
Offline Fictitious Self-Play for Competitive Games

Jingxiao Chen1, Weiji Xie1, Weinan Zhang1*, Yong Yu1, Ying Wen1*

1Shanghai Jiao Tong University
timemachine@sjtu.edu.cn, wnzhang@sjtu.edu.cn, ying.wen@sjtu.edu.cn

Abstract

Offline Reinforcement Learning (RL) enables policy im-
provement from fixed datasets without online interactions,
making it highly suitable for real-world applications lack-
ing efficient simulators. Despite its success in the single-
agent setting, offline multi-agent RL remains a challenge, es-
pecially in competitive games. Firstly, unaware of the game
structure, it is impossible to interact with the opponents and
conduct a major learning paradigm, self-play, for competi-
tive games. Secondly, real-world datasets cannot cover all the
state and action space in the game, resulting in barriers to
identifying Nash equilibrium (NE). To address these issues,
this paper introduces OFF-FSP, the first practical model-free
offline RL algorithm for competitive games. We start by sim-
ulating interactions with various opponents by adjusting the
weights of the fixed dataset with importance sampling. This
technique allows us to learn the best responses to different
opponents and employ the Offline Self-Play learning frame-
work. To overcome the challenge of partial coverage, we
combine the single-agent offline RL method with Fictitious
Self-Play (FSP) to approximate NE by constraining the ap-
proximate best responses away from out-of-distribution ac-
tions. Experiments on matrix games, extensive-form poker,
and board games demonstrate that OFF-FSP achieves sig-
nificantly lower exploitability than state-of-the-art baselines.
Finally, we validate OFF-FSP on a real-world human-robot
competitive task, demonstrating its potential for solving com-
plex, hard-to-simulate real-world problems.

1 Introduction
Multi-agent reinforcement learning (MARL) provides a
powerful learning framework to tackle the problems in
multi-agent systems and has been applied to a wide range
of domains, such as Go (Silver et al. 2017), strategy
games (Vinyals et al. 2019), robotics (Yu et al. 2023), un-
manned aerial vehicle (Yun et al. 2022), and network rout-
ings (Ye, Zhang, and Yang 2015). MARL typically re-
lies on extensive interaction and exploration with accurate
and efficient environments, hindering its application in the
real world. In many real-world multi-agent problems, such
as football (Kurach et al. 2020), negotiation (Yang, Chen,
and Narasimhan 2020), and crowdsourcing (Gerstgrasser,
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Figure 1: Comparison of offline self-play with other learn-
ing paradigms for real-world competitive tasks. Online self-
play requires a simulator and suffers from the sim-to-real
gap. Behavior cloning needs costly expert data. Naive offline
RL optimizes with incorrect objectives. In contrast, OFF-SP
learns from inexpensive, low-quality data. See Section 5.2
for experiments on the illustrated real-world game.

Trivedi, and Parkes 2021), the absence of reliable simu-
lators makes it expensive and inefficient to interact with
the environment and collect new data for training MARL
agents. Moreover, in special problems, such as wildlife pro-
tection (Fang et al. 2016), learning MARL agents online by
trial and error is unsafe, which could lead to danger for pa-
trols or wildlife. In these cases, learning from existing data
can be extremely valuable as it does not require additional
sampling. Offline MARL offers an excellent alternative to
solve these issues by improving policies from previously
collected datasets without further interactions (Tseng et al.
2022; Yang et al. 2021).

In competitive multi-agent games, often framed as zero-
sum games, the objective is to find a Nash equilibrium
(NE) (Kreps 2018) or maximizing the ELO ratio (Sil-
ver et al. 2017; Ye et al. 2020), which is divergent from
the goal of maximizing cumulative rewards in single-
agent situations. Exemplified by studies of Texas hold’em
poker (Brown and Sandholm 2018, 2019), the pursuit of
a Nash equilibrium enables agents to learn robust poli-
cies against various opponents, enhancing their perfor-
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mance in competitive environments. To achieve the goals,
online approaches predominantly rely on the self-play
paradigm (Zhang et al. 2024), wherein policies are con-
tinuously refined to maximize returns against evolving ad-
versary policies. However, in the offline scenario, the chal-
lenge arises from the absence of online interactions with
evolving opponents, complicating the development of self-
play paradigms. Recent benchmarks of offline competitive
games, such as AlphaStar Unplugged (Mathieu et al. 2023)
and Hokoff (Qu et al. 2023; Wei et al. 2022), have directly
applied single-agent offline RL algorithms with no self-play.
However, maximizing the cumulative rewards against static
opponents results in an overfitting policy and vulnerable
exploitation by more dynamic opponents. Moreover, when
datasets are collected by poor policies, such as random poli-
cies, it is pointless to learn to defeat these weak opponents,
because real-life opponents typically exhibit rational and
high-performance behaviors.

