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Introduction

» Problem Formulation: Offline Policy Adaptation in Multi-Agent Games
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Introduction

» Challenges

« Distributional shift: our estimation about the target agent can differ arbitrarily from the real target on out-
of-distribution (OOD) states

* Risk free deviation: “conservatism” for addressing distributional shift may not be sufficient in this setting. It
is possible to benefit from deviation in multi-agent games
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Method

« Conservative Offline Adaptation (COA)

Definition 4.5. Conservative offline adaptation (COA). Given an unknown policy 7z, and a dataset
D of its behavior data, conservative offline adaptation optimizes the worst-case performance against
any possible dataset-consistent policy:

max min J (7, u), s.t. u € Cp. ()
T W

The adaptation policy 7* is an optimal risk-free adaptation policy if it is a solution to Objective (2).



Method

« Constrained Self-Play (CSP)

max min J (7, ) s.t. meachKL(wB(-|s)||u(-|s)) <9
0 7 s

Theorem 4.8. Let 7" be the optimal risk-free offline adaptation policy at the convergence of the
optimization of objective 2, and let 7 be the policy at the convergence of objective 5. Then the
worst-case adaptation performance of T is near-optimal:

276
> > .
min J(m*, p) min J(7, 1) min J(m*, p) — Rpmv26 (1 + i- 7)2> (6)



Experiment

« Constrained Self-Play (CSP)

method
mmm CSP(Ours)
BC-First

Table 4: Winning rates of offline adaptation policy in 4 scenarios of Google Football: 3vs1 (defender), 04
3vsl (attacker), RPS (defender), and Counterattack Easy (defender). For each scenario, we experiment

Scenario

Method

1

2

3

4

5

with 5 independent target opponents. 0.2
+ b
1

3usl CSP(Ours) 09 +0.06 0.6+0.12 045+0.04 032+0.11 0.76=0.16 -02
o o BCFEist 064004 0464009 02+£001 0164004 056009 o ]
Self-Play ~ 029+009 034401 026+0.16 029+0.18 0.3+ 0.13 I
tvsl CSP(Ours) 0.81+0.14 0.88+0.02 0.83+0.07 0.84+005 078+ 0.08 08
e . BCFist  083+£003 074021 068007 0794011 071015 08
Self-Play 075 +0.15 0.76 =0.08 0.73 £0.13 0.7+0.21 0.74 £ 0.08 3vs1 (defender) 3vs1 (attacker) RPS (defender) CA (defender)
RPS CSP(Ours) 051+033 0.71+0.07 0.56+0.13 0.38+0.07 0.79 + 0.09
BC-First ~ 0.51+024 041+007 034+018 0.38+0.04 0.71+0.02 : , .
defender  geifplay 057014 036+004 025+0.04 037+01 076+ 0.03 Figure 3: The average test-train perfor-
Counter- CSP(Ours) 093 +0.02 0.88+0.04 0.81+025 0.81+0.02 0.75= 0.06 mance gap in four scenarios of Google Foot-
attack  BC-First 0.7+£0.17 052+007 053+0.09 069+0.14 0.5+ 0.09 ball. A negative gap indicates the occur-
defender Self-Play  0.55+0.13 041+0.1 046+0.09 036+008 036+ 0.07 rence of unsafe exploitation.




s

% 75 o3 5* " NEURAL INFORMATION
ﬁ ff ?/ Xy'{':"“‘ﬁﬂ j"""" 'i PROCESSING SYSTEMS
Wy & Institute for Interdisciplinary Information Sci s, Tsinghua Uni ol

.y;.

Conservative Offline Policy Adaptation in
Multi-Agent Games

Thank you!



