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Abstract

Offline Multi-Agent Reinforcement Learning (MARL) is an
emerging field that aims to learn optimal multi-agent policies
from pre-collected datasets. Compared to single-agent case,
multi-agent setting involves a large joint state-action space
and coupled behaviors of multiple agents, which bring extra
complexity to offline policy optimization. In this work, we re-
visit the existing offline MARL methods and show that in cer-
tain scenarios they can be problematic, leading to uncoordi-
nated behaviors and out-of-distribution (OOD) joint actions.
To address these issues, we propose a new offline MARL al-
gorithm, named In-Sample Sequential Policy Optimization
(InSPO). InSPO sequentially updates each agent’s policy in
an in-sample manner, which not only avoids selecting OOD
joint actions but also carefully considers teammates’ updated
policies to enhance coordination. Additionally, by thoroughly
exploring low-probability actions in the behavior policy, In-
SPO can well address the issue of premature convergence to
sub-optimal solutions. Theoretically, we prove InSPO guar-
antees monotonic policy improvement and converges to quan-
tal response equilibrium (QRE). Experimental results demon-
strate the effectiveness of our method compared to current
state-of-the-art offline MARL methods.

Code — https://github.com/kkkaiaiai/InSPO/

Introduction

Offline Reinforcement Learning (RL) is a rapidly evolv-
ing field that aims to learn optimal policies from pre-
collected datasets without interacting directly with the en-
vironment (Figueiredo Prudencio, Maximo, and Colom-
bini 2024). The primary challenge in offline RL is the is-
sue of distributional shift (Yang et al. 2021), which occurs
when policy evaluation on out-of-distribution (OOD) sam-
ples leads to the accumulation of extrapolation errors. Exist-
ing research usually tackles this problem by employing con-
servatism principles, compelling the learning policy to re-
main close to the data manifold through various data-related
regularization techniques (Yang et al. 2021; Pan et al. 2022;
Matsunaga et al. 2023; Shao et al. 2023; Wang et al. 2023).
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In comparison to the single-agent counterpart, offline
Multi-Agent Reinforcement Learning (MARL) has received
relatively less attention. Under the multi-agent setting, it not
only faces the challenges inherent to offline RL but also en-
counters common MARL issues, such as difficulties in co-
ordination and large joint-action spaces (Zhang, Yang, and
Basar 2021). These issues cannot be simply resolved by
combining state-of-the-art offline RL solutions with mod-
ern multi-agent techniques (Yang et al. 2021). In fact, due
to the increased number of agents and the offline nature of
the problem, these issues become even more challenging.
For example, under the offline setting, even if each agent se-
lects an in-sample action, the resulting joint action may still
be OOD. Additionally, in cooperative MARL, agents need
to consider both their own actions and the actions of other
agents in order to determine their contributions to the global
return for high overall performance. Thus, under offline set-
tings, discovering and learning cooperative joint policies
from the dataset poses a unique challenge for offline MARL.

To address the aforementioned issues, recent works have
developed specific offline MARL algorithms. These ap-
proaches generally integrate the conservatism principle
into the Centralized Training with Decentralized Execu-
tion (CTDE) framework, such as value decomposition struc-
tures (Yang et al. 2021; Pan et al. 2022; Matsunaga et al.
2023; Shao et al. 2023; Wang et al. 2023), which is devel-
oped under the Individual-Global-Max (IGM) assumption.
Although these approaches have demonstrated successes in
certain offline multi-agent tasks, they still exhibit several
limitations. For example, due to the inherent limitations of
the IGM principle, algorithms that utilize value decompo-
sition structures may struggle to find optimal solutions be-
cause of constraints in their representation capabilities, and
can even lead to the selection of OOD joint actions, as we
show in the Proposed Method section.

In this work, we propose a principled approach to tackle
OOD joint actions issue. By introducing a behavior reg-
ularization into the policy learning objective and derive
the closed-form solution of the optimal policy, we de-
velop a sequential policy optimization method in an entirely
in-sample learning manner without generating potentially
OOD actions. Besides, the sequential update scheme used
in this method enhances both the representation capabil-



ity of the joint policy and the coordination among agents.
Then, to prevent premature convergence to local optima,
we encourage sufficient exploration of low-probability ac-
tions in the behavior policy through the use of policy en-
tropy. The proposed novel algorithm, named the In-Sample
Sequential Policy Optimization (InSPO), enjoys the proper-
ties of monotonic improvement and convergence to quantal
response equilibrium (QRE) (McKelvey and Palfrey 1995),
a solution concept in game theory. We evaluate InSPO in the
XOR game, Multi-NE game, and Bridge to demonstrate its
effectiveness in addressing OOD joint action and local opti-
mum convergence issues. Additionally, we test it on various
types of offline datasets in the StarCraft II micromanage-
ment benchmark to showcase its competitiveness with cur-
rent state-of-the-art offline MARL algorithms.

