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ABSTRACT
Offline multi-agent reinforcement learning (MARL) suffers from

severe value overestimation and extrapolation errors. These chal-

lenges lead to over-generalization when value functions or policies

encounter out-of-distribution (OOD) actions. The considerable body

of work on generalization issues has yielded successful in-sample

learning methods, which avoid OOD actions altogether. However,

we argue that the conservatism inherent in this approach could im-

pose unnecessary limitations. This study demonstrates that moder-

ate generalization can be both reliable and beneficial for improving

performance. Building on this insight, this paper introduces the

offline multi-agent reinforcement learning algorithm with global

moderate generalization (OMGMG). OMGMG enforces moderate

generalization at the global level and dynamically distributes the

generalization effects to individual agents through value decom-

position techniques, thereby achieving macro-level control over

the generalization process. OMGMG comprises two core compo-

nents: global moderate action generalization and global moderate

generalization propagation. The former approach improves value

function estimation by selecting joint actions within the vicinity

of the dataset. The latter approach ensures the effective propaga-

tion of reinforcement learning signals while mitigating the issue

of erroneous generalization propagation during the bootstrapping

process. Extensive experimental evaluations on the multi-agent

Mujoco and StarCraft II benchmark demonstrate that our OMGMG

surpasses the current state-of-the-art offline MARL methods across

the majority of tasks.
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1 INTRODUCTION
In recent years, online reinforcement learning (RL) has achieved

significant progress in various fields including autonomous driv-

ing [11, 40], intelligent control [28], and natural language process-

ing [38]. However, practical deployment remains challenging as

online RL typically requires millions of trial-and-error interactions.

This process consumes substantial resources [12] and introduces

safety risks in real-world scenarios [8]. To address these limitations,

offline RL has emerged as a promising alternative [17], enabling

policy learning solely from pre-collected datasets without the costs

and risks of real-time interaction [3, 16, 33, 43].

Although offline RL shows advantages, it still faces several crit-

ical challenges [7, 15]. Among these, distributional shift is par-

ticularly prominent [15]: Since the learned policy can generate

actions that fall outside the distribution of the dataset, these out-of-

distribution (OOD) actions are often systematically overestimated,

which can lead to instability or failure in the training process [6].

From a generalization perspective, this phenomenon essentially

reflects the lack of robust generalization capability of the value func-

tion or policy when faced with samples outside the data-supported

region [17], a problem widely known as over-generalization [24].

In Multi-agent Reinforcement Learning (MARL), this problem is sig-

nificantly exacerbated. Complex agent interactions cause the joint

state-action space to expand exponentially, aggravating data spar-

sity and insufficient coverage [41]. This increases the probability

of OOD actions and amplifies the value estimation bias [30].

To address the challenges posed by OOD estimation, researchers

have drawn inspiration from the centralized training with decentral-
ized execution (CTDE) framework [21, 31], extending single-agent

conservative algorithms to the multi-agent setting [30, 32, 40, 44].

Specifically, existing methods primarily reduce the overestimation

of OOD actions by imposing penalties on unseen actions [32] or reg-

ularizing based on behavior policy [20]. Notably, recent studies have
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proposed strategies that rely entirely on in-sample data [30, 40]

to completely avoid dependence on OOD actions. However, these

methods often neglect the generalization potential of deep neural

networks, preventing convergence to the optimal solution [22, 27,

45]. Therefore, effectively leveraging model generalization while

reducing OOD risks remains a key problem in offline MARL.

In this paper, we theoretically demonstrate that moderate gener-

alization beyond dataset is both reliable and beneficial in continuous

multi-agent environments, and its rational utilization can signifi-

cantly enhance the collaborative performance of multiple agents.

Therefore, to reasonably leverage the generalization capability of

the network, we propose an innovative offline MARL algorithm

with global moderate generalization (OMGMG). The proposed al-

gorithm introduces moderate generalization at the global level and

dynamically distributes it to the single-agent level through value

decomposition, thereby achieving control over the overall general-

ization from a global perspective.

OMGMG consists of two core components: global moderate

action generalization and global moderate generalization propaga-

tion. The former expands the range of joint action selection to the

dataset’s neighborhood, enabling agents to explore optimal strate-

gies in a broader action space. However, relying exclusively on

action generalization can result in the accumulation of erroneous

generalization, especially during the multi-agent bootstrapping

process. In such scenarios, minor generalization errors can be am-

plified through TD bootstrapping, ultimately compromising the

stability of the system. To mitigate this, we propose the moderate

generalization propagation mechanism. This mechanism effectively

reduces the generalization propagation speed while preserving the

integrity of multi-agent reinforcement learning signal propagation.

In terms of implementation, OMGMG integrates two expecta-

tions into the Bellman objective. Specifically, the first is the mod-
erate generalization expectation, achieved through a regularized

actor-critic objective that biases towards high-advantage actions;

the second is the in-sample expectation, realized through in-sample

learning methods such as implicit local value regularization [41].

This dual-expectation mechanism ensures that the algorithm main-

tains generalization capabilities while effectively controlling value

overestimation and error propagation.

In our experiments, we further extended the proposed approach

to discrete offline multi-agent environments, such as SMACv2, and

were pleasantly surprised to observe that it achieved strong per-

formance. To comprehensively assess its effectiveness, this study

conducts systematic evaluations on both the continuous Multi-

agent MuJoCo tasks [34] and the discrete StarCraft II Multi-Agent

Challenge (SMACv2) [4] benchmarks usingmultiple offline datasets.

The experimental results demonstrate that the proposed method ex-

hibits significant advantages in key performance metrics compared

to existing state-of-the-art baselines.