The reliance on high-quality or high-coverage datasets,
which are commonly expensive and suboptimal in the real
world, is another challenge for offline learning. The exist-
ing data-driven method, supervised learning, also called be-
havior cloning, ignores the objective of online learning and
only imitates the sampling policy of datasets. Consequently,
this method performs poorly when dealing with non-expert
datasets. Many recent works are learning to improve policies
toward the NE, but they demand high state-action coverage
within the dataset. Li et al. (2022) proposes a model-based
offline paradigm for equilibrium finding, but it requires a
strong assumption that datasets fully cover the state-action
space of the original games. Cui and Du (2022b); Zhong
et al. (2022); Cui and Du (2022a) contribute to theoretical
insights for a weaker assumption on datasets but only pro-
pose theoretically feasible algorithms. Existing work lacks a
practical method applicable to non-expert and partially cov-
ered real-world datasets. Figure 1 compares our paradigm
with existing works, highlighting the advantage of OFF-SP
on solving real-world competitive problems. Detailed com-
parisons with related works are provided in the appendix.

In this paper, we propose an offline learning framework,
called Offline Self-Play (OFF-SP), and an offline learn-
ing algorithm, Offline Fictitious Self-Play (OFF-FSP),
for equilibrium finding in zero-sum extensive-form games,
bridging the gap between single-agent offline RL and com-
petitive games. To our knowledge, OFF-FSP is the first
model-free offline algorithm for practical zero-sum games
that offers the flexibility to combine with various Offline
RL agents and improve policies on non-expert real-world
datasets. We first propose a technique to approximate inter-
action with different opponents by re-weighting the datasets
with importance sampling. This allows us to learn the ap-
proximate best responses against arbitrary opponents with
offline RL and derive a self-play paradigm under the offline
setting. Also, for partially covered and non-expert datasets,
we use a surrogate loss, NashConv, to measure the distance
to NE, rather than finding the exact NE. OFF-FSP com-
bines single-agent offline reinforcement learning methods
with fictitious self-play to learn approximate best responses
iteratively and minimize the NashConv. We validate our

approach across matrix-form and extensive-form zero-sum
games, demonstrating consistently low exploitability and su-
perior performance over existing offline RL baselines un-
der partially covered datasets. Notably, we further apply our
method to a real-world human-robot competitive task, show-
casing its potential in addressing hard-to-simulate decision-
making problems.

2 Preliminaries
2.1 Extensive-form Game
Extensive-form games are a model of sequential interaction
involving n agents. Each player’s goal is to maximize his
payoff in the game. At each step t of extensive-form game,
only one player observes his respective information states
sit ∈ Si and suggests his action ait ∈ Ai(sit). Si is the
set of information states of player i, and Ai(s) is the set of
available action at state s. The player function P : S → N ,
with N = {1, . . . , n} denotes the set of players, determines
the player to act.

