RENE M I S A5 25 B A Rt T
ok FHIR

H T AR 2 R Re iR TR BINERER .
R AT P F A, 0 T TR TT 20 x et
FEME XTI R TG B TS MRS
AT AR s HiE T A RRE L. BT
&, BB ASCEAIEIE I A o T AT S
B F IR IER T, RENEAE B A B sh B
B SEHlRF I . BER R e B M H a F
B55%E, MNPEESAREE R AW TS K
Je&, LTI B £ PR 9 5 o

ARCHETRAH R SR AR ST AN 45, R R g
REIBITE A, i e, (S, RAERBLL
e F At RS JUAN A BE A, o0 e SR B T iR AN
ARBEAT T VELH I ik IR AL A R HEAT T
BT B S N P AR S ARAT E A i R B g 2 [
BEAT A, FFERT AR SK AT RERIBIE FEMUA FETT 17 o

1 EEEFNE T FEEMR

BN AE TR0 R o B TR R T, BT
X FHIARRBIE, Rt T b f & WL — 7
o HEA SRR S @ L — MR B T A,
AT PAIAR A — AN BE AL Y 5 5] F C 04 5 2 50
— AR E NI RS T S0 TR
WA, AW B S HO AT I, RS H S0
S JUHARF I A8 o 1 [ S04 Tt fg g 3= A
T3 EAFE R T RSN T AR A3 2 A
1.1 EFaERERX FaERN

BIEARAR AR T (1 P s B EAT o, K he
PRI T RESIE R B A AR AL . BIEAER (1
B LT < Rtk O, SR B BUR G
ERIE B A EEAT G, RITHR R
AR S e AR TS . X7V S A B #)
SR Rl R 2 R AR SR AL ST R . SCRR[11 i
II¥ RL (reinforcement learning)-5 Y247 (S P )2
ATREME S, Ry H B KA RER S 3h
TEftifE . REAEREM  #A — Mt HEs C, FoR i
B RedA j et AN of IIREL. 2SR
TR R AT A R REAR I SR S . AR
ZERE, iR R AN S R R j TSR
W& AR, R — N AR R BRI LS 0 4R %

T ESRIEFATE . XN RAERER . R

LLER Pr/ / { > C ] HATEE oo XEHE RS
bed,
IR — AN RBEEE T, @ MRS e e OB,
WHHENE o BATVEY, BR
EV(d")= Z;liQ(aiU{ai}H{Pr‘j'[”}J (1)
—IRRFAZ B S5, @ MR AR g H 1)
SAE AR BB £, I R s G g5 AT LE
H, SR EETST RS EMR MB A s E A BT
BB D R BRI 2 R Re R R g R RE AR
WP A SR AR
K I T B E IR P ATV, 75 B ARk
(1 D ) R A T AT AR R FHIR LS Ty sE ot 3.
AT B 525 B /D BCE H, HUA e H R
B AT SRR R R E R Z, e
SEEESE, ARG, JENSEN 2512
A5 SR AN T R AT RE AR SR ST B /R
R NIRRT EREBIER RS, %R
FHSEAR ATy S A5 B IR B o v WU ANt o
A =TIPS | P 2 SV = At by CEiby A N TR v - =8
FHE AT I, T BRI (5 T s A Tl 75 v
TR FE T I A HAT B A K A (R R A
FXT F AR AT T o 38 b 5 v AT DA YRS T 4R
R 3l A 7 — N A BRI O R AR, B —
P RN BEATL A A R WIaa B A . (RiZ 7k 3
ALEE T S B R A, X DA A 8 2 i R
RAIRFES
1.2 ETFTHEUMHEIRFahER
A A 2 ) A5 7 2R e T AE sk p i 2
HIELHPIRES, XS T AR AR HURS AR 24k
AE /7. B THERM LT DA X A )@, LR
SR S0 SRS B S AR TE, id%iX
BB T DL K R BRI B AR T B BT R B B - 28
Je» FIE AR ACL: B BCR PEAS AN RS TR AR AR BE .
BJE, BB TR, KA R H0H) 2 A
T AR L U P A R R RT BE B
FE T REACL A HE B U7 ¥ 1 5 Bt ) 80 gl 7 T AH A
FER BT B, RERIE R EEA) S 2 A
JEVER R RN, AL RE BRECE SO R A
Wbz RiaH, B ERIEY @B se AR Rk ik
B . STEFFENS! UM pR $0E XN 2
AN E RS TN B 1 22 2R P AL, AT BL—A