Related Work

MARL. The CTDE framework dominates current MARL
research, facilitating agent cooperation. In CTDE, agents
are centrally trained using global information but rely only
on local observations to make decisions. Value decomposi-
tion is a notable method, representing the joint Q-function
as a combination of individual agents’ Q-functions (Wang
et al. 2021; Son et al. 2019; Rashid et al. 2018). These
methods typically depend on the IGM principle, assuming
the optimal joint action corresponds to each agent’s greedy
actions. However, environments with multi-modal reward
landscapes frequently violate the IGM assumption, limiting
the effectiveness of value decomposition in learning optimal
policies (Fu et al. 2022).

Another influential class of methods is Multi-Agent Pol-
icy Gradient (MAPG), with notable algorithms such as
MAPPO(Yu et al. 2022), CoPPO(Wu et al. 2021), and
HAPPO (Kuba et al. 2022). However, on-policy learning ap-
proaches like these struggle in offline settings due to OOD
action issues, leading to extrapolation errors.

Offline MARL. OMAR (Pan et al. 2022) combines In-
dependent Learning and zeroth-order optimization to adapt
CQL (Kumar et al. 2020) for multi-agent scenarios. How-
ever, OMAR fundamentally follows a single-agent learning
paradigm, which treats other agents as part of the environ-
ment, and does not handle cooperative behavior learning and
OOD joint actions insufficiently.

To enhance cooperation and efficiency in complex en-
vironments such as StarCraft II, some existing works em-
ploy value decomposition as a foundation for algorithm de-
sign. For instance, ICQ (Yang et al. 2021) introduces conser-
vatism to prevent optimization on unseen state-action pairs,
mitigating extrapolation errors. OMIGA (Wang et al. 2023)
and CFCQL (Shao et al. 2023) are the latest offline MARL
methods, both integrating value decomposition structures.
OMIGA applies implicit local value regularization to en-
able in-sample learning, while CFCQL calculates counter-
factual regularization per agent, avoiding the excessive con-
servatism caused by direct value decomposition-CQL inte-
gration. Nonetheless, the IGM principle has been shown to
fail in identifying optimal policies in multi-modal reward
landscapes (Fu et al. 2022), due to the limited expressive-
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ness of the Q-value network, which poses a potential risk of
encountering the OOD joint actions issue in offline settings.

An alternative research direction in offline RL applies
constraints on state-action distributions, called DIstribution
Correction Estimation (DICE) methods (Figueiredo Pruden-
cio, Maximo, and Colombini 2024). AlberDICE (Matsunaga
et al. 2023) is a pioneering DICE-based method in offline
MARL, which is proved to converge to NEs. However, when
multiple NEs exist, its convergence results heavily depends
on the dataset distribution. If the behavior policy is near a
sub-optimal NE, AlberDICE will converge directly to that
sub-optimal solution rather than the global optimum. This is
primarily because AlberDICE lacks sufficient exploration of
low-probability state-action pairs in dataset, leading to pre-
mature convergence to a deterministic policy. Additionally,
AlberDICE employs an out-of-sample learning during pol-
icy extraction, i.e., it uses actions produced by the policy
rather the actions in datasets, which could lead to OOD joint
actions (Xu et al. 2023a; Kostrikov, Nair, and Levine 2022).

Additionally, some works consider using model-based
method (Barde et al. 2024) or using diffusion models (Li,
Pan, and Huang 2023; Zhu et al. 2023) to solve the OOD ac-
tion issue. More discussion about the related work is given
in Appendix E.

Background
Cooperative Markov Game

The cooperative MARL problem is usually modeled
as a cooperative Markov game (Littman 1994) G
(N,S, A, P,r,~v,d), where N = {1,--- | N} is the set of
agent indices, S is the finite state space, A = [[;c A’
is the joint action space, with .4; denoting the finite action
space of agent 4, r : S x A — R is the common reward
function shared with all agents, P : S x A x S — [0,1] is
the transition probability function, v € [0, 1) is the discount
factor, and d € A(S) is the initial state distribution. At time
stept € {1,---,T}, each agent i € N at state s; € S
selects an action ai ~ 7%(-|s;) and moves to the next state
St+1 ~ P(:|st, at). It then receives a reward r; = 7(s¢, ay)
according to the joint action a; = {aj,---,al¥}. We de-
note the joint policy as m(:|s) = ],z 7'(:|s), and the
joint policy except the i-th player as 7. In a cooperative
Markov game, all agents aim to learn a optimal joint pol-
icy 7 that jointly maximizes the expected discount returns

Eses.aon [Z;‘F:U yr(s¢, ar)]. Under the offline setting, only

a pre-collected dataset D = {(s,a,r, s’) k}l,zill collected by
an unknown behavior policy gt = ], p4' is given and the
environment interactions are not allowed.