2 RELATEDWORK
Offline Reinforcement Learning. Offline RL, also known as

batch RL, aims to learn policies solely using pre-collected datasets

without relying on online interactions [19, 39]. Compared to online

RL, the main challenges faced in the offline setting are distribu-

tional shift and amplification of estimation errors: the trained value

function tends to produce overly optimistic estimates when the

state-action distribution deviates from the target policy [15]. Recent

research has primarily addressed this issue by incorporating various

forms of “pessimism” [35]. One class of methods explicitly or im-

plicitly constrains the learned policy to remain close to the behavior

policy in the dataset to mitigate the risks posed by distributional

shift [3, 5, 7, 23, 29]. This includes direct behavioral cloning, which

mimics the actions in the dataset [5, 23], and behavioral constraints,

such as Kullback-Leibler (KL) divergence regularization, which

penalize deviations from the behavior policy during policy opti-

mization [29]. Another class of methods focuses on conservative

value estimation, proposing objectives based on lower-bound opti-

mization or conservative Q-function learning [10, 16, 26, 43]. These

methods ensure that the learned Q-function remains conservative

for unobserved actions, thus avoiding excessive optimism during

policy improvement [10, 16]. A third approach is uncertainty-based

methods, which incorporate uncertainty quantification into the re-

ward [47, 48] or the value function [1, 42]. By modeling uncertainty,

these methods achieve pessimistic learning and reduce the risk of

overestimation in out-of-distribution regions.

Recently, a new learning paradigm has emerged: during the learn-

ing of policies and value functions, OOD actions are not queried,

and the training process is entirely confined to the dataset, thus

completely avoiding distributional extrapolation [13, 25, 43]. How-

ever, existing methods tend to be conservative, often resulting in

pessimistic value function estimates and an excessive dependence

on the quality of the dataset, which limits their generalization capa-

bilities [22, 24, 45]. Tomitigate this issue, researchers have proposed

the use of softer constraints, which relax the conservatism of the

value function estimation and provide better generalization [22, 45].

Although these methods have demonstrated excellent performance

in the context of single-agent RL, they have not been thoroughly

investigated in the realm of offline MARL.

Offline Multi-Agent Reinforcement Learning. Offline MARL

is an emerging research domain that integrates principles from

MARL and offline RL [9]. It aims to derive optimal collaborative

strategies from pre-collected datasets of multi-agent interactions.

This challenging field is confronted with two primary challenges:

(1) addressing the inherent non-stationarity and credit assignment

issues characteristic of MARL [36]; (2) mitigating the multi-agent

extrapolation error, which arises from distributional shifts in offline

RL due to the mismatch between the dataset and the learned pol-

icy [32]. The complexity of these challenges is exacerbated by the

exponential growth of the joint action space as the number of agents

increases. In multi-agent settings, even minor OOD behaviors by

a single agent can be significantly amplified through inter-agent

interactions, potentially leading to severe value overestimation and

catastrophic outcomes [41].

Early research in offline MARL focused primarily on mitigat-

ing OOD risks through explicit constraints or value penalties. For

instance, MABCQ extended the concept of Batch-Constrained Q-

learning (BCQ) [7] to the multi-agent setting by explicitly con-

straining the policy outputs of individual agents to the behavior

distribution. Similarly, conservatism-based methods like OMAR[32]

adapted the Conservative Q-Learning (CQL) [16] objective, which

suppresses value overestimation by introducing a regularization

term. While these approaches effectively discourage deviations
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from the dataset, they still rely on querying or estimating values

for unseen actions, which can introduce instability or excessive

conservatism in high-dimensional joint action spaces.

To avoid the challenges associated with OOD estimation, re-

cent research has shifted towards in-sample learning paradigms

within the CTDE framework. For example, ICQ [44] avoids query-

ing unseen actions by utilizing an implicit constraint mechanism,

effectively converting policy updates into a weighted supervised

regression problem. OMIGA [41] achieves the transformation from

global to local regularization by ensuring global joint optimality

through implicit global-local value regularization. Furthermore,

ComaDICE [30] combines the Distribution Correction Estimation

(DICE) method [18] with a value decomposition strategy. It casts the

offline MARL problem as a stationary distribution correction task

solvable strictly within the data support, demonstrating superior

performance on various benchmarks.

3 PRELIMINARIES
This study addresses the problem of Cooperative Multi-Agent Re-

inforcement Learning (Cooperative MARL), which can be formally

modeled as a multi-agent Partially Observable Markov Decision

Process (POMDP) [2].

The framework is defined by the tuple𝐺 = ⟨𝑆,𝐴, 𝑃, 𝑟, 𝑍,𝑂, 𝑛, 𝑁 ,𝛾⟩,
where 𝑆 represents the set of true states of the environment, and

𝒔 ∈ 𝑆 denotes the true state of the multi-agent system. The system

comprises 𝑛 agents, indexed by the set 𝑁 = {1, . . . , 𝑛}. The joint
action space is defined as𝐴 =

∏
𝑖∈𝑁 𝐴𝑖 , where each agent 𝑖 ∈ 𝑁 has

its own set of executable actions 𝐴𝑖 . At each time step, each agent 𝑖

selects an action 𝑎𝑖 ∈ 𝐴𝑖 , and the actions of all agents collectively

form the joint action 𝒂 = (𝑎1, . . . , 𝑎𝑛) ∈ 𝐴. The state transition

function 𝑃 : 𝑆 ×𝐴 × 𝑆 → [0, 1] specifies the probability of transi-

tioning to state 𝒔′ after the agents execute the joint action 𝒂 in state

𝒔. Due to the partial observability of the environment, each agent

𝑖 receives a local observation 𝑜𝑖 through the observation function

𝑍𝑖 (𝒔) : 𝑆 → 𝑂𝑖 . The observations of all agents collectively form the

joint observation 𝒐 = (𝑜1, . . . , 𝑜𝑛). The system employs a shared

reward function 𝑟 (𝒐, 𝒂) : 𝑂 × 𝐴𝑛 → R, and 𝛾 ∈ [0, 1) represents
the discount factor.