&

706

®

2021 4F

BRG], B

sim(C,,C,) = ) [@, x A(p(i,C)), p(i,C,)) +

i=1
@ x A((i, ), v(i,C,))] + @, x A(bp(C,),bp(C,)) +
@y x A(bv(C)),bv(C,)) )
Her, ¢ C, N 2 Pl s (s 61);
p(,C) M, C;) NI i 75 C; 15T T F AL B AE
FEfE R bp(C,) Fbv(C;) NRIRTE C, 5% T HIfL
BERHEE; A(4,B) N A E| B Z IR FIRKIREEES ; o, F

o ROLERERIRE, 0 (0, +a]) . HER
i=0

BT R YRR DG, R TR B AR AR R H
Fr 515 W Je PR 8] o8 R« H PR 4% 7
Wi o)5 5], LR RARY, XMETX T Hix
T O 1 4 PR AR R B 2 3 n 1 HEEE R S ) Tl
DR o T R R ) B, 7 ZEf i 55—
A i 58 2 T AT v R AE A A R IX LS R SEAE T . N
Itt, DENZINGER il HAMDAN! 7t —Fifi i T fof
R RIS RIS TR R T

IR 2 ok S AR T 7 v B R F] R T
LR D7 SLAF ] BT SR ) — A ] A2 4
R R A Bilan, AR o S5 Bk
BN ECN a, BAP7AE BB a0 1E el
IS ny W TG EAEE R BIE BN o' LR
T REAM R R T, BT IR A 3hHL DFAN,
PO N TR PO R SCR[4TK 2
ReAA R Ak 27 o In) JUEECHT 2k Oy DU B, 45
RS B AR 2 B Re R A, I i o H bR
I FR R ALENS, AR X T At
THEH . DAVIES 25PU7E 2 8 fedkgnih 2 S 5
15~ 2 B e AR FE 1 i 4 SR B A (multi-agent  deep
deterministic policy gradient, MADDPG) (& 2)H1 5]
A LSTM 4%, A i i 7 =) B 38R
KA F 15 21 FE, 7E3E UL Keep-Away JiF kAN
5] 150 BH 0 = R A T H T A PR A5R

3

2 ZHEEARIRLY 2] MADDPG BLVAHESE
Fig. 2 Framework of a multi-agent reinforcement
learning algorithm MADDPG

2 EERETONNN FRAEHR

5t 0 i 7 A SR8 T S50 A
B S SR I T 5 400, - B R
B WL BRI .
21 AT EERSARETN

5ot 2 07 54 5 0 950 A 0 80 6
SRS K, T 5 R 3 R 2% PR 0 5
SEE LT IR 7 2 0 T 52 5 B
BLAR A S T2 A DL 4 R R )
KA, BTG A v, U A, AR P
e R LS I T IDN
X5 ARSI, Horb s 5 R T b
B B4 5 BB A 2, SR F A H
HIRHSE REG F AR EAFOL, A5 BARY A T,
AB R Bel(T) = Bel(T") » 3Lh T g T, KT

n=1

Ry 2RoR HART UM 35T 18] PR R OC 2 1 H -
BHIG UL B R R R A AT i8] 1 e
RANEH-ZHIN. A DU e BT 2 1
B E B F AR R BAS BEHEAT SR AL T okt
TR 19X 2 A0 0k =R ) X 2 AL Bl FRD 9 5 DL et J0 )
2%, BNl SO0 MR B R BT H AR 23 X4 R
LR AR, FOREAS AR sS04
AW PRGN XA IR, gRZHLaEA
XA GEH R T P R TR () R . S % T VA RE S
3BT AT T PR R Bk [ R A 231X, R T
FE S BRALAS AL A AR T xS A5 110 5 s
AR

I FAT 9 BB R T AR 5 iR SR S 1
MR, BIRR AL 2 B, BT
TR PR o B R4S SR D AR RIS 55 R kg, R
AT R AR AT HSE R, X s T
— IR (AN E AL AR BB R ))
AR E
2.2 ET s R B E R L U

WA 2 B 450 A ) SR AR 7 i B I i T T
0P R B SE BN T R SR PO TN o BB Rt T AE T
FE AR B R R AR K aE TR 0T
FUSCaE PR B, AT DURR A i bR B0 AL 1 S
I B o RV AR B B o SCHR[STHE TR 250 3K
R T 205 1% HoR R FAR T e SO TR A 2L R
B ZRIREL . — DB LA (Sprayerr Smoder)r F
H Spiayer=(players dplayer) AIZDLF X 5l , AL HALE



5 W

XUBHGE, 4. B REMAT TRt I ot 707

BREL fotayer X HAERIRKIE dptayers T Smodet=(fmodels
Aimode) AT F-HIHEME ,  ALHEXT T BIAE BRI froode K
HMRIRE dmogere  LAXT FHEFER I S0 28045, R
ZE SR T S RL 0 T 058, AR NSRRI, 2
2 S BN T (R R IR A R B A 1 R
e OR SR IE LA A, B £(b)=deh(b) =
D wh(b), Frbr b AR, hy(b)KHCHIR AR

