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Neural fictitious self-play (NFSP) is a method for solving imperfect information games. While methods developed
in recent years such as counterfactual regret minimization or DeepStack require the state transition rules of the
games, NFSP works without them. In this paper, we propose to exclude the exploration data from the supervised
learning component in NFSP and keep the probability of exploration, in order to explore without breaking the
average strategy. We show that this change significantly improves the performance of NFSP in a simplified poker
game, Leduc Hold’em, and compare the results for different exploration probabilities.
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Algorithm 1 NFSP

Γ is a game and N is the number of players

1: function NFSP(Γ)

2: Initialize Π, Q θΠ, θQ, θQ
′
, MSL MRL

3: for i = 1, 2, · · · , N do �

4: Initialize Mi

5: end for

6: for iteration = 1, 2, · · · do

7: ε ← ε(iteration) � ε

8: for i = 1, 2, · · · , N do

9: σi ← ε-greedy(Q) ( η) or Π ( 1− η)

10: end for

11: Initialize Γ

12: repeat

13: n ← turn player of Γ

14: Mn.s ← Mn.s
′

15: observe state s∗ and Mn.s
′ ← s∗

16: Store Mn in MRL �

17: if Mn.IsGreedy then � greedy

18: Store Mn in MSL

19: end if

20: Periodically update θQ with M ∼ MRL , θQ
′

21: Periodically update θΠ with M ∼ MSL

22: Periodically update θQ
′ ← θQ � RL

23: Sample action a by strategy σi

24: Execute a on Γ

25: Mn.a ← a

26: Mn.IsGreedy ← IsGreedy �

greedy

27: Reward Mn.r ← 0 � 0

28: until Γ is over

29: for i = 1, 2, · · · , N do

30: set Mi.r �

31: end for

32: end for

33: return Π
(
s, a|θΠ)

34: end function

(exploitability)
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