In cooperative MARL, the agents aim to learn a joint policy

𝝅𝑡𝑜𝑡 = {𝜋1, . . . , 𝜋𝑛}, which consists of local policies {𝜋𝑖 }𝑛𝑖=1
. The

objective is to find the joint policy 𝝅𝑡𝑜𝑡 that maximizes the ex-

pected discounted return: E𝒐∈𝑂,𝒂∼𝝅𝑡𝑜𝑡
[∑∞

𝑡=0
𝛾𝑡𝑟 (𝒐𝑡 , 𝒂𝑡 )

]
. During

the training of the global Q-function 𝑄𝑡𝑜𝑡 , which evaluates joint

observation-action pairs, the Bellman expectation equation is typi-

cally utilized for updates, with the loss function defined as follows:

min

𝑄𝑡𝑜𝑡

E(𝒐,𝒂,𝒐′ )∼D
[ (
𝑟 (𝒐, 𝒂) + 𝛾E𝒂′∼𝝅𝑡𝑜𝑡 ( · |𝒐′ )𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′)

−𝑄𝑡𝑜𝑡 (𝒐, 𝒂)
)

2

]
.

(1)

where D represents the offline dataset, 𝑄𝑡𝑜𝑡 denotes the global

target Q-function.

In the offline setting, the training data is collected through in-

teractions between the behavior policy 𝜷𝑡𝑜𝑡 = { ˆ𝛽1, . . . , ˆ𝛽𝑛} and

the environment. During training, only the data sampled from the

dataset are used, without further interaction with the actual multi-

agent environment.

4 METHOD
This section formally introduces the application of moderate gen-

eralization to offline MARL. Section 4.1 provides a formal analysis

of the impact of generalization on the performance of MARL, cov-

ering both over-generalization and non-generalization. Section 4.2

presents a theoretical analysis demonstrating that moderate gener-

alization beyond the dataset is effective in continuous multi-agent

settings. In addition, it introduces the core concept of OMGMG,

which is made up of two essential components: global moderate ac-

tion generalization and global moderate generalization propagation.

Finally, we elaborate on the implementation details of OMGMG,

specifically how global moderate generalization is propagated to

each agent through value decomposition methods.

4.1 Exploration of Generalization in Offline
MARL

Offline MARL algorithms typically update the value function using

the Bellman expectation operator. While the specific instantiation

of this operator varies across different methods, we formalize the

standard representation of the Bellman expectation operator T𝒖𝑡𝑜𝑡 :

T𝒖𝑡𝑜𝑡𝑄𝑡𝑜𝑡 (𝒐, 𝒂) := 𝑟 (𝒐, 𝒂) + 𝛾 E𝒐′∼𝑃 ( · |𝒐,𝒂),
𝒂′∼𝒖𝑡𝑜𝑡

[𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′)] , (2)

where 𝒂′ represents the joint action in the subsequent time step

generated by an arbitrary joint policy 𝒖𝑡𝑜𝑡 .
During offline training, this operator is only performed for pairs

of joint observation-action (𝒐, 𝒂) within the dataset D, and the

value estimates for pairs outside the dataset (𝒐, 𝒂) are influenced
by generalization. Since the target distribution depends on 𝒖𝑡𝑜𝑡 , a
bidirectional interaction arises between the Bellman expectation op-

erator and the generalization mechanism [24], which is manifested

as follows: first, when (𝒐, 𝒂) ∈ D, the operator update indirectly

affects the value function estimation of (𝒐, 𝒂) ∉ D via generaliza-

tion; second, when the target value involves (𝒐, 𝒂) ∉ D, this update

process in turn affects the value estimation of (𝒐, 𝒂) ∈ D.

However, this interaction in offline MARL often leads to the

prevalent issue of value overestimation. Specifically, the complex

generalization mechanism inherent in such systems tends to over-

estimate the global Q-values associated with OOD joint actions.

During the update process, the algorithm is inclined to select these

overestimated Q-values, thereby intensifying the overestimation

phenomenon. This overestimation effect distorts the value estima-

tion for (𝒐, 𝒂) ∈ D and propagates to the values of (𝒐, 𝒂) ∉ D
through the generalization capability of the network. As bootstrap-

ping continues iteratively throughout the training process, this

issue may ultimately lead to the divergence of the value function.

The underlying mechanism driving this detrimental process can be

primarily attributed to the problem of over-generalization.

To address the issue of over-generalization in RL, researchers

have proposed various conservative algorithms [32, 44]. In recent

years, scholars have further advanced the field by introducing in-

sample learning algorithms tailored for offlineMARL [30, 41]. These

algorithms fundamentally circumvent extrapolation errors by com-

pletely avoiding generalization behaviors during the training pro-

cess. Specifically, they construct the Bellman target exclusively

using the data available within the dataset, which is equivalent
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to setting 𝒖𝑡𝑜𝑡 = 𝜷𝑡𝑜𝑡 in the operator T𝒖𝑡𝑜𝑡 . The policy is subse-

quently extracted by updating the obtained value function. From

the perspective of network generalization, such algorithms can be

characterized as non-generalization. However, generalization is one

of the core strengths that makes neural networks highly versatile

and widely applicable. Consequently, in-sample learning algorithms

may appear overly conservative due to their limited utilization of

the network’s generalization capabilities. This limitation becomes

particularly evident in scenarios where the offline dataset fails to

adequately cover the optimal actions in large-scale or continuous

action spaces, thereby restricting the algorithm’s effectiveness in

more complex environments.