IGM Principle and Value Decomposition

Value-based methods aim to learn a joint Q-function Q :
S x A — R to estimate the future expected return given
the current state s and joint action a. However, directly
computing the joint Q-function is challenging due to the
huge state-action space in MARL. To address this issue,
value decomposition decomposes the joint Q-function @
into individual Q-functions Q* for each agent: Q(s,a) =



Agent 1 Agent 1
A B A B
(o} (o]
% A 0 1 % A | 13|13
é" B 1 -2 ft" B (13| 0

(a) reward matrix (b) dataset distribution

Figure 1: XOR game. (a) is the reward matrix of joint ac-
tions. (b) is the distribution of dataset.

Faix(QY(s,ab), -, QN (s,a™); s), where fnix represents
the mixing function conditioned on the state (Fu et al. 2022).
The mixing function f,;x must satisfy the IGM principle that
any optimal joint action a, should satisfy

U {argmax Q" (s,a")}.

ieN ate Al

ey

a, = argmax Q(s,a) =
acA

Under the IGM assumption, value decomposition enables
the identification of the optimal joint action through the
greedy actions of each agent.

Behavior-Regularized Markov Game in Offline
MARL

Behavior-Regularized Markov Game is a useful framework
to avoid distribution shift by incorporating a data-related
regularization term on rewards (Wang et al. 2023; Xu et al.
2023a). In this framework, the goal is to optimize policy by

maxE[Z’y( st,ay) —af(w (|st),u(~|st)))}, 2)

where f (-, -) is a regularization function, and « > 0 is a tem-
perature constant. The unknown behavior policy p here can
usually be approximated by using Behavior Cloning (Wang
et al. 2023; Xu et al. 2023a). Policy evaluation operator in
this framework is given by

TxQxr(s,a) 21(s,a) +1Eyjsa[Va(s)], )
where Vi (s) = Eqror [Q,,(s, a) — af(r(als), ,,L(a|s))]

Thus, the objective (2) can be represented as
max Equr | @5, @) = af(m(-|s), u(15))]

The Proposed Method
OOD Joint Action in Offline MARL

In offline MARL, value decomposition methods are more
prone to encountering OOD joint actions due to the con-
straints of the IGM principle in certain scenarios. We use
the XOR game, shown in Figure 1, to illustrate this phe-
nomenon. Figure 1(a) shows the reward matrix of the XOR
game, while Figure 1(b) depicts the dataset considered in
the offline setting. Since it is necessary to minimize tem-
poral difference (TD) error Ep[(fmix(Q'(al), @*(a?)) —
r(a',a?))?] while satisfying the IGM principle, the local
Q-functions for both agents are forced to satisfy Q*(B) >

“
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Qi(A),i = 1,2 (See Appendix D for a detailed derivation).
As a result, both agents tend to choose action B, resulting in
the OOD joint action (B, B).

Another line in offline MARL research combines MAPG
methods and data-related regularization (Pan et al. 2022).
However, they can still encounter the OOD joint actions is-
sue although not constrained by the IGM principle. Consid-
ering again the above offline task, both learned agents are
likely to choose (A, A) due to the data-related regulariza-
tion. For agent 1, given that its teammate selects action A,
choosing action B would yield a higher payoff. The same
is true for agent 2, resulting in the OOD joint action (B, B).
This situation arises because these methods do not fully con-
sider the change of teammates’ policies, leading to conflict-
ing directions in policy updates.

MAPG methods employing sequential update scheme can
effectively address this issue, as they fully consider the di-
rection of teammates’ policy updates, thereby avoiding con-
flicts (Matsunaga et al. 2023; Kuba et al. 2022). In the same
scenario as above, but with sequential updates, where agent
1 updates first followed by agent 2, agent 1 would still
choose action B for a higher payoff. Then, when agent 2 up-
dates, knowing that agent 1 chose B, it would find that stick-
ing with action A is best. Consequently, sequential-update
MAPG methods converge to the optimal policy.