In extensive-form games, each player plays following a
policy πi : Si → ∆(Ai) that maps information states to
distributions of actions. The realization-plan (Von Stengel
1996), x(sit) = Πt−1

j=1π
i(aij |sij), describes the probability of

reaching the information state sit following player i’s pol-
icy, πi. The strategy profile π = (π1, . . . , πn), is a joint
of all player’s policy. π−i denotes the strategy profile of
all players excepts i. The payoff of player i is denoted by
Ri(πi, π−i) ∈ R, and

∑
i R

i = 0 for zero-sum games.
Given a fixed π−i, best response BR(π−i) is the policy with
the highest payoff. A Nash equilibrium (NE) is a strategy
profile that any policy πi in this profile is a BR to the oppo-
nent’s profile π−i. The ϵ-best response (ϵ-BR) and ϵ-Nash
equlibirium (ϵ-NE) are approximations to the above defini-
tion. ϵ-BR is suboptimal by no more than ϵ compared with
BR. Similarly, ϵ-NE is a profile of ϵ-BR. NASHCONV (Tim-
bers et al. 2022), also called exploitability in two-player
zero-sum games, evaluates the distance from π to an NE,
defined as

∑
i R

i(BR(π−i), π−i)−Ri(πi, π−i).

2.2 Fictitious Self-Play
Fictitious Self-Play (FSP)(Heinrich, Lanctot, and Silver
2015) is a game-theoretic model that iteratively computes
the best responses to opponents’ average policy and updates
their set of policies. We briefly describe FSP at appendix
A. In extensive-form games, the average policies πi

k are up-
dated by the realization-equivalence theorem. At the k-th it-
eration of FSP, the average policy πi

k of player i is

∀s, a : πi
k(a|s) = (1− λ)πi

k−1(a|s) + λβi
k(a|s),

λ =
αkxβi

k
(s)

(1− αk)xπi
k−1

(s) + αkxβi
k
(s)

,
(1)

where βi
k ∈ ϵk-BR(π−i

k−1) is a best-response to opponent
π−i
k−1 and αk is the mixing parameter. Policy πi

k is equivalent
to choosing either policy πi

k−1 or βi
k before the beginning of

each game, with probabilities 1−αk and αk respectively. A
standard choice is αk = 1

k .
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Figure 2: The Motivating RPS Example. (Left): Example Datasets of RPS. Numbers in the grids show the probability density
of different samples. The red dashed boxes indicate the probability of different actions for corresponding behavioural policies.
(Right): Results of RPS. The prefixes D1- and D2- refer to results on the first and second datasets, respectively.

2.3 Offline Reinforcement Learning
Reinforcement learning (RL) agents aim to maximize the
expected cumulative discounted reward in a Markov deci-
sion process (MDP). MDP is denoted as a tuple M =
(S,A, T , ρ0, r, γ, T ). S,A represent the state and action
spaces. T (st+1|st, at), r(st, at) represent the dynamics and
reward function. ρ0 is the distribution of initial state
s1 ∼ ρ0. γ ∈ [0, 1] is the discount factor. The ex-
pected cumulative discounted reward following policy π
can be formalized as the action-value function Q(st, at) =
Eπ[

∑∞
i=t γ

i−tr(si, ai)]. Given the fixed opponent π−i and
an extensive form game, the game of player i can be de-
fined as a MDP M(π−i) (Silver and Veness 2010; Green-
wald et al. 2013). An ϵ-optimal policy of the MDP,M(π−i),
is also the ϵ-BR to the policy π−i.

Offline RL algorithm breaks the assumption that the
agent can interact with the environment. The offline RL
algorithm learns to maximize the expected cumulative re-
ward based on a fixed dataset. The dataset is sampled fol-
lowing a behavior policy πb(a|s) in MDP M. π̂b(a|s) :=∑

s,a∈Di 1[s=s,a=a]∑
s∈Di 1[s=s] denote the empirical behavior policy, at

all state s ∈ Di. The Q-function may be erroneously over-
estimated at out-of-distribution (O. O. D.) actions, which
is called extrapolation error (Fujimoto, Meger, and Precup
2019). Recent offline RL methods encourage the policy to
learn on the support of training data or employ weighted be-
havior cloning to mitigate this error.

3 The Motivating Example:
Rock-Paper-Scissors

We start by analysing the well-known game, Rock-Paper-
Scissors (RPS), to illustrate the challenges of learning in
offline datasets of competitive games. In this game, two
players can choose one of three actions: Rock, Paper, or
Scissors. The payoffs are defined as follows: Rock beats
Scissors, Scissors beats Paper, and Paper beats Rock. The
game has a unique Nash equilibrium (NE) where both play-
ers play each action with equal probability of 1

3 . In Sec-
tion 2.2, we show two datasets of RPS. The first dataset is
a fully covered dataset sampled from a non-expert policy,
P (R,P,S) = (0.6, 0.2, 0.2). The second dataset is a partially

covered dataset sampled from a modified asymmetric RPS
game, where the second player has a new action, Rock2,
with the same payoff as Rock.