4.2 Global Moderate Generalization
This section aims to demonstrate the effectiveness of moderate

generalization and introduces the core concept of this study: global

moderate generalization (GMG). This concept emphasizes the rea-

sonable and effective utilization of generalization capabilities while

maintaining model performance.

Previous discussions have qualitatively suggested that leverag-

ing the generalization capability of neural networks can enhance

performance. To theoretically validate the acceptability of moderate

generalization in continuous multi-agent settings, we begin with

a minimal update setting, defined as a single gradient step with

a small learning rate 𝛼 , and analyze the generalization behavior

induced by updating the global Q-function 𝑄𝑡𝑜𝑡 . The parameters 𝜃

are updated to 𝜃 ′ via a gradient step based on a single in-sample

transition (𝒐, 𝒂) ∈ D. Specifically, for an OOD joint action 𝒂̃ where

(𝒐, 𝒂̃) ∉ D, we derive the following theorem:

Theorem 4.1. (Informal) Under specific continuity conditions,
when the learning rate 𝛼 is sufficiently small and 𝒂̃ is sufficiently
close to 𝒂, the following equality holds:

𝑄𝑡𝑜𝑡 (𝒐, 𝒂̃;𝜃 ′) =𝑄𝑡𝑜𝑡 (𝒐, 𝒂̃;𝜃 ) +𝐶1 (T𝑢𝑄𝑡𝑜𝑡 (𝒐, 𝒂̃;𝜃 ) −𝑄𝑡𝑜𝑡 (𝒐, 𝒂̃;𝜃 )
+𝐶2∥𝒂̃ − 𝒂∥) +𝑂 (∥𝜃 ′ − 𝜃 ∥2), (3)

where 𝐶1 ∈ [0, 1] and 𝐶2 is a finite constant. The last term represents
the higher-order error of the update.

The formal statement of the theorem and its complete proof

are provided in Appendix A.1. The theorem indicates that when

the learning rate is sufficiently small, for (𝒐, 𝒂̃) ∉ D, the update

increment of the global Q-function is primarily governed by the

target difference and the interaction bias term. Specifically, when

𝒂̃ approaches 𝒂, this bias tends to vanish, and the coefficient 𝐶1

further modulates the magnitude of the update, thereby causing

the overall update behavior to approximate a target-based gradient

update explicitly executed at (𝒐, 𝒂̃), and this update is entirely in-

duced by the generalization effect. Therefore, Theorem 4.1 states

that, under certain continuity conditions, if the perturbation of

joint actions is controlled within a local neighborhood, the update

of the global Q-function can formally approximate the true global

target update. This result suggests that moderately allowing gener-

alization beyond the dataset support is expected to yield a better

global Q-function, achieving superior policy performance. Based

on this, we define a novel global moderate generalization policy

𝜷𝑡𝑜𝑡 as follows:

Definition 4.2. 𝜷𝑡𝑜𝑡 is referred to as a global moderate general-

ization policy if it satisfies the following conditions:

supp( ˆ𝜷tot (· | 𝒐)) ⊆ supp( ˜𝜷tot (· | 𝒐)),
and max

𝒂1∼ ˜𝜷tot ( · |𝒐)
min

𝒂2∼ ˆ𝜷tot ( · |𝒐)
∥𝒂1 − 𝒂2∥ ≤ 𝜖𝒂,

(4)

where 𝜷𝑡𝑜𝑡 is the behavior policy observed in the offline dataset.

This indicates that under the same observation, the joint action

space covered by the global moderate generalization policy is larger,

but it must satisfy that for any joint action 𝒂1 obtained from the

global moderate generalization policy, there exists a joint action 𝒂2

obtained from the behavior policy such that ∥𝒂1 − 𝒂2∥ ≤ 𝜖𝒂 . There-

fore, the support set of 𝜷𝑡𝑜𝑡 is broader, meaning that it can explore

actions not present in the dataset, yet it ensures the reliability of

generalization through the "moderate" constraint. Consequently, ac-

cording to Theorem 4.1, within this moderate generalization range,

the global Q-function has a high probability of achieving a good

generalization.

However, the generalization capability of neural networks presents

a dual-edged challenge. Even when confined to a credible moder-

ate generalization region, the value function still exhibits a non-

negligible generalization error. This form of bias is systematically

propagated and amplified during the update of temporal differences

through the bootstrapping process, which is weighted by the dis-

count factor 𝛾 , which ultimately leads to value overestimation. To

mitigate this issue, we introduce the concept of global moderate

generalization propagation and propose a novel GMG operator,

defined as follows:

Definition 4.3. The GMG operator is defined as follows:

T𝐺𝑀𝐺𝑄𝑡𝑜𝑡 (𝒐, 𝒂) := 𝑟 (𝒐, 𝒂)

+ 𝛾E𝒐′∼𝑃 ( · |𝒐,𝒂)

[
𝜆E𝒂′∼𝜷𝑡𝑜𝑡 ( · |𝒐′ )𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′)

+ (1 − 𝜆)E𝒂′∼𝜷𝑡𝑜𝑡 ( · |𝒐′ )𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′)
]
, (5)

where 𝜷𝑡𝑜𝑡 is the behavior policy observed in the offline dataset

and 𝜷𝑡𝑜𝑡 is global moderate generalization policy.

The GMG operator differs from the traditional Bellman expecta-

tion operator in two key aspects. First, by introducing a general-

ization discount factor 𝜆, the effective discount factor is reduced

to 𝜆𝛾 . Unlike explicit value penalties used in standard pessimism,

this mechanism serves as a structural constraint that dampens the

propagation of extrapolation errors. This adjustment mitigates the

accumulation of overestimation bias during the Bellman iteration,

thereby enhancing the stability of value estimation. Second, the

operator does not rely exclusively on in-sample learning but also in-

corporates OOD actions. This approach leverages the generalization

capability of neural networks to achieve global moderate gener-

alization. Furthermore, Theorem 4.1 demonstrates that the value

function has a high probability of achieving robust generalization

within the moderate generalization region.

