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Multi-agent learning in cooperative general-sum games
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Abstract: Rationality and convergence are two topics in the research on multi-agent learning. A new method called
Pareto-Q is proposed with the concept of Pareto optimum, which is more rational than Nash equilibrium with regard to the
cooperative system. At the same time, social conventions are also introduced to promise the convergence of learning. When

tested on a two-person grid game, the algorithm performs better than the single Q-learning and Nash-Q learning.
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1 5]|E (Introduction)
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] i) B TE B R 3 AR SR BT 9T E AL i T ZagentfF
SRR, AR I [B]HA0 BR 35 ) B 8T BT
Hagent 14T A, AT FR 5 X5 B ANagentif 5 W 5 0
A, R IR i — R I Markovid 2. 18 %
IO R RN RRFAE— AR, RSN
X B ST S AT AR MarkoviE P, T 2 48 (14 IR
AN FagentfE i — MM BCIREZE, AT A4 A
SR 2 agent2= X a] i 1) BE AL I ZRAHELE.

TEZAE LT BT SUAR 9 SR F T SR i & T
4% F TR 25 () Minimax-Q2% 3 &= DL K&
T — B 1 25 #INash-Q2%!, FFQM, CEQPI%: > &
1555, Minimax-QF skt A 5t C 215 8] TIF
BALO] g SRR A A A5 R, T — MR 25 R 1 &% 553k
W% 52 i€ . WiNash-Q2% X BLVE I 4 F B % 281t F
FERG, SR BEARAE Y s FEQ2E >] vh & VE T 2 IR ik
1k, agent TCELARFVEP], CEQ2# > HBE-& B4 45 18] 4
FERAEP, A I B A & 0 B MR AN i
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EWIR BE LR X, B AT, — A g A
B 1) & Nash-Q2%: > 5%, {ENash P47 @B Ak &
YRGBT 1R 2R 5 0 A Ak 8 (TR 466 TR 355 1) 7)), I
AEaEE T E1EE L 4k, Nash-Q% 3] HEH)
FHBAN =A% 1 £ R B, B RR 52 2 X i F2 vh i 4
AKX R BH R A — A2 7 B B s Nashfig, &
LRAE BT A agent IR A5 — 3. IX7ESEBR N H H JLF
ARSI, o T 183 o A7 AR £ S Nash >4 1 1) 15
., Nash-Q% X BRI 4 i BRI v Ipik4l,
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1% —. B Je R H Pareto i A1 A# 7 AR Nashf@ it 172
U RagentBR M FIR, FIAH S EAE N BRI ES A
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2 FH35%E X (Relative definitions)
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S b 5 /R A] 5%k 3K 3 FE(MDP: Markov decision
process) B ZE18 (GT: game theory)fF) & X.
2.1 MDPJE X (Definition of MDP)

1R % Hagent 1 5mAk 2% S BIRY AT DL XA B /R
ARG RS, How L F:

E X 10 D RA R R S R B £ Ju (S,
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1) SABEREBURSE;

2) ANagentff1R] 15 B HBITESE;

3) RASHEX B RE: S x A — R;

4) THIRESHBRE: S x A — PD(S).

PDAREES EHI— M0 R . BT
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ag] = P[Siy1|Se,a4), ar € A, 54 €S,
2.2 1EZER % X (Concept of game)

H—RETHEZ AL ERTER— MEFRTE R &%
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EX 40 AERIEZE D, JURTEo" € SH
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2.3 Zagenthl Ml 1§ 2% I ¥ N (Definition of

stochastic game)
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4) THREEBRES x Ax S — [0,1],
Vs e S\Vae A > T(s,a,s')=1;
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5) RUAZ I NagentI[EIHR KL, S x A — R H
HORSH S R BT RFA MarkovFE.
3 Pareto-Q% ¥ (Pareto-Q learning algorithm)
3.1 Pareto-QFE % B R #i& (Formulation descrip-
tion)
Hagent Q-22 X HQ-RRH I AEE 7 N
Qri1(8;,a)=(1—0a)Qy (s, ar) +au[re+yV (s')]
(1)
oA o I BER TR 22 T SE, V(s ) RS ME
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&) B 5 ST A BR 2. AN [R) S92 B SR 1 1 B8 30
B XA [F], WiMinimax-Q¥ FH (1 /2 J P 15 25 1 5% K
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Tragent j(j # OIQ-BREL, BIFEAMIEEF T =
g+1(37 a17 T 7an) =