In the first non-expert dataset, neither Behavioral Cloning
(BC) nor naive offline RL can find the NE, which high-
lights the importance of the self-play paradigm. BC mim-
ics the distribution of the dataset by supervised learning.
Its policy, PBC(R,P,S) = (0.6, 0.2, 0.2), is suboptimal and
beaten by the policy of playing Paper only. As the solution
of Mathieu et al. (2023); Qu et al. (2023), single-agent of-
fline RL maximizes the payoff under the fixed opponent in
the dataset, and its policy, PRL(R,P,S) = (0, 1, 0), is also
easy to be exploited by another policies. Under the self-play
paradigm, the policy learns to play against a dynamic op-
ponent, which is more robust and can approximate the NE.
Section 2.2 compares the performance of our method, OFF-
FSP-CQL, with the baselines, BC, OFF-FSP-DQN and on-
line Fictitious Play (FP) (Brown 1951).

Corresponding to the challenge of learning in partially
covered datasets, the second dataset in Section 2.2 leaves the
payoff of Rock2 not fully observed. In such datasets, finding
the accurate NE of the original game is impossible , so the
goal of learning is to minimize the exploitability and Nash-
Conv, i.e., the distance to NE. In the dataset, the only ob-
served sample of Rock2 is (Scissors,Rock2). In player 2’s
perspective, the Rock2 action gets a payoff of 1 all the time,
so choosing it with a probability of 1 is the best choice. Nev-
ertheless, the policy has the highest exploitability in the orig-
inal game, as player 1 possesses a best response by selecting
scissors, resulting in a payoff of 1 for player 1. Offline RL
algorithms, such as Conservative Q-Learning(CQL) (Kumar
et al. 2020), mitigate this problem by punishing the agent
for learning OOD actions, including unseen actions and un-
dersampled actions. By combining self-play and offline RL,
OFF-FSP ignores the samples with large uncertainty and
learns robust policies with low exploitability. As shown in
Section 2.2, OFF-FSP without offline RL (OFF-FSP-DQN)
converges to high exploitability, while OFF-FSP with CQL
can reduce the exploitability to a low level. We also show
the learning curve of an online algorithm, FP, which shows
the convergence speed of OFF-FSP is comparable to online
algorithms. Further explanations of the results are given in
the appendix.

20120



(a) Offline Self-Play framework. (b) Pipeline of OFF-FSP. (c) Differences between FSP and OFF-FSP.

Figure 3: Illustration of OFF-SP, OFF-FSP and three essential steps. The green box in (b) is OFF-SP.

4 Offline Fictitious Self-Play

In this section, we introduce the Offline Self-Play (OFF-
SP) learning framework and give an implementation as Of-
fline Fictitious Self-Play (OFF-FSP) algorithm to minimize
NashConv, the distance to NE, with a fixed dataset. OFF-SP
learns policies iteratively, maximizing cumulative rewards
against changing opponents without interactable environ-
ments. OFF-FSP adopts the fictitious self-play on OFF-SP,
where the policy plays against the average of past opponents.

Initially, we describe the offline datasets and make as-
sumptions to simplify the problem. Based on the original
FSP, as described in Appendix A, we derive the offline fic-
titious self-play with modifications on three essential func-
tions, GenerateData, LearnBestResponse, and UpdateAver-
agePolicy. In OFF-SP, GenerateData simulates play against
different opponents with weighted datasets, and LearnBe-
stResponse optimizes the policy with an existing single-
agent offline RL algorithm. Offline RL algorithm, such as
CQL, ensures the performance of BR and reduction of Nash-
Conv even on partially covered datasets. In Section 4.3, we
introduce UpdateAveragePolicy by computing the average
policy on samples and derive OFF-FSP.