T 5 @ ML R RTRFAE R A EHR, X
TG R B 27 ST U 45 D 0 T R At R AR
2o AR ZIEEN I EMNRE 4 T
(KAL) 5 o > AP AH L (4 SRS (a oh,d) 15 %0 T
P S5 B EAHTT, SIGSs SRR YL T FE2EIE
DA LA AR SR 3

T Wi i R K A X R R AR Y i e AT T
MIJEARAE 7 B T T2 B R e, JF Hf 2
X0 TR 1 B A5 B (e 2t e HU S IR ) A
—E TR, RN R B ORR I S A5 DA e o B R
S
2.3 ETRIRA A 4 T

THRIR G & AR i WL 22 (A6 T 3h VR 1 8 0
() J5e 2% H b B ez H AR TR Bdsxt &
{10 40 38 38 H R 2 T JR RO IR I <RI
Y, TR 52 B bR FAT 55 BB AN AT 53 AR
Wk, BRI MANL . THRIPERER T ORI R
F, BEE BN DR R AR R BL
ARG R FEE . W RIER R R AT
DA A m A o 2 Tk Rl 22 DA K — AW 52 2
(3 S a A, kSR 05 i T DAAE R A2 T )
J2E R AR FT RE TRl o R R T AR R R e AN A 2R
FIRRHCE RS, I SRR LR LSS SR AT
NPT o

BET USRI e e I T3 9 T AR AT
BRI — B AR F A s, A 5 3 0
BFF SRR R, B, B RE AL HERE RGTAT B
BT HL D s E AR AN TR 2 A, 9 HAERE i
FEME B — BB R R g
RN Bty & 1) HARAN TR, R St SR BRI 1)
RO R %O R A B RAF TR
fEHAE S HER R IA B AT RER TR, EEEARH B
kLl

3 HEERERNNFERMR
B T RBED K, HOM R AR LB

A7 WS BRI . B BEAXT T 24 HT I
B S AR R ARE A H ARG &, SFER, H
R BRI AW RE H ARG S, XENESE
FREBIE R T TCR A5 S (5 S Bt
ST RPN A R A A Y HE R I R ke i L
1T RN
3.1 EEETEE

{5 S @By LI P A 245 B
AR BRI 7T 2T g T A A PR 3 A )
CHR[S B &tk B L LT — AN E R, A
T SEBAE 2 I T AR o 70 338 U JE 3508 16 0 4 A% 328
B EEVIRBZE s AERE, AR5 RSB S
2, WKIEZEHE, BB AR AT DAFE S A AR I8
WP, RN RE AR B LA R Re AR A
FRIE S, HARRHAE se o2, RUREAR
I B Qs S RIS . GALLEGO 2P
¥ k-2 M5 S @B R 2 A e tkanfb 2 2,
FE TR S I BE R T B 0 AR & A T RE I
B, BAKER ZE2205) ) UL 37060 245 ek ot
FAE, FRAEFN TE iR A R H DU 30 TR A8
B R
32 EMESEE

eI B RAUR, W FH AT Rk 5 &
AL T MR S TTE . 18 B E
HREEET “B” REFSHEBEHEE. EEET
HiRET “K” #E T IAMEHE Y., 5E&EF
SRR, EHEESMHAW ARERGES, DK
L RIS SIREPY, FrIEELEESERHE
AP B TS B A T, AT DUAE B R AR G
F ARSI 2 AR BB AT T R 5 H 3
BFRA,

TH [F) {5 & L 7V R o R B T & e A 2 )
I AH EL A, 8 B AR A X X 5 T 1) [ Bt 8 %o
X% Be AR B T 25 FEAE N o SRTT T 1X AP 2 2
EM SR, SEUFEAMIEE K, A
TE3 H 1 A8 B AR A A A3 75 N — S 3 ik,
[R] L SR AR A A P ) FR R — X R

4 HEEXBZIENFER

4.1 ETREVEFHLBEIE

bR T AR T A R A T AR A
BNEI R TR, 1277 A A R s 2 EE
Betg o T RM A EBR B R T 2 A
JURNSRA 2 —, DRI AT LB 3 A S i A



&
5

708

2021 4F

B — AN R AT DO B RRAK 1Y) 78 B S RO AT
FR, DA H PSRN, DA @A R B
MR AR R . AT YR, ECABA
HR H SRR B BT o SRABE A f) S 40T DL
AT 8 595 i SRR AT 45 U & # A Y,
A LGE I O A 122 2 345 B s A
B A 8 BRI P 22 1 3R B 45 5 8] (interactive
dynamic influence diagrams, I-DID)XJ A K15 F 14T
AR, 32 BB K DL EDE R SRk 2 B Re ik
A H PSS R I AE 5 2% I A2 L Aok At R RE AR 1)
AEAT AT IO . 1 3 A 2 MR RN T 1
JE W ek i AT -1 B R )NAE
AN KAy . OISR, &K
AN REAR | IIRSRAT N Ais QBENLTY R, ALAE
FAERIREDIRES S DLACR REAR | KISk % O,
Refh j ShEMIMEZR 0 AT 4, OB R R AR el i
MM R K @RS 5l om0 9 -1 JREVERENE j P
HAREAFERAYL, B BJE Redk @ Bk R 2
BN ) RPTER, m, . =(b,,.0,), Fohb,