(1-— at)Q{(s,al, ceeya) 4

o[l (s, @) + yPareto@ (s)]. (6)
32 HEAY (Creating lexicographic convention)
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{35 B R —BOA T 4 R (R IX — AR
A KIEH T Zagent it 2. B — IS 2 1)
S = 2agent ) P 5K M K KM 22 S TR, 55
—J7 M, [F—IRZET A FE I Z 0 55 45 R T geAs
A, 4558 m 2 3] B SUBUR. 3 —Fh 7 i 2 il 2
S RNY), FagentZ AT — AN FEENRE], Xt
HagentBNVELEFETE i — E LR,

Jelle® A Z NEEHEFESH — AR BB A
A2 5 BragentH A S HARRAIN, WA LA A R
JUAABR SR 15 7 — A a7 B2 () B )

- agentBEH P,

- agentMISMEER T,

- XTI PP E agent [A] 2 A FE 40,

WAL, EFE—IMERNEENIER T
R0 R 1 agentit £ H 3 1F 7 A 0 L1
2B 1/Nash>F % fif % N K 3l 178; 552 agent)U] 76 25
Eagent 1FEFE 5, 76 B W sh VBT H ik 14
BIE; IR MG, BEITA FagentE $E 52 .

T TR 2 LA — BRI SR T ot A 2yt
ITEIECLED.

Game 1 Left Right

Up 10,9 0,3
Down 3,0 -1,2

(a)
Game 2 Left Right

Up 55 0,6
Down 6,0 2,2
(b)
Game 3| Left Right
Up 10,9 0,3
Down 3,0 2,2

(c)
BT 3% I — o sk

Fig. 1 Three typical games of general-sum

T XU BE 2R, RAE AR — A B ANash~F 4
fi#(10, 9), “PETARIE AR,

T XK B 1 22N 46 TR 5% 1n) @), R AR AE —
A B SURQ,2), BAFTE 5 R T 8 5 fParetod7
fi#(5,5), JLRT, 52 X Pareto by IR > 4 f fif.

HoF T XU RS 3, R I A7 AE B AR AR (10,9) FH pi
fi#(2,2), & LBARAR > B2 i fif.

ik, 25 BT SEAE S A LR

- & B 1 2T R A P (B ANashfi# >Pareto 7 L
fif > %3 ) Nashfi#);

- agentBRH P,

- agentMBEEF T,

- X AE agent 8] J& 23 FEA0R.

LI 145 BN BT DL SE B AR AR & () 1 5, R
& Fr 5 agentE 18 25 iy Pareto 7 {0 i 4 Hh 1E AT & 5,
F235% 5 AN T EEAE R, 7T LLIRiFagent?E 4 €
R R IE B — 2L
3.3 HkHEA (Algorithm description)

HKragent[f12% 3] ik FE 0T ARG A TP ER:

1) ¥Idhtk: S Ks €S, a' € A i=1,2,-- -,
n,2Qi(s0,a',--- ,a") = 0,Q)(s0,a,--- ,a") =
0,5 #14

2) A N IHEAE:

a) MEHHPRES s,

b) WRIEASHNF B HRE QI (s, at, -,
a)MQI (s, al, -+ ,a™), (j # i)ikFEParetos L 5h
1E;

c) MEHIRZS, Fragentfif It 1 [A1HR K 7 — B %1
B R B0,

d) MRHEK@F X (6)K T Hr B & FH fhagent ¥
Q-FR % fA.

B33 2 45 A
4 SEE K g5 B4 B (Experiment and results)

K3 & agent® > H I H R MRS AR SE S, B R &
PIEREW A RERE, WETMESREDN
A, &1 B (agent RS 31) DA K BV B A 1 [
. WK AL S5 & FragentEE A RATETIE T, A
DR BN EE & B B E b L ER2PR A
K, e EIE B br S agenti] 3818 — & BRI B’ &5
2[RI Bk, )R AT DL AR 3 5 A A & B R 9R, BR
—Nagent [ I AN BH IE 55— Nagent I R Th, — &
JEXTPR R, X TE B2 — A — R ZE. 1R
Pagentn] LWL 8215 I B /T — B AR, 4 R &M
Aagentf B A A7 B LR AR BE ) B4R, B AT RZS
T, FagentAFIE H O H b AL E.

3R F VC++7E Windows 20004 _ESZBL T %
MAE XK, R B — A R ZE b Zagent®: 2 1
ANEVFEERAT T X LRI 4 #7.

4.1 Pt Ml 18 2F 3 7X (Representation as stochastic
games)

agent i[RI BHVE 2= [H) K

A" = {left, right, up, down} (i = 1, 2);
R R
S ={(0,1),(0,2),---,(8,7)}.