4.1 Problem Formulation

The trajectory of extensive-form games is a sequence of
information states, actions, and rewards. The trajectory is
τE = {s1, a1, r1, . . . , sT , aT , rT }. In player i’s perspec-
tive, the extensive-form game can be modeled as an MDP
M given a fixed opponent π−i (Silver and Veness 2010;
Greenwald et al. 2013). In MDP M, the dynamic function
T (sit+1 | sit, ait) models the dynamics of opponents.

The goal of OFF-FSP is to iteratively learn the best-
response policy πi against changing opponents and mini-
mize NashConv. To learn best-response with single-agent
RL, we project the trajectory τE into player i’s perspective
with a projection function τ i = F i(τE). The projection F i

filters out the states corresponding to player i while relabel-

ing the time indices.

τ i = F i(τE) = {st, at, rt | ∀st ∈ τE ,P(st) = i}
= {si1, ai1, ri1, si2, . . . , siT ′ , aiT ′ , riT ′},

where T ′ is the length of the player i’s trajectory τ iM.
The subscripts of st and sit are different and represent the

time indices in the corresponding trajectories. For state sit ∈
τ iM, we use function I(sit) to denote the subscript of state in
τE , and τ j<(s

i
t) denotes opponent j’s latest state at sit.

τ j<(s
i
t) = sk, where k = max{k′ < I(sit) | pk′ = j}.

To offer a clear explanation of the stated components,
we present an example trajectory in Figure 4. Based on
the description of trajectory in both extensive-form games
and single-agent perspective, the datasets consist of multi-
ple corresponding trajectories. For extensive-form game, the
dataset is DE = {τE}. The dataset for player i is Di =
{τ iM = F i(τE) | τE ∈ DE}. The i-th player’s dataset,
derived from dataset DE , is denoted as Di = F i(DE).

Dataset

Dataset

...{ } Player 2

: Projection 

Player 1

Figure 4: An illustration example of trajectory τ1 and τE .
Purple parts represent Player 1. The yellow arrows imply the
projection relationship under F1. Green part indicates τ1<.

To introduce the theoretical foundation of our method, we
begin by defining an idealized dataset condition that facili-
tates analysis. These assumptions are not required for prac-
tical application and are used only to isolate and clarify the
core mechanisms of our approach. In later sections, we show
how the method generalizes to realistic datasets with partial
coverage by integrating standard offline RL algorithms.
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Definition 4.1 (Fully Covered Dataset). S and A represent
the joint sets of information states and actions for all players
N . A datasetDE in extensive-form games is a fully covered
dataset if ∀s ∈ S, a ∈ A(s)⇒ (s, a) ∈ DE .

When a dataset is fully covered, the trained learning algo-
rithm will not suffer from OOD problems.
Definition 4.2 (Real-Equivalence Dataset). For a dataset of
extensive-form game DE sampled following a policy πb,
dataset DE is an real-equivalence dataset if Pr(τE) =∑

τ∈DE
1[τ=τE ]

|DE | , ∀τE ∈ DE , where Pr(τE) is the probabil-
ity of sampling trajectory τE with πb.

When a dataset is a real-equivalence dataset , sampling
trajectories from the offline datasetDE is equivalent to sam-
pling from the extensive-form game with policy πb online
and the right-hand side of the equation is the probability den-
sity of τE in DE , denoted by DE(τE).

4.2 Offline Self-Play
Self-play iteratively interacts with the game to generate data
and utilizes the data to learn the best responses. In k-th it-
eration, the opponent for player i is changed to π−i

k−1, there-
fore, in order to learn the best response βi

k = BR(π−i
k−1),

player i must interact with π−i
k−1 to generate new data Di

k.
The process of learning BR, from the perspective of player
i, is equivalent to interacting with a new MDPM(π−i

k ) and
maximizing returns with RL (Greenwald et al. 2013).