SRS, 6, N Re j IHESE (% s
L N SAUES ). Bk Ah, B Sk EE,
BN f 4, S S ML RN, &R
Y B A D BEAA j BISRNG . — A 1 ERIAC B3
Az E R e K AR m Bk, RIER g
BREAR i 9K 1 )21 1-DID, B a1k —
JZRI 11 2R ek j IR my o 1% TAERE T
A9 A% 32 5% 80 £ A7 75 B 28 T e I Bl N () B2 387 A
B, Bk ae ik i MR j BIBE K j I EE, B
TRRBHEW®, ERTSERER “WEL-3)
1E7 FeaiE S HE bR I i Y, e 2 HE X F IR
SEARA TR ORORIE S TR A, H R
FE TR Be AR AR 2 B AR 4

B3 1R B Ash R E R
Fig. 3 An illustration of a /-level I-DID

42 BETHHENSLMLBIEIE

W TS TR AT 2 A, ] DL SRR 23
RTINS T (AT A KA, Bl “Hrdi 7 dds
PR B, DU AR AT B £ SREURA B () 3

VE o %5 KA R R FE bR 255 v (1 — Fofr 43 Fic 48 %o
F, Fb MR IR R, E SRS AR, 1%
AR T Tz N . WEBER F1 MATEASE®
T A2 B A 5 Ui R R S SRS (1 7 1 . TEIN 4%
HOSCEE R R DS IR R, PR i B s e ¥ Ay
WA H &, BABEK P 04T h# b sl — A
PR f R T L IR Bk T
PRI IR LR R PO SIS o 5 SRS TN ] R R 2
K, P IR, (L ) 7328 Je Bl )
SRR C4.5 Y%, k-NN ML 2% > kA 31
HEIE I TR FHAT S VE IS 18] . SYNNAEVE
BESSIERER VR FH g 4 21 (1 41 7] (1] i e, 2T
FAEE B KA AT k-means 535, et VB ERS
B 1 FF ISR s AT PR 1) S B v 3 2R 10 0 vk
SCHR [35]1 42 H R S 1R 43 5248 ok I B % AE Ui AR
Spring I3 8% KUk . DAVIDSON 2538 i Fi 2% i b
W 2 FIR XS TR, It H X B AT RHE ik
FE, AR TR RE P TH B AHE A 5 AR
H B VRS T T I AR

PR, S gt T AR il oy A Y (1
L, AR bR T T N AR R . AR,
7 VE B O T 7 S ASE TR o A A R o
P, R B 5 AN R SRR S E) & B S U
R AT .

5 HtiEEnR

XA TR R Z R A R A i 77 =, B
BRSNS R (AN TR SR SR s DL
- J0 [0 266 ) S SR IO G TSR o [RIINE, X AR 2
(1) A I\ 25 5 BB A 1 A P56 A8 B PP (1 LA 5 R R adk
ITEREL, DAL, XAMAR AR AR R R — A R
B
51 BRXEERFZE

B TR AR AS 2 W A i — S A, T2
W5 36 T 10 5 U R A B b o 1 1) At 435 g 4 B
MR LR BEEPT R I\ — 45 R I SR rh ik
AT FORNE, BT REENRA @R T
ek I R 2R, HERNANDEZ-LEAL
S % F BN MDP B HEHK — 7.
BR[ 71K IR BE A 22 4% DRON Xt -7 228
HHATEAL, R FE R & ik BE7E DQN 4%
IR REAR (B 4), 1Z 7 Bk 2 ST RS #E
B T(s,a,s") = Pr(s'|s,a) TIAX FHER, EH
T(s,a,0,s") = Pr(s'|s,a,0) , [BIHREEH R(s,a,s") %



5 W

XUBHGE, 4. B REMAT TRt I ot 709

HR(s,a,0,s"), HH s Fls' NRGRE; a NEHR
REAR (AT H R Be AR IBIE: o AT HARLE RE
RIEREBIE. I, AFET DQN FHISIEME
%l g (s,a) , DRON Xt FAAEREL I — B0,
BT E SO XS T 0 T 16 S 0 5 DL B AR A 48 BB
ﬁ%QWEm?QW@m,E¢ﬁ%E@%%%
A % . DRON B g —ANTINIRES O 18
[0 SREME 2 S B (N ) Rl —ANHE W75 T SR s (1) 0 -2
SIREH(NG),  FAAT BB T F- 1 @ 1, AR
Pk 25 (M 522 2156 F I BRI R o~ o L2 BRbE
KR ) Ui P R B Bl I R AT A R
T, DRON TEFa e A R 7 T AR AL T AR AT
Xf T A ) DQN.