In general, the generalization of GMG exhibits moderation in two

aspects: 1. global moderate actions generalization: Agents select ac-
tions within the joint action space by employing a global moderate
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generalization policy 𝜷𝑡𝑜𝑡 . This policy operates with a general-

ization scope broader than 𝜷𝑡𝑜𝑡 , thereby endowing the moderate

generalization operator with favorable generalization properties.

2. global moderate generalization propagation: The GMG integrates

globally generalized Q-values, derived from moderate generaliza-

tion, with in-sample global Q-values using a generalization discount

factor. This approach enables the effective propagation of reinforce-

ment learning signals across multiple agents while regulating the

degree of generalization. By reducing the sensitivity of generaliza-

tion propagation to the discount factor, our method significantly

alleviates the issue of global value estimation amplification caused

by the bootstrapping mechanism in multi-agent collaborative envi-

ronments. These techniques collectively contribute to a more robust

and scalable framework for multi-agent reinforcement learning.

4.3 Practical Algorithm
Building upon the theoretical foundations laid out in the previous

sections, this section provides a comprehensive exposition of the

proposed OMGMG algorithm. In the implementation process, we

not only validated its effectiveness in continuous multi-agent envi-

ronments but also successfully extended it to discrete multi-agent

scenarios, where it also achieved promising empirical results. This

algorithm is structured around several key components, including

the global policy 𝝅𝑡𝑜𝑡 , local policy 𝜋𝑖 , global target policy 𝝅̄𝑡𝑜𝑡 , local

target policy 𝜋𝑖 , global Q-function 𝑄𝑡𝑜𝑡 , local Q-function 𝑄𝑖 , global

target Q-function𝑄𝑡𝑜𝑡 , local target Q-function𝑄𝑖 , global V-function

𝑉𝑡𝑜𝑡 , and local V-function 𝑉𝑖 . Here, each local function corresponds

to each agent 𝑖 .

Policy Learning. In practical applications, the quality of the dataset
often exhibits significant variability. To improve performance, we

aim for OMGMG to achieve moderate generalization in the vicin-

ity of high-quality joint actions within the dataset. This approach

increases the likelihood of obtaining superior results. To this end,

we reconstruct the behavior policy 𝜷𝑡𝑜𝑡 in the dataset, biasing it

towards actions associated with higher advantage values 𝜷∗
𝑡𝑜𝑡 (𝒂 |

𝒐) ∝ 𝜷𝑡𝑜𝑡 (𝒂 | 𝒐) exp(𝐴𝑡𝑜𝑡 (𝒐, 𝒂)) . Additionally, we introduce a prox-
imity constraint between the training policy and the reconstructed

behavior policy to effectively regulate the extent of generalization.

Specifically, the generalization set is defined as follows:

Π𝐺 = {𝝅𝑡𝑜𝑡 | KL(𝜷∗
𝑡𝑜𝑡 (· | 𝑜) ∥ 𝝅𝒕𝒐𝒕 (· | 𝑜)) ≤ 𝜖}. (6)

Incorporating the KL divergence constraint into the formulation

enables the policy 𝝅𝑡𝑜𝑡 to explore joint actions beyond those present

in the dataset with a controlled probability. This ensures that the

generalization set encompasses joint actions that are not explicitly

included in the dataset. Once the generalization set is defined, the

primary objective is to train the policy within this set to maximize

the global Q-function. To accomplish this, the study adopts the

actor-critic framework for policy optimization.

max

𝝅𝑡𝑜𝑡
E𝒐∼D,𝒂∼𝝅𝑡𝑜𝑡 ( · |𝒐)𝑄𝑡𝑜𝑡 (𝒐, 𝒂), s.t. 𝝅𝑡𝑜𝑡 ∈ Π𝐺 . (7)

Using the Lagrange multiplier method, the constraint term is

integrated into the objective function. Here,𝜈 serves as the Lagrange

multiplier (penalty coefficient) that regulates the KL-divergence

constraint. This leads to the maximization of the following modified

objective function:

max

𝝅𝑡𝑜𝑡
E𝒐∼D, 𝒂∼𝝅𝑡𝑜𝑡 ( · |𝒐)𝑄𝑡𝑜𝑡 (𝒐, 𝒂)

− 𝜈 E𝒐∼DKL

(
𝜷∗
𝑡𝑜𝑡 (·|𝒐)∥𝝅𝑡𝑜𝑡 (·|𝒐)

)
. (8)

At this stage, we have derived the global policy optimization

framework in terms of the global state-action value function 𝑄𝑡𝑜𝑡

and the global state value function 𝑉𝑡𝑜𝑡 . However, in multi-agent

systems, the joint state-action space expands exponentially with the

number of agents, rendering the precise estimation of global value

functions highly challenging. To mitigate this issue, we propose a

value decomposition method, which is formulated as follows:

𝑄𝑡𝑜𝑡 (𝒐, 𝒂) =
∑︁
𝑖

𝑤𝑖 (𝒐)𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ) + 𝑏 (𝒐),

𝑉𝑡𝑜𝑡 (𝒐) =
∑︁
𝑖

𝑤𝑖 (𝒐)𝑉𝑖 (𝑜𝑖 ) + 𝑏 (𝒐),

𝑤𝑖 ≥ 0, ∀𝑖 = 1, . . . , 𝑛.