He: R&s = (11,123 7~ P Aagenth B A AL
&, agent i[RI B H EI3HF AL B SRR,
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Goal B Goal A Table 1 Comparison of learning results
22 3] SRS R
A A Agentl Agent2  SEBURAUER S HAT I ELTh &
Single Single 23%
r T Q First Nash Single 45%
o Pareto Single 54%
B2 Ao S First Nash  First Nash 100%
Fig.2  Grid game Pareto Pareto 100%

6 7 8
3 4 5
0 1 2

3 frESAEA
Fig. 3 Positions of agent
SRALAE 5 I E A agent® ik H AR I, 5RALAE
5 4100; 5 HAthagentt K, AL 5 -1, HH
A~agent#[A1 {7 — A7 E; AW, 5RAAE 5 40, B

100, L(l},a}) = Goal;,
ri =13 —1, L(I},a}) = L(12,a2), (7
0, HAb.
ﬁﬁﬁlﬁiﬁﬁ(%ﬁil‘ﬂﬁﬁﬁ@ﬁ@h Bla (s, a',
0 1 2yy 1,2\
@’) = m(s,al,a2)7nt(37a IR, a, YT
IR
agent’z > 3 FE h BEAT SO AR e B I, SR e — P2

\ _ 1 Ny = \
KM, Lhe,(s) = 1+nt(s)ﬁ?§ﬁ%ﬁﬂ’ﬁ, PA(1 —
£¢(s))eFEPareto LM,

42 LB LR 5 M B (Results and perfor-
mance analysis)

W 5 X G RS R 5 2 B 211K 400007K,
h % P PRS- R XS B o424, Br AR IR
A-BIEXS BI85 U7 ] IR B 95K, 45 RN, 2%
ST R = o~ 0.01, 595 B4 A e
% 5 W) 4 15 Q- BR BUE. A I3 2% X agent#E AT
525, BlSingle agent,First Nash agentfIPareto agent.
HAr, Single agentR F )& Hagent2# > ik, BIQ-2%
3]; First Nash agentX F ] & Nash-Q2% X &%, - A
KRG T A HlagentiZt $ 25 1 Nash - 4 fif 5
B ; Pareto agent X FH Ft) & A< SC BT $2 H FPareto-Q2% )
Bk, HAHAS AAFR — RARIRILFE.

LR A RN R ITR, BRI SLERIZAT 100K, T
SIS B AT B T .

B 45 5] U H, P Nagent#B K H Hagent Q-
22 SR, SEBL R Ih R ON23%, X &2 Hagenth X
fhagentZE 45 1] R 5 BT 2(; Nash-Q agent5 Hagenthy,
SEL R T R A45%, X S5Hu Junling ) 52 56 45 3 LE
BEGE, B —MEOLE TR R $ & AH [F 4
¥ B T HJPareto-Q agentt5 Hlagenthy, LI Th &R
HJ154%, HNash-Q X H T —EMHEE; 4™ agent
KAAHIR, Bk fE— B, J5 P Fragentf 58 90 B D)
AT LLIL $]100%. {H 2 FENash-Q% >) 53 i 58
YLk F2 H, Hu Junling & F B — AN 20 5 1) 2 505k 3
EagentiL B 1A B2 M Nash P ff, X FAE&1E
TEOL T IXANFI T 5 0 R SRYE A AE U BH.

5 %54 & J5 3 T YE(Conclusions and the fu-
ture works)

Pareto-Q2% 3] Hv% ft A A Pareto 7 £ A% Ak &
EjNash~F i i AH b 58 38 H A 1F 1 — ORI 1 2%, i
A ERagent BRI, 748, FIHALS A ARG
— HKragentHJ P 3R, BUH T Nash-Q2% 3] Hyk i) &4
. i B 2 2] ik A8 A B0 SR T 2N A R B
K, BET . #a ALAE A agent MR IEFEIL B
— B, RIUE T 2 S WS . EHu Junling %) i 26 £
— B2 S WS A BRI IR B SRR B, SCE
[ S 4 AR — 3R AL T/ A K.

5 FFQ 1 CEQ #H L %%, %% 2] H A5 )ik B AL 15
Pareto-Q™ [Fagent?E ™ 4 1 3 44 ) 23 77 1 AP 2 15

B2, BEroS X 7 i TAERAE AT,
JUA i 8 75 B A v

F—, AEPRE R XEER % ES Eagent/d]
8 RAT R, KT IX — )@, 7] BLR) A A& ST AL #l(n
tit-for-a-tat) AR N FIRFFT.

B, B . KA F P agentX A
[ Pareto 1 L AR HIG [m) R BEAN ], 70 SEINGE — Bk #F
J&, el firagent A] FF) 25 o Aot 2 TR I — 2%
JE R i) .

B =, AN AE 25K B Nash - 17 i 1) fif 3% ¢ 1)
. % A AR AR T R AT R, TR —
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