0™ (s,.a,)

El4 Z:T DQN e O T2 45 kg 2%
Fig. 4 Implicit DQN-based opponent modeling

SR M A T UL G 7 AR A
& EH R AEE, ol BB AR R T
X FHIRAT NG BEP R RBESRE T
RS RN, e T RSB R 2R

FEXTT Wi, BRI ST &3 T
ARSI 2 AR, ATUCE BRI —E
(PR RIVE A (HE AT 5 T B M i 5
o Hamd A SRR AR, XS FREA AT DL
ANFEIHRI R A
52 BHABERRE

IR AR AL R T AN B AR AT N, T
TEZ BRI, BRek 2 [AIA e B A B E 1
AR, KRN B RE AR B R B B T eVl 42
B IXAE (1) S BRAREALE T A IO S R R FT Hrd o B A f
ZReR, B P I R e AR ) A G B 1) A ki B
B KA, ARV A 2 18] 4097 124 JH A 3 B A 1) Rl iR
TR — AR R B 4T 4 F 44 . FOERSTER %%
TEIR FE 5 Ak 2% ) A Af 8 e A 78 BE 8 O SR (1Y [)
W, FZREFMMh AR R, BT H AR B g AR 1)
ITERIIN S5 ¥ ArE 2 558 B H A ge ik

AR T, FARARRYE 28T A S H
PSS, T AL RE B R — D0 T HEHT SR 2 3
Bi, FAKUCIRSER TR N . SRR Z VAR
AL DA RT3 A0 43¢ T 9 ke R ECAS: 17 AR O RICR
AUMANNU SR T 7 (6 44 1 2 45 18 2 HLE
NARAT NI G A R RER AL, JEE A
FFEAA e BB A 25 1 (G P BA P9 R B i B L o
1 P LSOV y ot T A B 4T S8 ABE A 4 B o
\{/ﬁﬁﬁp‘)]o

R T A A, A AR T DA
AREZEL PA T 15 D T PR SO AR S, TR B AR AR 3tk
S AT S SR L I RCR . [FI T A
LB R AR T R B AR RS RAE L, BE
— R LR EEERACR . Hit THANASR
BRI R, AR TSR T
AR .

6 KRFKERFME

xRS KOTIE T T DA IS TR A2
(IEfRE o SR TN BT TROAS,  REAR TR RIS 3
A E VAR A I G R A AR RO B, X k)
O R L DL -
6.1 ERS AN THIXS FEIE

(AT T A BB e % 2R 58 BE 1 3R B A
XFAE S R, VR AU 3 5B A B
AN R R BB A B S B & N E D93
SN 7 ANERE TR B R REIRIUOR TR B i
AR EARA e BE AN E AL, IR 23 UL
FORFAE A0 T AR AT A IR X — T3 ThT ] g
T I 15 2 R BRI Y s 53— i, AT
NS H AR5 B2 18 X Nk R AR . H
i, R AR, Cadth —Rp S AR
TR IR — W T o e SRS Y2 R B AL
B35 o il oy nOLI 26 A R AR P A R A R
AR AR R ) ) AL
6.2 I FESRIEHERE

BUA R ITET, ZROTEEBSE REiAAE
AL H AR B A B E . (HAE HIER RS,
B e AE AR ] S E NI, XA
TRBREANBLSE R, X TR AR 75 AR X T 1)
SIS HREME il L & VAR A o AEX T HEE AT BE AL Y
TRl 2, (RS @GR M. HaTcs
A LRI I [ T AR BT S
MTFEA FIREEE ESCBL 1 3R Fa . i,



710 ook 2021 4F

Irﬁkmg]f%ﬁij{z’gﬂéﬁﬁ*&]}ﬁw LI&@Z Iﬁj‘[‘“]g;k International Joint Conference on Artificial Intelligence. Palo

s - . Alto: AAAI Press, 2019: 602-608.
E%**Ejﬁﬁ%qjm,ﬁﬂ‘lélﬁj’%o m\ﬁzﬁ’ ﬁﬁﬂzkiﬁ [5] CARMEL D, MARKOVITCH S. Learning models of
BEE{,K E{]ﬁ?%ﬁ%’ 1;@5\_ @zz)j,u }ﬁuﬂ”xﬁ?ﬁi—j\jﬁ/\]%ﬂ opponent’s strategy game playing[C]//Proceedings of the