In-Sample Sequential Policy Optimization

Inspired by the above discussions, we introduce an in-
sample sequential policy optimization method under the
behavior-regularized Markov game framework, i.e., Eq.(4).
Here we consider the reverse KL divergence as the reg-
ularization, which means f(z,y) = log({). The bene-
fit of choosing reverse KL divergence is that the global
regularization can be decomposed naturally as log(u) =

D ieN log(Z—:), making the simplified computation of
sequential-update possible. Denoting 1., as an ordered sub-
set {i1, -+ ,in} of N, and —iy., as its complement, where
i) is the k-th agent in the ordered subset and i1.0 = 0, the
sequential-update objectives are given by:

it = AN By [ Q1 556)
' (a'|s)
—alog(-— 0] (5)
pin(atn|s)
where

Q;}mﬁ (8’ aln) = ]Eﬂ_:’el“:'n—l [Qﬂold (8’ a='" ’ a' )] :

However, the optimization objective (5) requires actions pro-
duced by the policy, which is in a out-of-sample learning
manner, potentially leading to OOD actions. In order to
achieve in-sample learning using only the dataset actions,
we derive the closed-form solution of objectives (5) by the

Karush-Kuhn-Tucker (KKT) conditions

—il:n
7T old

in
Trnew

. . . Z%:” S’ai’ﬂ.
(a[3) oc i a*|s) - exp (L)) )

(%



Agent 1 Agent 1
4 B C 4 B C
A 20 | 20 w A [0.64]0.08]0.08
EB [20]10 2 £ B [0.08]0.010.01
< ¢ 20|20 20 < ¢ [0.08]0.01[0.01

(a) reward matrix (b) dataset distribution

Figure 2: M-NE game. (a) is the reward matrix of joint ac-
tions. (b) is the distribution of dataset.

and thus obtain the in-sample optimization objectives for
parametric policy 7yi, by minimizing the KL divergence:
ezn —

new

argmlnDKL( new(l )77701'" (ls))

in

(s,a)

[ (Ai%;f; a
—exp (T2
o
ol ™
where Az (s, a™) = Qi (s,0™) = By [Qni (s, ™))
A potential problem of this method is that it may lead to
premature convergence to local optima due to exploitation
of vested interests. This concern is especially pronounced

when the behavior policy is a local optimum, as we will
show in the next subsection.

)

= arg minE, 4in)p
Qin

-log mgin (a ( tn

A

Maximum-Entropy Behavior-Regularized Markov
Game

The existence of multiple local optima is a common phe-
nomenon in many multi-agent tasks, where finding the
global optimum is often extremely challenging. Therefore,
near-optimal (or expert) behavior policies can easily fall
into or stay near local optima. In such cases, because the
data-related regularization enforces the learned policy to re-
main close to the behavior policy, optimizing the objective in
Eq.(5) is more likely to cause the sequential policy optimiza-
tion method to converge towards a deterministic policy that
exploits this local optimum. Moreover, escaping this local
optimum becomes challenging, as when one of the agents at-
tempts to deviate unilaterally, the optimization objective (5)
impedes this since it hurts the overall benefits.

We examine this issue using the M-NE game depicted
in Figure 2, with Figure 2(a) showing the reward matrix
and Figure 2(b) illustrating the offline dataset. In this game,
there are three NEs: (A4, A), (B, B), and (C,C), with re-
wards of 5, 10, and 20, respectively, where (C, C) represents
the global optimal NE and other NEs are local optima. On
the considered dataset, data-related regularization enforces
agents to select A with a high probability. As a result, agents
confidently converge to the local optimum (A, A) based on
the observed high probability of their teammates choosing
A, failing to recognize the optimal joint action (C, C).

One way to address this issue is to introduce perturba-
tions to the rewards, preventing sequential policy optimiza-
tion method from deterministically converging to a local op-
timum and thereby encouraging it to escape the local opti-
mum and identify the global optimal solution. From a game-
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theoretic perspective, the optimal solution of the perturbed
game aligns with the solution concept of quantal response
equilibrium (QRE) (McKelvey and Palfrey 1995).

Definition 1. For a Behavior-Regularized Markov Game G
with a reward function r, denote the perturbed reward as 7.
Then, a joint policy 7, is a QRE if it holds

J(m) > J(m 7", Vie N7, ®
wherej( = Er [ v (7 (s, ar)—af (m(-]se), m(-|s0)))].

