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Opponent Modeling Based on Cross-Attention Diffusion Model

HE Mingyan, LI Siyuan, LIU Peng, HUANG Jianhua
(Faculty of Computing, Harbin Institute of Technology, Harbin 150001, Heilongjiang, China)

[ Abstract] As a key technology in multi-agent game confrontation, opponent modeling aims to learn the behavior of
the opponent to reduce the uncertainty of the environment and facilitate decision-making. However, most existing
opponent modeling methods adopt the structure of offline<training and online adaptation. During offline training,
traditional neural dynamics model is used to predict the agent step-by-step, which facilitates the formation of single-
step and cumulative errors. Additionally, when facing an unknown opponent during online adaptation, the planned
states of the controlled agent deviate from the distribution of the dataset. To solve these problems, a method based
on a diffusion model and cross-attention is proposed to-establish a correlation with the opponent. The cumulative
bias problem is solved using the feature that the diffusion model can generate multistep planning sequences
simultaneously. The concept of a strategy set is proposed, and the deviation problem is not only solved by online
fine-tuning but also prevents the problem that the offline strategy will be destroyed in the initial stages of online
training. Experimental results in both open intensive reward and sparse reward competitive environments
demonstrate the superior performance of this method.
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Transformer S8R [N 3024 2 8 ) 12X T2 A5
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BT 1 A AR 22 [
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Table 4 Average returns under three settings

in MS environment

Jr i I F KA F ey
TAO 0.32 0. 40 0.26
DRON-concat 0 —0.27 —0.16
DRON-MoE 0. 05 0.31 0.10
LIAM 0.15 0.25 0.11
MeLIBA 0.12 0.28 0.13
CADAO 0.45 0.53 0.37

*F5 PAREIMIZETEHIREE

Table 5 Average returns under three settings

B rh AR S T IE i R AR 22, T A SO T4 K
BB CADAO J7 3 [KH AT DL TR] i Az i 22 280 KL
FP3 Bl AR e Z R D5 R E 15 22 AR B 2
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Fig.7 Comparison with TAO in PA environment
2) fdt FH SR s A 2 R R i 22 ) A
N 6.5 7 Fras s AHMER B AL PR BR BT 5L
ARSI 2 o DX SR B3R -4 BRI e AT AL
VA o TX 4 A 0T SR M P 1) - 2473 [T L 8 42 3
G5Jn HARE B RIS A A T B IR A
TETR AT RIS R S I HOR AT T — 2§ T X 3R B
FGE o DX K e i R T Sl AR 2 i 5 i £
A RIR . N 8 R LA M 24 TR B 2
A A L A SRS I A SCHR H A SR s 4 3 1o WA 4R Tk
R P SRS PR ST A (S T X 10 X 3 S o A
R PERESE T 1T HARLZR A 1 12 22 > I 0 ik B B
TUCIR S R SRS B AT DX — )AL
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Table 6 Average returns in MS environment

(strategy set fine-tuning)

in PA environment e BRI SR S R
Ik ERICEE Rt R AR | e -
i i : Lals KNS 2 0. 86 0.98
TAO 105. 6 109. 5 101. 6
KA WS 3 —0.01 0
DRON-concat 21. 4 —40.0 —12.7
DRON-MoE 94. 2 20. 5 60. 9 Ll 0. 57 0.4
LIAM 83. 6 60. 5 70.5 R7 PARETEHIREECGREERE)
MeLIBA 72,4 48.5 58. 2 Table 7 Average returns in PA environment
CADAO 164.6 179.7 166. 5 (strategy set fine-tuning)
R BRI TR MG SR
W¢ Bl 57
442 THESER RS 1 36.7 38.5
DY BRI g He T R TR 220, KA 2 652. 2 672.3
[RI7E MS PREE i SZ 18 BRI A M FE £ KESEWE 3 32.7 34.2
WAE B H SR A BRI AR SC L PA SR ] (B 42 TR A SR 179.7 191.3

1R AEBME S B R H A i A E BRI
25X BRI, AN R 7 PR b LS 155 9
Hhag AT Bl A AR F{H. i F Transformer [
TAO FJH Transformer F [T T —23h1E
M AL LD i 22 S« 3902 R G i 2 2 4 B

*8 WX EAMFREHNTEREE

Table 8 Average returns for facing known policies

8 G ALAE L 2
MS 0.32 0. 24
PA 154.30 128.70
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Table 9 Average returns in MS environment

(cross-attention)

ﬁgmﬁ R EET concat %2
SIS 0.45 0.10
EIVALS 0.53 0. 20
AR 0.37 0. 14

F 10 PARBETEHREBEZXESN)
Table 10  Average returns in PA environment

(cross-attention)

gk RXEES concat %%
VAR 164.6 56.9
R ANFE W 179.7 33.4
RA T 166.5 45.2
5 HRIB
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