AAAI Fall Symposium on Games: Learning and Planning.
MS%““ Ellﬁ E[’:J*/I\IEXEO Palo Alto: AAAI Press, 1993: 140-147.
6.3 ﬂ:ﬁﬂ[%%’bbﬁs %éﬁthﬂ’\]i#%@#ﬁ [6] LOCKETT A J, CHEN C L, MIIKKULAINEN R. Evolving
licit opponent models in game playing[C]//Proceedings of
wHG %D exp pp g playing
E CIE Xj‘?% MSiZJ E'“F ’TZIKE/]LE‘%i/]ﬁ the 9th Annual Conference on Genetic and Evolutionary
7RG EH B, BIEEANAZ TR, Computation - GECCO’07. New York: ACM Press, 2007:
2106-2113.
Z A — ik
%’;EEP B/] {z’g;ﬁ[ E EZ:/E E/J ﬁﬁf %ﬁk E/Jz [7] HE H, BOYD-GRABER J, KWOK K, et al. Opponent
{Z’S%é}ﬁﬁh[‘w BRI BERE IR HE NBL S TT R 48 modeling in deep reinforcement learning[C]/The 33rd
v International Conference on Machine Learning. New York:
ffﬁTL%ﬂﬁﬁﬂ’%‘”“bﬁi TR L I 8 A 2 v ACM Pross. 2016: 1804-1813.
z s P [50]0 MR, OEH —WE N & e [8] HARSANYI J C. Games with incomplete information played
N N R by “Bayesian”[J]. Management Science, 1967, 14(3): 159-182.
I3 B2k 4 ENSdaRe y Bay

RGBT, (RN RGO AR R0 T2 [9] BROWN G. Iterative solution of games by fictitious play[M].

T, BSOS RS ER Beik e (E T 5{E2t New York: John Wiley & Sons, 1951: 374-376.

i it #[51] BR B [10] FUDENBERG D, LEVINE D K. The theory of learning in

RS RE AV ki games[M]. Cambridge: MIT Press, 1998: 1-292.

6.4 EI&%%E’JXTI%LEE;‘{; [11] CLAUS C. The dynamics of reinforcement learning in
K T %EEE El/] 9%%:[% = *D CI’#XE E/J Xj‘%;‘{n S§=2 cooperative multla.gen.t syste@s[C]//The 15t'h Natlot?al/FOth

Conference on Artificial Intelligence/Innovative Applications

XTJ‘%E*%%UIE[:KBCE:J% E’JME%(, ,mﬁlﬁ% iZJ)?\ ‘F%ﬂ_l of Artificial Intelligence. Palo Alto: AAAI Press, 1998:

/ 2 | 17 5 . S T L 746-752.

aﬁ‘jr E’jﬁ/}i?ﬁ%iJ ’f’@ i, 2 j@ /@‘X—j$ T) JXE {ﬁ [12] JENSEN S, BOLEY D, GINI M, et al. Rapid on-line temporal

)&}—h FH E’Iﬂ%%” E/J%u 'TZM—L %’Exﬁﬂiﬁuﬂ:fﬁiﬁu sequence prediction by an adaptive agent[C]//Proceedings of

e TNl p 5 Ehiliahe Ey ] the 4th International Joint Conference on Autonomous Agents

Ti{ﬁ%%ﬁkz)ﬁ%ﬂﬁ Hbjjj:f il E/J Tii*ﬁi%ﬁ and Multiagent Systems-AAMAS’05. New York: ACM Press,

SRR E PRI AR T R X T, ARAH K 2005: 67-73.

ﬁ . ﬂﬁ*ﬁéﬁ )EH fiﬁ/‘]XﬂL q:_ﬁ 1;;.;73—/2 /E\ﬁﬁﬁj{lﬂ@ [13] ALBRECHT S V, RAMAMOORTHY S. A game-theoretic

e _ . . . model and best-response learning method for ad hoc

WA 5], FIRHA R E Rk . T2 coordination in multiagent systems[EB/OL]. [2021-06-18].

) U\ ﬁﬂ-%ﬁﬁ J‘ii\t E(] QX%%E&%%ﬁi}J%*ﬂ ﬂi %ﬂ Xﬂ— https://arxiv.org/abs/1506.01170.