Therefore, our goal is to design an in-sample sequential
policy optimization method with QRE convergence guaran-
tees. One simple and effective way to introduce disturbances
is to add policy entropy into the rewards, which is also a
commonly used regularization in online RL to improve ex-
ploration (Liu et al. 2024; Haarnoja et al. 2018). Therefore,
we introduce the following Maximum-Entropy Behavior-
Regularized Markov Game (MEBR-MG) problem, which is
a generalization of Behavior-Regularized Markov Game (2).

maXE{Zv( s¢,ap) — aDgL(7(+|s¢), p(-]s¢))

+BHCs))] O

where H (7 (-|s;)) is policy entropy, and 3 > 0 is a temper-
ature constant. In the following context, we first give some
facts about MEBR-MG, and then give the in-sample sequen-
tial policy optimization method under MEBR-MG.

In MEBR-MG, we have the following modified policy
evaluation operator given by:

TeQr(s,a) £ r(s,a) + VEy 5.0 [Va(s)],
where

Vi (5) =Equn {Q,,(s, a)

—Z(al ;

Lemma 2. leen a policy m, consider the modified policy
evaluation operator T in Eq.(10) and a initial Q-function
Q, : S x A = R, and define Q. ; = TxQ,. Then the
sequence Q. will converge to the Q-function Q. of policy
T as k — oo.

(10)

+ Blogi(a i|s))]

Proof can be found in Appendix A. This lemma indicates
Q-function will converge to the Q-value under the joint pol-
icy 7 by repeatedly applying the policy evaluation operator.

Moreover, the additional smoothness introduced by the
regularization term allows the QRE of MEBR-MG to be ex-
pressed in the form of Boltzmann distributions, as demon-
strated by the following Proposition 3.

Proposition 3. In a MEBR-MG, a joint policy 7, is a QRE
if it holds

Ve () > Vo poi(s), VieN,n' seS. (11)
Then the QRE policies for each agent i are given by
i (a'ls) o e (a'ls)
-exp(E“”N" i[Qr, (s,a',a7")] — Blog Mi(aiIS))
a+f
(12)



Algorithm 1: InSPO
Input: Offline dataset D, initial policy gy and Q-function

Qo
Output: 7
1: Compute behavior policy p by simple Behavior Cloning
2: fork=1,--- ,Kdo
Compute @, by Eq.(10)
Draw a permutation ¢1.y of agents at random
forn=1,--- ,Ndo
Update 7} by Eq.(13)
end for
end for

4
5
6:
7
8:

Proof can be found in Appendix A. Eq.(12) for QRE
demonstrates that incorporating the reverse KL divergence
term ensures that the learned policy shares the same support
set as the behavior policy, thereby avoiding OOD actions;
and the addition of an entropy term allows the policy to place
greater emphasis on actions with lower probabilities in the
behavior policy, preventing premature convergence to local
optima.

Similar to Eq.(7), the in-sample sequential policy opti-
mization procedure under MEBR-MG is given by:

Qin
e (s,a) — Blog p' (a'|s) (ain
exp a+f tog o (a719)]

13)

Proposition 4. The sequential policy optimization proce-
dure under MEBR-MG guarantees policy improvement, i.e.,

Vs € S,a € A,
Qr,..(s,0) > Q (s,a), Ve, (5) > Vi, (5).

Proof can be found in Appendix A. Proposition 4 demon-
strates that the policy improvement step defined in Eq.(13)
ensures a monotonic increase in performance at each itera-
tion. By alternating between the policy evaluation step and
the policy improvement step, we derive InSPO, as shown
in Algorithm 1, and we furthermore prove that InSPO con-
verges to QRE as follows.

Theorem 5. Joint policy m updated by Algorithm 1 con-
verges to ORE.

Proof can be found in Appendix A.

The Practical Implementation of InSPO

In this section, we design a practical implementation of In-
SPO to handle the issue of large state-action space, making it
more suitable for offline MARL. More details can be found
in Appendix B.

