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A Meta-evolutionary Learning Algorithm for Opponent Adaptation in

Two-player Zero-sum Games

WU Zhe"? LI Kai"? XU Hang“®> XING Jun-Liang"*?

Abstract Recently, two-player zero-sum games have made impressive breakthroughs in the Go and Texas
Hold’ em. Most of the existing two-player zero-sum game solutions are based on the assumption of rational oppon-
ents to approximate the Nash equilibrium solutions, which is a conservative strategy of trying to be undefeated but
does not guarantee maximum payoffs in practice due to the opponents’ irrationality. The opponent modeling
provides a new way to maximize the payoff, but modeling has difficulties. This paper proposes a meta-evolutionary
learning framework that can quickly adapt to the opponents. In the training phase, we first generate opponents with
different styles as training data through the population evolution method, and then use the meta-strategy update
method to adjust the network weights of the meta-model so that it can gain the ability to adapt quickly. Extensive
experiments on Leduc poker, heads-up limit Texas Hold’em (LHE), and RoboSumo have shown that the algorithm
can effectively overcome the drawbacks of existing methods and achieve fast adaptation to unknown style of oppon-
ents, thus providing a new way of solving two-player zero-sum games with maximum payoff.
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Fig.1 The meta-model’s training process
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Table 1 Hyperparameters settings SOEIRIUE . (AR TS L0 B s i 550
B Leduc LHE RoboSumo HILE 1.

KT 36 72 120 L R, O R R R A R T
Ak 4 4 8 FIF TR I 5. R, ASCIB R T — RFUIR
i (64,64 [128,128)  [128,129] 6 I RURG L S AR RS2 7 O T 38 % 5, T JeA
WS K o 0.100 0.050 0.003 &R FL LR EVE AR H . Leduce 5 th & 2456
WK B 0.0100 0.0100 0.0006 F HARALE: 1) Random Xﬂ‘?%ﬁiﬁm%ﬁﬂ%%iﬂf’ﬁ,
FARR 0.990 0.995 0.995 825 K SE AR s 2) Call o T 4 2 S H R ot 5
PR ! ! ! 1E, BAT W1 28RV s 3) Bluff % F 2440 T
FREFRIR 10 10 10 955 HEAT B AE FELE— MR N AT VR, TR KT
e o2 ot ot B NKBUR: 4) CFR M Tl 54 Iy v i
o " " " CFR UIZIEIY, J8 T RAGY 4900 s, A
I o100 0050 o001 FIH; 5) NFSP X} Fridid £ 4k 77 (1) NFSP &
wommen s 3 3 NSRBI, (£ ALK 0P AT R 15
R . o . LHE ', 43R T =B IG4 NKFTSRHER
w0 o L o AR | 43 3 HL B ) LA R0 T, MR
s (1 . o - HEHA SR M VEE S TA B0, LR ARR 57

A e AR TR A3 B 7. LR, PR B A e A
Yot — T 55 AR AT b, @I gt

1 LP X 3 =0 TR0 2 T % H
YA 0 1 5 T R 5 28 PokerStove )25 4756 B AT
THE PSR 2R 347 U o . PR IR — R0 75 I

R 2 AR SRLAFIELE Ledue A HE

Table 2 The average return of our method and baseline methods in Leduc

Tk Random %} F Call X Bluff %} F CFR % NFSP %} F
ENa RS 1.359 + 0.023 0.646 £ 0.069 0.576 + 0.043 - 0.162 £ 0.032 0.325 + 0.096
CFR Hi% 0.749 £ 0.014 0.364 £ 0.010 0.283 £ 0.028 0.010 + 0.024 0.144 4 0.007
DRON Hi% 1.323 + 0.014 0.418 + 0.011 0.409 + 0.052 = 0.347 4 0.031 0.212 + 0.080
EOM #i% 1.348 + 0.015 0.635 + 0.007 0.444 + 0.024 - 0.270 + 0.042 - 0.012 £ 0.023
NFSP 5% 0.780 + 0.019 0.132 + 0.024 0.029 + 0.022 - 0.412 £ 0.040 0.011 4 0.027
MAML 5% 1.372 4 0.028 0.328 + 0.013 0.323 + 0.044 - 0.409 + 0.010 0.089 £ 0.051
ARYFH: +PPO 1.353 £ 0.011 0.658 & 0.005 0.555 + 0.017 - 0.159 + 0.041 0.314 + 0.012
AHE -EA 0.994 + 0.042 0.611 + 0.021 0.472 + 0.038 -0.224 + 0.016 0.203 + 0.029
EA 8% 0.535 & 0.164 0.422 £ 0.108 0.366 + 0.113 - 0.365 + 0.094 0.189 + 0.102
Oracle 1.373 £ 0.007 0.662 + 0.014 0.727 4 0.012 - 0.089 + 0.016 0.338 4 0.041

* 3 ARUEVESRELEECE LHE B8 b5t th
Table 3 The average return of our method and baseline methods in LHE
T3 Random XfF LA XF TA *F LP 4F

S a K7 2.594 + 0.089 0.335 + 0.012 0.514 + 0.031 0.243 + 0.102

DRON #ik 2.131 + 0.672 - 0.609 + 0.176 0.294 + 0.057 0.022 + 0.028

EOM #% 2.555 + 0.020 -0.014 4+ 0.013 0.237 4 0.023 0.144 + 0.128

NFSP #ik 1.342 + 0.033 - 0.947 £ 0.012 - 0.352 £ 0.094 0.203 + 0.089

MAML %% 2.633 + 0.035 0.037 4 0.047 0.231 + 0.057 0.089 + 0.051

ARLHE +PPO 2.612 + 0.058 0.327 + 0.011 0.478 + 0.042 0.246 4 0.070

A -EA 2.362 + 0.023 0.185 + 0.049 0.388 + 0.012 0.119 + 0.015

EA 5 2.193 + 0.158 0.096 + 0.087 0.232 + 0.097 0.091 + 0.009

Oracle 2.682 + 0.033 0.513 4 0.009 0.624 + 0.011 0.270 + 0.026
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