In offline settings, we are limited to using a fixed dataset
sampled by behavioural policy πb, in which RL methods can
only obtain the best response BR(π−i

b ) for player i. In or-
der to execute the fictitious self-play, we generate player
i’s datasets under different MDP M(π−i

k ). With impor-
tance sampling (Nachum et al. 2019), we can emulate sam-
pling from another dataset Di

w with weighting w(dt) =
Di

w(dt)
Di(dt)

(Hong et al. 2023) on the original dataset Di, where
Di

w(dt) and Di(dt) denote the probability density of tuple
dt = (sit, a

i
t, s

i
t+1). This formulation gives the following

equivalence:

Edt∼Di
w
[L(dt; θ)]⇔ Edt∼Di [w(dt)L(dt; θ)], (2)

where L(dt; θ) is the loss function of an off-policy RL
method, and θ is the parameter of the RL policy to be op-
timized. With the assumption that dataset DE is both a fully
covered dataset and a real-equivalence dataset, sampling
from it with importance sampling is equivalent to sampling
from the online game with importance sampling.
Theorem 4.3. For player i, the weight of transferring the
opponent from π−i

b to π−i is:

w(dt) =
x−i
π−i(sj)π

−i(aj |sj)
x−i

π−i
b

(sj)π
−i
b (aj |sj)

, sj = τ−i
< (sit+1). (3)

The proof of Theorem 4.3 is provided in Appendix C.
Given an offline dataset DE , the policy πb can be approx-
imated by an empirical behavioural policy π̃b. We can esti-
mate π̃b by counting or supervised learning policy.

In the learning process, the weight w(dt) assigned to a
sample dt may shift to zero or a large value. As a result, the
RL loss suffers from a large variance (Munos et al. 2016),
leading to unstable training. To address this issue, we em-
ploy w(dt)∑

d∈D w(d) as the sampling probability rather than mul-
tiplying the loss function by w(dt) as shown in Equation 2.
In this way, re-sampling from fully covered real-equivalence
datasets is identical to sampling data in online games. With
batches of data sampled from the dataset, we can apply an
offline RL to learn BR.

Figures 3a and 3c illustrates these two functions and OFF-
SP. In the function GenerateData, we first calculate w(d)
for all the samples dt and get a re-weighted dataset Di

k for
each player i. In the function LearnBestResponse, offline RL
algorithms repeatedly sample a batch of data and optimize
the learned policy for M times. We use CQL (Kumar et al.
2020) as the default offline RL algorithm in our implemen-
tation, i.e., βi

k = CQL(Di
k). These two functions derive the

OFF-SP. At each step t, OFF-SP first generates a dataset
playing against the current opponents and updates policies
towards the best response of the opponents.

4.3 Aggregate Average Policy in Samples
Similar to FSP, OFF-FSP play against the average policy
πk+1 following Equation (1). Although an interactable av-
erage policy πk is not necessary in the offline setting, we
can just maintain the probability πk(s, a) in the datasets for
the weighting technique. Traverse along the trajectory τi,
OFF-FSP computes the probability πi

k(s, a) for player i fol-
lowing Equation (1). Figure 3c shows one step of the func-
tion UpdateAveragePolicy. To facilitate the calculation, we
save the probability into the current datasetDi

k, changing the
sample into d′ = (s, a, πi

k(s, a)). In short, we have:

πi
k(s, a)←

k − 1

k
xi
πi
k−1

(s)πi
k−1(s, a) +

1

k
xi
βi
k
(s)βi

k(s, a).

In the evaluation phase, we aggregate all policies within
a collection Π. Before the beginning of each game, one of
the policies in Π is chosen with a specific probability, and
the payoff of the aggregation is the expected payoff over all
possible policies. To keep the storage efficient, we only keep
policies at fixed interval steps for the real-world application
in Section 5.2. Algorithm 2 in Appendix A and Figure 3b
presents the pipeline of Offline Fictitious Self-play.
Memory and Computational Complexity. Compared with
offline RL, OFF-FSP only assigns additional weights for
samples in the dataset, so the memory complexity is still
O(|DE |) in training. The training time of OFF-FSP can
be noted as T = Treweight + Tlearn, where Treweight is
the time of re-weighting and Tlearn is the time of offline
RL learning. In empirical experiments of Section 5, the
Treweight : Tlearn ≈ 1 : 1.