(9)

Here, 𝑄𝑖 and 𝑉𝑖 denote the value functions of the 𝑖-th agent,

where the weights 𝑤 and the bias 𝑏 are generated by a learnable

hyperparameter network that takes the joint observation 𝒐 as input.
To ensure consistency in the allocation of values between 𝑄𝑡𝑜𝑡 and

𝑉𝑡𝑜𝑡 , this study employs a unified decomposition coefficient to link

the two. Furthermore, to establish a mapping between local policies

and local value functions, we assume that the global policy can

be decomposed as: 𝝅𝑡𝑜𝑡 (𝒂 | 𝒐) =
∏𝑛

𝑖=1
𝜋𝑖 (𝑎𝑖 | 𝑜𝑖 ). Based on this

assumption, we derive the training objective function for the local

policy as follows:

max

𝜋𝑖
E𝑜𝑖∼D, 𝑎𝑖∼𝜋𝑖 ( · |𝑜𝑖 )

[
𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 )

]
+ 𝜈 E(𝑜𝑖 ,𝑎𝑖 )∼D

[
exp

(
𝑤𝑖 (o)
𝛼

(
𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ) −𝑉𝑖 (𝑜𝑖 )

) )
· log𝜋𝑖 (𝑎𝑖 | 𝑜𝑖 )

]
.

(10)

This approach facilitates effective generalization and rational

allocation of global policy. The detailed mathematical derivation is

provided in Appendix A.2.

Value Learning. We now apply the proposed moderate gener-

alization operator to the training of the value function. Through

the policy optimization process described above, the expectation

𝐸𝒂′∼𝜷𝑡𝑜𝑡 can be effectively approximated by 𝐸𝒂′∼𝝅̄𝑡𝑜𝑡 . To enhance

the stability of the training process, we represent the expected value

𝐸𝒂′∼𝜷 ( · |𝒐′ )𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′) within the moderate generalization operator

using the state value function 𝑉𝑡𝑜𝑡 . This state value function can

be derived using any in-sample learning algorithm. In this work,

we adopt the formula value decomposition method and integrate

it with the implicit local value regularization technique within the

OMIGA algorithm [41] for training.

min

𝑉𝑖
E(𝑜𝑖 ,𝑎𝑖 )∼D

[
exp

(𝑤𝑖 (𝒐)
𝛼

(
𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ) −𝑉𝑖 (𝑜𝑖 )

) )
+ 𝑤𝑖 (𝒐)

𝛼
𝑉𝑖 (𝑜𝑖 )

]
.

(11)
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Table 1: Average returns of OMGMG and baselines with the mean and standard on MaMujoco tasks.

Task Dataset MABCQ [7] MACQL [16] ICQ [44] OMIGA [41] ComaDICE [30] OMGMG(ours)

HalfCheetah

expert 2992.7±629.7 1189.5±1034.5 2955.9±459.2 3383.6±552.7 4082.9±45.7 4707.2±140.1
medium 2590.5±1110.4 1011.3±1016.9 2549.3±96.3 3608.1±237.4 2664.7±54.2 3976.7±271.3
m-replay -333.6±152.1 1998.7±693.9 1922.4±612.9 2504.7±83.5 2855.0±242.2 4422.8±199.3
m-expert 3543.7±780.9 1194.2±1081.0 2834.0±420.3 2948.5±518.9 3889.7±81.6 4656.6±145.1

Hopper

expert 77.9±58.0 159.1±313.8 754.7±806.3 859.6±709.5 2827.7±62.9 2683.9±470.2
medium 44.6±20.6 401.3±199.9 501.8±14.0 1189.3±544.3 822.6±66.2 2054.9±134.9
m-replay 26.5±24.0 31.4±15.2 195.4±103.6 774.2±494.3 906.3±242.1 1678.0±218.4
m-expert 54.3±23.7 64.8±123.3 355.4±373.9 709.0±595.7 1362.4±522.9 1990.4±288.6

Ant

expert 1317.7±286.3 1042.4±2021.6 2050.0±11.9 2055.5±1.6 2056.9±5.9 2062.3±3.8
medium 1059.6±91.2 533.9±1766.4 1412.4±10.9 1418.4±5.4 1425.0±2.9 1428.1±3.2
m-replay 950.8±48.8 234.6±1618.3 1016.7±53.5 1105.1±88.9 1122.9±61.0 1151.1±25.0
m-expert 1020.9±242.7 800.2±1621.5 1590.2±85.6 1720.3±110.6 1813.9±68.4 1801.1±22.8

Finally, by combining Equation (1) and Equation (5), we derive

the following training objective for the global Q-function:

min

𝑄𝑖 ,𝑤𝑖 ,𝑏
𝑖=1,...,𝑛

E(𝒐,𝒂,𝒐′ )∼D
[ (
𝑟 (𝒐, 𝒂) + 𝜆𝛾E𝒂′∼𝜋𝑡𝑜𝑡 ( · |𝒐′ )𝑄𝑡𝑜𝑡 (𝒐′, 𝒂′)

+ (1 − 𝜆)𝛾𝑉𝑡𝑜𝑡 (𝒐′) −𝑄𝑡𝑜𝑡 (𝒐, 𝒂)
)

2

]
. (12)

Overall Algorithm Building upon the aforementioned learning

process, we implement global moderate generalization within of-

fline multi-agent systems. By leveraging a value decomposition

mechanism, this global capability is dynamically decomposed to

each agent. The detailed implementation of this process is pre-

sented in Algorithm 1, which provides the complete pseudocode of

OMGMG. Key hyperparameters include the generalization discount

factor 𝜆, designed to dampen generalization error propagation, and

the penalty coefficient 𝜈 , which regulates the trade-off between

policy optimization and behavior regularization.

Algorithm 1 OMGMG

Require: offline dataset D, generalization discount factor 𝜆, and

penalty coefficient 𝜈 .