[19 Ah o . N SRR [14] HSIEH J L, SUN C T. Building a player strategy model by

%E‘E/]% | j‘jFI Al e A& Wt ﬂﬁt% [Eﬂmﬂﬁﬁﬁﬁp{j&ﬁ analyzing replays of real-time strategy games[C]//2008 IEEE

% ‘Z# . International Joint Conference on Neural Networks (IEEE

World Congress on Computational Intelligence). New York:
& 4x IEEE Press, 2008: 3106-3111.
7 n = [15] BORCK H, KARNEEB J, ALFORD R, et al. Case-based
behavior recognition in beyond visual range air
A 3 BLAEF S 2 B AR I B B AR N T A combat[C]//The 28th International Florida Artificial
— ’ _ Intelligence Research Society Conference. Palo Alto: AAAI
ARBEAT T IHGIRIE S, TEAEDE 70 T @B A [F Press, 2015: 379-384.
KA, FHAN, RIEHHE T KPR TR E[’JEE [16] STEFFENS T. Adapting similarity measures to agent types in
\ opponent modelling[C]//AAMAS’04 Workshop on Modeling
ﬁlﬂé ﬁj *ET %%Tij(Eﬁ{jﬁﬁk"“&Tij(i%““ ° Other Agents from Observations. Heidelberg: Springer, 2004:
X X T AR BRI T P A7 AE 9 HE Eﬂﬁﬂiﬂ%ﬁ 125-128.
< [17] DENZINGER J, HAMDAN J. Improving modeling of other
%ﬁﬁj—‘]ﬁi{T T%kﬂ‘ ° agents using tentative stereotypes and compactification of
Py ) observations[C]//Proceedings of IEEE/WIC/ACM International
=2 %j{fﬁk (References) Conference on Intelligent Agent Technology. New York: IEEE
) Press, 2004: 106-112.

(1] SILVER D, HUANG A, MADDISON C J, et al. Mastering the [18] CARMEL D, MARKOVITCH S. Model-based learning of
game of go with deep neural networks and tree search[J]. interaction strategies in multi-agent systems[J]. Journal of
Nature, 2016, 529(7587): 484-489. Experimental & Theoretical Artificial Intelligence, 1998, 10(3):

[2] OSBORNE M J, RUBINSTEIN A. A course in game 309-332.
theory[M]. Cambridge: MIT Press, 1994: 1-368. - [19] BARRETT S, STONE P, KRAUS S, et al. Teamwork with

(3] LOW]_E R, WUY L_ TAMAR {A., et al. Multl-agent actor-critic limited knowledge of teammates[C]//Proceedings of the 27th
for mixed cooperative-competitive environments[C]//The 31st AAAI Conference on Artificial Intelligence. Palo Alto: AAAI
International C(?nference on Neural Information Processing Press, 2013:102-108.

Systems. Cambridge: MIT Press, 2017: 6382-6393. [20] SILVER D, HUANG A, MADDISON C J, et al. Mastering the

TIAN Z, WEN Y, GONG Z, et al. A regularized opponent

model with maximum entropy objective[C]/The 28th

game of Go with deep neural networks and tree search[J].
Nature, 2016, 529(7587): 484-489.



55 XL, 2. B AR T AR MR S ik Jig 711
[21] DAVIES I, TIAN Z, WANG J. Learning to model opponent prediction[C]//2009 IEEE Symposium on Computational

(22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

learning (student abstract)[J]. Proceedings of the AAAI
Conference on Artificial 2020, 34(10):
13771-13772.

BEJTIE, J70h, fn . ZHLas AR HTR G0 1 P T R
WiT). RG], 2005, 17(9): 2138-2141.

XUE F Z, FANG S, XU X H. Opponent modeling in
adversarial multi-robot system simulation[J]. Acta Simulata
Systematica Sinica, 2005, 17(9): 2138-2141 (in Chinese).
CARBERRY S. Techniques for plan recognition[J]. User
Modeling and User-Adapted Interaction, 2001, 11(1-2): 31-48.
OH J, F MENEGUZZI, SYCARA K P, et al. An agent
architecture for prognostic reasoning assistance[C]//The 22nd
International Joint Conference on Artificial Intelligence, Palo
Alto: AAAI Press, 2011: 2513-2518.

Intelligence,

MCTEAR M F. User modelling for adaptive computer systems:

a survey of recent developments[J]. Artificial Intelligence
Review, 1993, 7(3-4): 157-184.

GEIB C W, GOLDMAN R P. Plan recognition in intrusion
detection  systems[C]//Proceedings DARPA Information
Survivability Conference and Exposition I1I. DISCEX'01. New
York: IEEE Press, 2001: 46-55.

HARSANYI J C. Bargaining in ignorance of the opponent’s
utility function[J]. Journal of Conflict Resolution, 1962, 6(1):
29-38.

GALLEGO V, NAVEIRO R, INSUA D R, et al. Opponent
aware reinforcement learning[EB/OL]. [2021-04-18]. www.
researchgate.net/publication/335276661 Opponent_Aware Re
inforcement_Learning.

BAKER R J S, COWLING P I, RANDALL T W G, et al. Can
opponent models aid poker player evolution?[C]//2008 IEEE
Symposium On Computational Intelligence and Games. New
York: IEEE Press, 2008: 23-30.