Policy Evaluation. According to Eq.(10), we need to train
a global Q-function to estimate the expected future return
based on the current state and joint action. However, in
MARL, the joint action space grows exponentially with the
number of agents. To circumvent this exponential complex-
ity, we instead maintain a local Q-function Q4:. for each
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agent i, € N to approximate Q%1 (s, a’r). Besides, Qin
should be updated sequentially in conjunction with the pol-
icy in order to incorporate the information of updated team-

mates (i.e., e ') into the local Q-function. Thus, we op-

timize the following objective for each local Q-function ¢ :

{pi" : (an (s,a™) — y)z} (14)

IE}HE(S,QS’,T)ND

where

—i1in

e ) (@ s)
B (o i]s)
Yy zy(s, a, 5/5 T) = T+ ,YEain/Nﬂ-i" [Q(jﬂ" (8/7 ain/)]
old
= aDgi(mia([s"), ' (1)) + BH (i (1)-
Here we omit the regularization terms for other agents to
simplify the computation. Furthermore, to reduce the high
variance of importance sampling ratio p*», InSPO adopts
importance resampling (Schlegel et al. 2019) in practice,
which resamples experience with probability proportional to

p'~ to construct a resampled dataset D i, stabilizing the al-
gorithm training effectively. Thus, Eq.(14) is replaced with
minE g s )

B, (@00 1) ]

Policy Improvement. After obtaining the optimal local
value functions, we can adopt the in-sample sequential pol-
icy optimization method in Eq.(13) to learn the local policy
for each agent:

i1in—1
A (7Tnew

pir = p"(s,a)

i

5)

i _ : A
0;r, = arg min E(s,a”n)N’Dpin [

Qin
Agin(s,a™) — Blog p'n (a's)
a+ 5
where Ay, (s,a") £ Qgin (s,a™) — Ex ., [Qgin (s, atn)].

old

— exp ( ) log mgin (a'"|s)

Experiments

We conduct a series of experiments to evaluate InSPO on
XOR game, M-NE game, Bridge (Fu et al. 2022) and Star-
Craft II Micromanagement (Xu et al. 2023b). In addition to
Behavior Cloning (BC), our baselines also include the cur-
rent state-of-the-art offline MARL algorithms: OMAR (Pan
etal. 2022), CFCQL (Shao et al. 2023), OMIGA (Wang et al.
2023) and AlberDICE (Matsunaga et al. 2023). Each algo-
rithm is run for five random seeds, and we report the mean
performance with standard deviation. For the final results,
we indicate the algorithm with the best mean performance
in bold, and an asterisk (*) denotes that the metric is not sig-
nificantly different from the top-performing metric in that
case, based on a heteroscedastic two-sided t-test with a 5%
significance level. See Appendix C for experimental details.

Comparative Evaluation

Matrix Game. We evaluate whether InSPO can address
the two issues highlighted in previous section using the
XOR game and M-NE game shown in Figure 1(a) and Fig-
ure 2(a). First, we evaluate the ability of InSPO to handle



Dataset BC OMAR AlberDICE CFCQL OMIGA InSPO
(a) 0.00+0.01 1.00+0.00 1.00£0.00 -0.64+0.71 0.00£0.01 1.00+0.00
(b) 0.23+0.01 —-2.00£0.00 1.00£0.00 —-0.38%+0.11 0.214+0.03 1.00+0.00
(c) 0.00 £ 0.01 0.00 + 0.00 1.00+0.00 -0.73+0.48 0.05+£0.00 1.00+£0.00
Table 1: Averaged test return on XOR game.
Dataset ‘ BC OMAR AlberDICE CFCQL OMIGA InSPO
balanced | —9.79 £0.41 20.00 +0.00 20.00 + 0.00 20.00 + 0.00 20.00 £ 0.00 20.00 £ 0.00
imbalanced | —3.47 +0.17 5.00 £ 0.00 5.00 £ 0.00 5.00 = 0.00 5.00 = 0.00 20.00 £ 0.00
Table 2: Averaged test return on M-NE game.
Dataset ‘ BC OMAR AlberDICE CFCQL OMIGA InSPO
Optimal —1.26 | —2.21 +£0.90 —6.01 £0.00 —1.27 £0.03* —12.75+1.60 —9.87 +0.68 —1.26 +0.00
Mixed —4.56 ‘ —5.88+0.49 —6.01 £0.00 —1.294+0.00 —13.794+£1.78 —13.45+0.42 —1.27 +0.01
Table 3: Averaged test return on Bridge.
Map Dataset BC OMAR CFCQL OMIGA InSPO
medium 0.16 £0.07 0.15+£0.04 0.40£0.10 0.234+0.01 0.23 £0.06
2637 medium-replay 0.334+£0.04 0.24+£0.09 0.554+0.07* 0.424+0.02 0.58=+0.09
expert 0.97+0.02 095+0.04 099+£0.01 0.98+0.02 0.99+0.01
mixed 0.444+0.06 0.60+£0.04 0.844+0.09* 0.624+0.03 0.85+0.04
medium 0.08£0.02 0.00£0.00 0.28+0.03 0.02£0.02 0.17£0.05
35.vs.52 medium-replay 0.01+0.01 0.00£0.00 0.12£0.04 0.024£0.01 0.10+£0.05*
-7 expert 0.98+0.02 0.64£0.08 0.99+£0.01 0.98£0.02 0.99+0.01
mixed 0.214+0.04 0.00£0.00 0.60£0.14 0.20£0.06 0.78+0.09
medium 0.28 +£0.37* 0.19+0.06 0.29+£0.05 0.25+0.08 0.28+£0.06*
Smvs.6m medium-replay 0.18+0.06 0.03+£0.02 0.224+0.06% 0.164+0.05 0.24+0.07
o expert 0.824+0.04 0.33+£0.06 0.84+0.03 0.744+0.05 0.79+£0.12
mixed 0.214+0.12 0.10£0.10 0.76+£0.07* 0.38+0.23 0.78 +0.06
medium 0.40 £0.03 0.04+£0.03 0.414+0.04* 0.34+0.01 0.43 +0.06
6h.vs. 87 medium-replay 0.11£0.04 0.00£0.00 0.21£0.05 0.11£0.04 0.23+0.02
T expert 0.60+0.04 0.01+£0.01 0.70+0.06* 0.54+0.04 0.74+0.11
mixed 0.27£0.06 0.00£0.00 0.49£0.08 0.36£0.06 0.60=+0.12
average performance 0.38 0.21 0.54 0.39 0.55