5 Experiments
In this section, we design experiments to show the per-
formance of OFF-FSP in offline competitive games. Three
benchmark extensive-form games are selected for analysis:
Leduc Poker, Large Kuhn Poker, and Oshi Zumo, which

20122



Figure 5: Results on Extensive-Form Games. (Left Top) NashConv on Mix Datasets; (Left Bottom) NashConv on Population
Datasets; (Right) Coverage ratio of datasets.

include two stochastic poker games and one deterministic
board game. These environments allow efficient sampling
and easy NashConv computation, facilitating a comprehen-
sive assessment of algorithm performance. We compare
OFF-FSP with state-of-the-art baselines, including OEF (Li
et al. 2022) and Behavior Cloning (BC). We further con-
duct ablations on offline RL components to demonstrate the
flexibility of OFF-FSP. Finally, the practical applicability of
OFF-FSP is highlighted through deployment in a real-world
human-robot competitive task, showcasing its potential for
solving complex, hard-to-simulate problems.

5.1 Extensive-form Games
To further evaluate OFF-FSP on complicated extensive-
form games, we collected datasets of different quality on
Leduc Poker, Large Kuhn Poker, and Oshi Zumo. Following
the previous work (Li et al. 2022), the first type of datasets
is called mix datasets, which are sampled from a mixture of
expert and random policies. Evaluation on random, mixed,
and expert datasets is also a common practice in single-agent
offline RL (Kumar et al. 2020). We sample 5 different mix
datasets for each game, the ratio of sampling from the expert
are 0, 0.25, 0.5, 0.75, 1. The expert policy is learned by on-
line PSRO (Lanctot et al. 2017) with 40 iterations. The sec-
ond type of dataset is called the population dataset, which is
sampled from the population of online PSRO. 5 population
datasets are uniformly sampled from all population policies
of 1, 10, 20, 30, 40 iterations of online PSRO. This type of
dataset is designed to simulate the datasets sampled from a
population of people with different levels of expertise and
is similar to the setting in the real world. The population
datasets with 1 iteration and the mix datasets with a ratio
of 0 are random datasets. Every dataset comprises 10 000

trajectories, which is far less than the number in the online
PSRO. We visualize the coverage of terminal states, i.e., leaf
nodes, in Figure 5. Most of the datasets are partially covered.

Figure 5 shows the NashConv of OFF-FSP and baselines
on three extensive-form games. The difficulty of learning
from datasets is affected by two factors: the quality of sam-
pling policies and the coverage of datasets. NashConvs of
BC show the quality of sampling policies. In most cases,
OFF-FSP shows the best performance, and the performance
of OFF-FSP is also robust to both the quality of sampling
policies and the coverage of datasets. Both OEF-DCFR and
OEF-PSRO, two variants of OEF (Li et al. 2022), fail in most
cases. OEF seeks an offline equilibrium using the model-
based paradigm, but it is easy to be misled by O.O.D. ac-
tions. OEF mixed its policy with BC, evaluated it in online
games multiple times, and used the minimum NashConv as
a result. To make a fair comparison, we removed the mix-
ing operation in OEF from our main experiment. Compared
with BC, OFF-FSP outperforms in non-expert datasets and
achieves comparable performance in expert datasets. In ex-
pert datasets, sample diversity is limited, and few samples
can be used to improve the policy. OFF-FSP aims to improve
the policy with non-expert datasets, which is more practical
and easier to scale up in real-world problems.
Ablation Studies. In previous experiments, we showed the
performance of OFF-FSP with CQL as the offline RL al-
gorithm to learn the best response. However, the choice of
an offline RL algorithm is also an important factor. Figure 6
shows learning curve of OFF-FSP with different RL algo-
rithms, including CQL, BCQ (Fujimoto, Meger, and Precup
2019), CRR (Wang et al. 2020), and DQN on two datasets of
Leduc Poker. Without the constraint of offline RL to avoid
O.O.D. actions, OFF-FSP with DQN converges to a pol-
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Figure 6: Results of ablation study on Leduc Poker.