1: Initialize𝑤 , 𝑏, and 𝜋𝑖 , 𝜋𝑖 ,𝑄𝑖 ,𝑄𝑖 ,𝑉𝑖 for each agent 𝑖 = 1, 2, . . . , 𝑛;

2: for each gradient step do
3: Sample a mini-batch of transitions (𝒐, 𝒂, 𝑟 , 𝒐′) from D;

4: Update 𝑉𝑖 (𝑜) for each agent 𝑖 by minimizing Eq. (11);

5: Update𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ),𝑤 (𝑜) and 𝑏 (𝑜) using Eq. (9) by minimizing

Eq. (12);

6: Update 𝜋𝑖 for each agent 𝑖 by maximizing Eq. (10);

7: Update 𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ) by 𝑄𝑖 (𝑜𝑖 , 𝑎𝑖 ) and 𝜋𝑖 by 𝜋𝑖 for each agent 𝑖;

8: end for

5 EXPERIMENTS
5.1 Datasets
This study employs two widely recognized MARL benchmark en-

vironments for algorithm evaluation: Multi-agent MuJoCo [34]

(MaMujoco), and SMACv2 [4]. Among these, MaMujoco represents

a continuous action space environment, while SMACv2 are discrete

action space environments. This selection of environments ensures

the rigor and comprehensiveness of the experimental evaluation.

MaMujoco is a multi-agent continuous control task built on

the MuJoCo physics simulator. Unlike single-agent MuJoCo tasks,

MaMujoco distributes the degrees of freedom for robot or system

control across multiple agents. This setup is designed to study the

collaboration and division of labor in high-dimensional continu-

ous action spaces under realistic physical constraints. The dataset

used in this study was collected by Wang et al. [41] using the

HAPPO method [14]. It includes three tasks: Hopper-v2, Ant-v2,

and HalfCheetah-v2. Each task comprises four quality levels: expert,

medium, medium-replay, and medium-expert.

SMACv2 builds upon SMACv1 [37], which is a multi-agent mi-

cromanagement benchmark based on StarCraft II. It is primarily

used to evaluate the collaborative capabilities of CTDE strategies in

partially observable discrete action spaces. SMACv2 introduces two

key enhancements: (1) randomly generated unit types and initial

positions, and (2) restricted field of view and attack range. Addition-

ally, the action space is extended to 12 dimensions, allowing agents

to select the field of view area, significantly increasing the com-

plexity of the task. SMACv2 includes multiple tasks involving the

three StarCraft races: Protoss, Terran, and Zerg. Since there is no

publicly available offline dataset for SMACv2, this study generated

four datasets of varying quality using the MAPPO algorithm [46]

for three tasks (Protoss_5_vs_5, Terran_5_vs_5, and Zerg_5_vs_5):

random, medium, medium_expert, and expert. More details are

provided in Appendix B.1.

5.2 Baselines
This study employs a diverse and comprehensive selection of clas-

sical and state-of-the-art (SOTA) algorithms in the domain of of-

fline MARL as experimental baselines, including BC, MABCQ [7],

MACQL [16], ICQ [44], OMAR [32], OMIGA [41], and ComaDICE [30].

Specifically, MABCQ extends the batch-constrained policy of BCQ

to multi-agent scenarios. Both MACQL and OMAR are grounded

in the CQL framework, incorporating conservative terms into the

value function through distinct methodologies and adapting them

to multi-agent settings. ICQ, OMIGA, and ComaDICE leverage

advanced in-sample learning techniques tailored for multi-agent

environments. Among these, ICQ adapts to multi-agent tasks by

decomposing joint policies under implicit constraints. OMIGA en-

sures the global joint optimality of local policies by transforming

global regularization into local regularization. ComaDICE, on the
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Table 2: Average winrate of OMGMG and baselines with the
mean and standard on SMACv2 tasks.

Method expert medium m-expert random

Protoss_5_vs_5
BC 35.0±4.6 26.9±5.4 35.6±6.7 3.8±3.1
ICQ [44] 7.5±3.7 5.6±6.1 6.2±4.0 4.4±4.2
OMAR [32] 11.9±1.2 7.5±2.5 8.8±2.3 3.8±1.3
OMIGA [41] 37.5±10.8 26.2±4.2 24.4±9.1 5.0±2.5
ComaDICE [30] 22.5±3.6 19.4±1.2 20.0±9.2 4.4±4.7
OMGMG(ours) 49.4±4.1 31.9±3.6 39.4±4.2 10.0±3.1

Terran_5_vs_5
BC 26.9±4.2 21.2±3.1 28.7±6.1 6.2±2.0
ICQ [44] 20.6±6.4 10.0±7.2 16.9±5.4 4.5±3.2
OMAR [32] 15.0±1.1 9.4±5.7 10.0±6.5 3.8±1.8
OMIGA [41] 32.5±5.3 23.8±1.5 31.9±7.0 5.0±1.5
ComaDICE [30] 33.1±3.2 25.0±2.8 29.4±4.7 13.8±3.2
OMGMG(ours) 37.5±4.8 26.2±4.7 36.9±5.0 12.5±2.8

Zerg_5_vs_5
BC 15.6±6.2 13.1±5.4 15.6±5.9 4.4±3.8
ICQ [44] 7.5±2.5 5.9±2.5 6.2±6.6 0.6±1.3
OMAR [32] 12.5±6.8 10.6±2.7 11.3±5.3 3.1±0.4
OMIGA [41] 22.5±9.4 18.8±6.6 19.4±5.4 3.8±3.6
ComaDICE [30] 18.1±1.2 17.5±1.5 18.8±5.2 6.9±1.3
OMGMG(ours) 28.7±7.8 20.0±1.5 26.9±7.6 7.5±1.5

other hand, integrates stationary distribution shift regularization

into the objective function and utilizes a hybrid network to decom-

pose global value and advantage functions, facilitating efficient and

stable learning. In particular, ComaDICE is currently regarded as

the SOTA method in this field.