VAN DITMARSCH H, VAN DER HOEK W, KOOI B.
Dynamic epistemic logic[M]. Heidelberg: Springer, 2008:
1-282.

MARQUIS P, SCHWIND N. Lost in translation: Language
independence in propositional logic - application to belief
change[J]. Artificial Intelligence, 2014, 206: 1-24.

VAN BENTHEM J, VAN EIICK J, GATTINGER M, et al.
Symbolic model checking for Dynamic Epistemic Logic—S5

and beyond[J]. Journal of Logic and Computation, 2018, 28(2):

367-402.

ALBRECHT S V, CRANDALL J W, RAMAMOORTHY S. An
empirical study on the practical impact of prior beliefs over
policy types[C]//Proceedings of the 29th AAAI Conference on
Artificial Intelligence. Palo Alto: AAAI Press, 2015:
1988-1994.

D, sy, BT H AR E o TR s
i, 2016, 31(4): 635-639.

LUO J, WU H. Opponent modeling based on interactive
dynamic influence diagram[J]. Control and Decision, 2016,
31(4): 635-639 (in Chinese).

SCHADD F, BAKKES S, SPRONCK P. Opponent modeling in
[2021-04-18].
researchgate.net/publication/335276661 Opponent Aware Re
inforcement_Learning.

WEBER B G, MATEAS M. A data mining approach to strategy

real-time strategy games[EB/OL]. WWW.

[37]

[38]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

Intelligence and Games. New York: IEEE Press, 2009: 140-147.
SYNNAEVE G, BESSIERE P. A Bayesian model for opening
prediction in RTS games with application to StarCraft[C]/
2011 IEEE Conference on Computational Intelligence and
Game. New York: IEEE Press, 2011: 281-288.

DAVIDSON A, BILLINGS D, SCHAEFFER J, et al, Improved
opponent modeling in poker[C]//Proceedings of the 2000
International Conference on Artificial Intelligence (ICAI 2000),
Palo Alto: AAAI Press, 2000: 493-499.

CRANDALL J W. Towards minimizing disappointment in
repeated games[J]. Journal of Artificial Intelligence Research,
2014, 49: 111-142.

BARD N, JOHANSON M, BURCH N, et al. Online implicit
agent modelling[C]//2013
Autonomous Agents and Multiagent Systems. New York: ACM
Press, 2013: 255-262.

HERNANDEZ-LEAL P, ZHAN Y S, TAYLOR M E, et al.
Efficiently
opponents[J]. Autonomous Agents and Multi-Agent Systems,
2017, 31(4): 767-789.

RRB, AR, A5EEEBEES X TR FHE
BHER S4B ARRIAR, 2019, 40(1): 54-59, 7.

WU T D, SHI Y. Research on opponent modeling in imperfect

International Conference on

detecting  switches against non-stationary

information games[J]. Journal of Henan University of Science
and Technology: Natural Science, 2019, 40(1): 54-59, 7 (in
Chinese).

FOERSTER J N, CHEN R Y, AL-SHEDIVAT M, et al.
Learning with opponent-learning awareness[C]//AAMAS’18:
17th
Autonomous Agents and Multi-Agent Systems. New York:
ACM Press, 2018: 122-130.

AUMANN R J. Subjectivity and correlation in randomized
strategies[J]. Journal of Mathematical Economics, 1974, 1(1):
67-96.

STONE P, VELOSO M. Task decomposition, dynamic role
assignment, and low-bandwidth communication for real-time
strategic teamwork[J]. Artificial Intelligence, 1999, 110(2):
241-273.

TAMBE M. Towards flexible teamwork[J].
Artificial Intelligence Research, 1997, 7: 83-124.
PANELLA A, GMYTRASIEWICZ P. Interactive POMDPs
with finite-state models of other agents[J]. Autonomous Agents
and Multi-Agent Systems, 2017, 31(4): 861-904.

CONITZER V, SANDHOLM T. AWESOME: a general
multiagent learning algorithm that converges in self-play and

Proceedings of the International Conference on

Journal of

learns a best response against stationary opponents[J].
Machine Learning, 2007, 67(1-2): 23-43.

PINYOL I, SABATER-MIR J. Computational trust and
reputation models for open multi-agent systems: a review[J].
Artificial Intelligence Review, 2013, 40(1): 1-25.

VARMA V S, MORARESCU I C, NESIC D. Open multi-agent
systems with discrete states and stochastic interactions[J].
IEEE Control Systems Letters, 2018, 2(3): 375-380.

HUYNH T D, JENNINGS N R, SHADBOLT N R. An
integrated trust and reputation model for open multi-agent
systems[J]. Autonomous Agents and Multi-Agent Systems,
2006, 13(2): 119-154.