Table 4: Averaged test winning rate on StarCraft II Micromanagement.

the OOD joint actions issue using the XOR game. Table 1
compares the performance of all algorithms on four datasets,
each comprising an equal mix of different joint actions:
(@ {(A4,B),(B,A)}, (b) {(A,A), (A, B),(B,A)}, and (c)
{(4,4),(A,B),(B,A),(B,B)}. Figure 3 illustrates the

Agent 1
A B

Agent 1
A B

Agent 1
A B

Agent 1
A B

0.0
0.0

0.0
1.0

0.0
0.0

0.0
1.0

0.36
0.29

0.20
0.15

0.0
0.0

1.0
0.0

Agent 2

OMAR OMIGA (relaxed) OMIGA InSPO

Figure 3: Final joint policy on XOR game for dataset (b).

Goal of|
agent 2

Figure 4: Bridge at the beginning.
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converged joint policy of OMAR, OMIGA, and InSPO on
dataset (c), representing decentralized training, value de-
composition, and sequential-update methods, respectively.

As observed, only InSPO and AlberDICE, two sequential-
update MAPG methods, successfully converge to the opti-
mal policy, while the other algorithms fail, even opting for
OOD joint actions. Specifically, when a more relaxed be-
havior policy constraint is applied, the value decomposition
method (i.e., OMIGA (relaxed) in Figure 3) converges to
an OOD joint action (B, B), consistent with our analysis
in previous section. These results suggest that decentralized
training and value decomposition methods have limitations
in environments that demand high levels of coordination.

Next, we conduct InSPO on M-NE game to evaluate its
ability to alleviate the local optimum convergence issue. Ta-
ble 2 shows the results on datasets: (a) a balanced dataset
collected by a uniform policy p*(A) = p*(B) = p'(C) =
1/3, and (b) a imbalanced dataset collected by a near local
optimum zf(A) = 0.8, u*(B) = p*(C) = 0.1, fori = 1,2.
The results show that on the balanced dataset (a), most al-



gorithms find the global optimal NE, while on the imbal-
anced dataset (b), only InSPO correctly identifies the global
optimal NE. This indicates that in environments with multi-
ple local optima, the convergence of most algorithms can be
heavily influenced by the dataset distribution. Specifically,
when the dataset is biased toward a local optimum, algo-
rithms are prone to converging on this sub-optimal solution.
In contrast, InSPO converges to the global optimal solution
through comprehensive exploration of the dataset. The re-
sults demonstrate in offline scenarios, algorithms must make
full use of all available dataset information to prevent being
heavily influenced by behavior policies.

Bridge. Bridge, illustrated in Figure 4, is a grid-world
Markov game resembling a temporal version of the XOR
game. Two agents must alternately cross a one-person bridge
as fast as possible. Starting side by side on the bridge, they
must move together to allow one agent to cross first. For
this experiment, we use two datasets provided by Matsunaga
et al. (2023): optimal and mixed. The optimal dataset con-
tains 500 trajectories, generated by combining two optimal
deterministic policies: either agent 1 steps back to let agent
2 cross first, or vice versa. The mixed dataset includes the
optimal dataset plus an additional 500 trajectories generated
using a uniform random policy.