Figure 7: Setups of the human-robot competitive game. G1
to G4 in sub-figure (d) are four actions of the human player.

icy with high exploitability. Corresponding to the design of
OFF-FSP, it has the potential to combine with any offline
RL algorithms. OFF-FSP with CQL, BCQ, and CRR show
similar performances in these two datasets.

5.2 Real-world Human-Robot Confrontation
To further evaluate OFF-FSP, we design a complex real-
world zero-sum game—a human-robot ball defence task,
which serves as a simplified version of football defense and
attack. Figures 1 and 7 illustrate the task scenario. This
setup involves a human player, making it difficult to simulate
and costly to collect data, thus highlighting the significance
of OFF-FSP. The game consists of two players: a human
thrower, who attempts to throw a ball into one of three bas-
kets (goals), and a robotic arm acting as a goalkeeper that
tries to block the ball. The human thrower receives a reward
of +1 if the ball enters a goal and −1 otherwise. As a zero-
sum game, the robot receives the negative of the human’s re-
ward and uses a black racket to defend the goals. The robot
is equipped with a stereo RGBD camera that estimates the
ball’s position in real time (see Figure 7c). Its observation
space includes the ball’s position and velocity, as well as the
position of the robot’s end effector. The robot policy outputs
target end-effector positions at 60 Hz. These are executed
via inverse kinematics and a PD controller. For the human
player, we simplify their action space to four discrete targets:
the three baskets (G1 to G3) or outside the basket area (G4),

as shown in Figure 7d. The target is solely determined by
the ball’s flight trajectory after release and does not change
whether the robot blocks it. Therefore, G4 corresponds to
imprecise human throws and represents a poor strategy. The
setup of this task is shown in Figure 7.

We collected a mixed dataset comprising 50 expert tra-
jectories and 150 low-quality trajectories. Expert data were
collected with a human operator teleoperating the robot arm
while another expert performed the throws. The average win
rate of the teleoperated robot in these expert trajectories was
64%. Low-quality trajectories were collected by deploying
the robot with a random policy, which moves to uniformly
sampled positions within a constrained action space. The hu-
man thrower was not an expert and occasionally missed the
targets (G4). This protocol makes low-quality data cheaper
to collect, requiring only a non-expert human thrower.

Methods G1 G2 G3 Worst Avg.
BC 0.55 0.35 0.4 0.35 0.43
BC-Expert 0.45 0.5 0.65 0.45 0.53
CQL 0.4 0.85 0.8 0.4 0.68

OFF-FSP-CQL 0.8 0.75 0.9 0.75 0.82

Table 1: Winning rate of robot in ball defense game. The
colored numbers represent the worst case between goals.

Since one player is human, we evaluate only the robot’s
policy across different algorithms. As NashConv is difficult
to compute in real-world settings, we adopt the robot’s win
rate as the evaluation metric. We compare OFF-FSP-CQL
with three baselines: BC, BC-Expert, and CQL. Here, BC-
Expert denotes BC policy trained only on trajectories with a
reward of +1. OEF failed in this task, so we removed it from
the comparison.

For each goal, a total of 20 throws were performed collec-
tively by 10 human throwers (2 throws per thrower on aver-
age). As shown in Table 1, OFF-FSP-CQL outperforms all
baselines with consistently robust performance. The dataset
shows an imbalanced distribution P (G1,G2,G3,G4) =
(0.29, 0.11, 0.32, 0.28), with relatively fewer throws to the
middle goal (G2) and a high proportion of off-target
throws (G4). OFF-FSP learns a more balanced human pol-
icy (0.33, 0.22, 0.40, 0.04), leading to improved robustness
against diverse human strategies. By focusing only on high-
reward data, BC-Expert and CQL overfit to average oppo-
nents in the dataset and fail to defend consistently across all
goal targets (G1–G3).

6 Conclusion
In this paper, we study offline multi-agent reinforcement
learning for competitive games and propose OFF-SP and
OFF-FSP to enable single-agent offline RL algorithms to be
applied in this scenario. We find that OFF-FSP can approxi-
mate NE even with partially covered datasets. Extensive and
real-world experiments show that all variants of OFF-FSP
significantly outperform state-of-the-art baselines in differ-
ent datasets of multiple two-player zero-sum games.
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