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In more and more domains, AI is achieving superhuman performance
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But we also want AI agents that can model humans well

MOTIVATION
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KL-regularized Search produces stronger and more 
human-like agents in both Chess and go!
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Imperfect-Information Games
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No-press  

Diplomacy

Theorem: In general sum games, piKL stays 
close to the anchor policy.

Theorem 1: In two player zero sum games, 
the average policy produced by piKL-Hedge 
stays close to the anchor policy.
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No-press  

Diplomacy

Theorem: In general sum games, piKL stays 
close to the anchor policy.

Theorem 2: In two player zero sum games, the 
average policies of the players produced by piKL-
Hedge converges to an approx. Nash equilibrium 
under the original non-regularized utilities.

Imperfect-Information Games

Human Policy Regularized 

Hedge (piKL-Hedge)



31

No-press  

Diplomacy

St
re

ng
th

   →

Human Action Prediction →

40 42.5 45 47.5 50 52.5

Top1 Accuracy [%]

15

20

25

30

35

40

45

50

55

A
ve

ra
ge

Sc
or

e
[%

]

IMPERFECT-INFORMATION GAMES



32

St
re

ng
th

   →

Human Action Prediction →

40 42.5 45 47.5 50 52.5

Top1 Accuracy [%]

15

20

25

30

35

40

45

50

55

A
ve

ra
ge

Sc
or

e
[%

]

Human IL Policy

Hedge

Human Policy Regularized Hedge (piKL-Hedge)
IMPERFECT-INFORMATION GAMES

piKL-Hedge produces 
strong, human-like 

gameplay in no-press 
Diplomacy



Conclusion

33

Can we build gameplay agents that are not 
only strong but also one that better models 
human actions?

Yes! By using KL-Regularization Search 
towards a human imitation learned policy!
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