The performance is shown in Table 3, where the results
of BC, OMAR and AlberDICE are from the report in Mat-
sunaga et al. (2023). The performance is similar to that
of the XOR game: only InSPO and AlberDICE, both us-
ing sequential-update, achieve near-optimal performance on
both datasets. In contrast, both value decomposition meth-
ods fail to converge and produced undesirable outcomes.

StarCraft II.  We further extend our study to the StarCraft
II micromanagement benchmarks, a high-dimensional and
complex environment widely used in both online and offline
MARL. In this environment, we consider four representative
maps: 2 easy maps (2s3z, 3s_vs_5z), 1 hard map (Sm_vs_6m)
and 1 super-hard map (6h_vs_8z). We use four datasets pro-
vided by Shao et al. (2023): medium, expert, medium-replay
and mixed. The medium-replay dataset is a replay buffer col-
lected during training until the policy achieves medium per-
formance, while the mixed dataset is the equal mixture of
the medium and expert datasets. The results are shown in
Table 4, with the performance of CFCQL, OMAR, and BC
taken from Shao et al.’s report.

In contrast to the previous benchmarks, StarCraft II does
not exhibit a highly multi-modal reward landscape. Ad-
ditionally, the agents share nearly identical local objec-
tives, making this environment suitable for the IGM princi-
ple. Therefore, value decomposition methods have achieved
state-of-the-art performance in this environment both in
offline and online settings. Even so, as shown in Ta-
ble 4, InSPO still demonstrates competitive performance and
achieves state-of-the-art results in most tasks.

Ablation Study. Here we present the impact of different
components on performance of InSPO. Figure 5(a) shows
the converged policy of InSPO without entropy in the M-
NE game on the imbalanced dataset. Without the perturba-
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Agent 1

Agent 1
A B C
A B
w A [1.0]00]00 <,
?» B |0.0]0.0]00 a » 04410.23
< c 000000 < 021012

(a) InSPO w/o entropy (b) InSPO w/o SPO

Figure 5: Ablation on entropy and sequential update scheme.
(a) is InSPO without entropy on M-NE game for the imbal-
anced dataset. (b) is simultaneous-update version of InSPO
on XOR game for dataset (b).

dataset| o =0.1 a=5 a=10 a =50 |auto-a

expert|0.51 £ 0.17 0.54 £ 0.06 0.69 £ 0.05 0.62 £ 0.03| 0.74
mixed |0.17 £ 0.07 0.54 £ 0.06 0.53 £ 0.12 0.48 £ 0.07| 0.60

Table 5: Ablation results for o« on 6h_vs_8z.

tions of entropy in the optimization objective, InSPO w/o
entropy cannot escape the local optimum. Figure 5(b) shows
the policy of InSPO using the simultaneous update scheme
instead of sequential policy optimization (denoted as InSPO
w/o SPO) on dataset (b) of the XOR game. Due to conflict-
ing update directions, InSPO w/o SPO fails to learn the op-
timal policy and faces the OOD joint actions issue.

Temperature « is used to control the degree of conser-
vatism. A too large o will result in an overly conserva-
tive policy, while a too small one will easily causes dis-
tribution shift. Thus, to obtain a suitable o, we imple-
ment both fixed and auto-tuned o in practice (see Ap-
pendix B for details), where the auto-tuned o is adjusted
by min, Ep[aDky (7, u) — aDky], where Dy is the tar-
get value. Table 5 gives ablation results for «, which shows
that the auto-tuned « can find an appropriate « to further
improve performance.

Furthermore, we explore the impact of update order on
performance and the training efficiency of sequential up-
dates. These results are provided in Appendix C.

Conclusion

In this paper, we study the offline MARL problem, a topic
of significant practical importance and challenges that has
not received adequate attention. We begin with two sim-
ple yet highly illustrative matrix games, highlighting some
limitations of current offline MARL algorithms in address-
ing OOD joint actions and sub-optimal convergence issues.
To overcome these challenges, we propose a novel algo-
rithm called InSPO, which utilizes sequential-update in-
sample learning to avoid OOD joint actions, and introduces
policy entropy to ensure comprehensive exploration of the
dataset, thus avoiding the influence of local optimum behav-
ior policies. Furthermore, we theoretically demonstrate that
InSPO possesses monotonic improvement and QRE conver-
gence properties, and then empirically validate its superior
performance on various MARL benchmarks. For future re-
search, integrating sequential-update in-sample learning and
enhanced dataset utilization with other offline MARL algo-
rithms presents an intriguing direction.
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