5.3 Comparison with Baselines
In this work, performance evaluation metrics were carefully se-

lected based on the specific characteristics of the tasks. For reward-

oriented MaMujoco tasks, return was used as the primary perfor-

mance metric. In adversarial-based SMACv2 game environments,

the winrate was utilized as the core evaluation criterion. Consis-

tent with standard offline RL protocols, all algorithms were trained

strictly on static datasets, and the learned policies were evaluated

via interaction with the environment. To ensure the reliability and

reproducibility of the experimental results, each experiment was

conducted independently using five different random seeds. The

mean and standard deviation of the corresponding evaluation met-

rics were calculated to provide a comprehensive assessment of the

algorithm’s performance.

The experimental results are summarized in Tables 1 and Ta-

bles 2. These results demonstrate that the algorithm proposed in this

paper surpasses the baseline methods in the majority of task sce-

narios, both in the continuous-action MaMujoco environment and

the discrete-action SMACv2 environment, achieving the highest

overall performance score. Specifically, methods such as MABCQ

and MACQL, which simply apply conservative constraints to each

agent, result in overly strong constraints and generally lower per-

formance. Although methods like OMIGA and ComaDICE have

shown some improvement by introducing single-agent in-sample

learning combined with multi-agent value decomposition, they still

exhibit significant performance bottlenecks due to insufficient uti-

lization of network generalization capabilities. In contrast, OMGMG

introduces moderate generalization at the global level and dynami-

cally allocates it to each agent through value decomposition meth-

ods, allowing the exploration of better strategies within a broader

feasible domain and thus achieving significant performance im-

provements. In particular, on the Medium and Expert datasets of

the Ant environment, OMGMG and ComaDICE exhibit compara-

ble performance. This is mainly because the average trajectory

returns of these datasets already establish a practical upper bound

(Medium: 1418.7 ± 37.0; Expert: 2055.1 ± 22.1). Consequently, both

methods successfully recover policies close to these high-quality

behaviors. In contrast, for tasks with greater optimization potential,

such as HalfCheetah, OMGMG achieves comprehensive leading per-

formance. The comparative experimental results strongly confirm

the significant superiority of the proposed method in the MaMu-

joco and SMACv2 environments. More details of the experimental

settings are provided in Appendix B.2.

5.4 Ablation Study
Generalization Discount Factor 𝜆: This study investigates the in-
fluence of the generalization discount factor on the extent of global

generalization propagation by fixing the action generalization pa-

rameter 𝜈 and conducting experiments with 𝜆 ∈ [0, 1]. Figure 1
presents trends in performance metrics and value estimation re-

sults for various tasks as 𝜆 varies. The experimental findings reveal

that as 𝜆 increases, the bootstrapping effect in OMGMG intensifies,

thus increasing the extent of generalization propagation. This pro-

cess is accompanied by a corresponding rise in the learned value

𝑄𝑡𝑜𝑡 , albeit at the risk of inducing value divergence should 𝜆 be-

come excessive. Consequently, selecting an appropriate 𝜆 to ensure

moderate generalization propagation has a significant impact on

algorithmic performance across diverse tasks. By maintaining the

same degree of action generalization, moderate generalization prop-

agation effectively mitigates value overestimation, enhances policy

learning stability, and ultimately improves overall performance.

Penalty Coefficient 𝜈 : The penalty coefficient, as a crucial hyper-

parameter for governing the global action generalization degree,

significantly impacts algorithmic performance. To systematically

assess the influence of 𝜈 , this study employs controlled experiments

by keeping 𝜆 constant and varying 𝜈 ∈ {0.001, 0.01, 0.1, 1, 10} for
ablation experiments. Figure 2 presents trends in performance met-

rics and value estimation results for various tasks as 𝜈 varies. As

observed, a decrease in 𝜈 significantly expands the action gener-

alization range in OMGMG, leading to a general increase in the

learned values of 𝑄𝑡𝑜𝑡 . However, this expansion may trigger value

overestimation. Specifically, an excessively large action general-

ization range causes the agent to produce biased value estimates

for OOD actions, resulting in abnormally high estimated values

and significantly increased variance. Consequently, selecting an

appropriate 𝜈 not only enhances the overall performance of the

model, but also effectively improves algorithmic stability.

Comparing Figure 1 and Figure 2, it is evident that 𝜆 exerts a

more pronounced influence on the training of 𝑄𝑡𝑜𝑡 . This is mainly

because 𝜆 directly modulates the update process of 𝑄𝑡𝑜𝑡 by control-

ling the scale of generalization propagation. In contrast, while 𝜈 has
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Figure 1: Impact of generalization discount factor 𝜆 on per-
formance and 𝑄𝑡𝑜𝑡 values in different tasks over 5 random
seeds. The crosses × indicate value function divergence un-
der corresponding settings.

a relatively indirect effect on𝑄𝑡𝑜𝑡 , it contributes significantly to the

stability of the learning process. Consequently, both hyperparam-

eters are indispensable for effective training, as they collectively

ensure the accuracy and robustness of the value estimates.

6 CONCLUSION
In this paper, we systematically analyze the limitations of current

offline MARL algorithms and their generalization requirements

from theoretical and practical perspectives. To address these chal-

lenges, we propose OMGMG, which comprises two core compo-

nents: global moderate action generalization and global moderate

generalization propagation, thereby effectively leveraging network

generalization. To avoid imposing generalization on each agent in-

dividually, we adopt a value decomposition approach from a global

perspective, dynamically allocating global generalization capabili-

ties to each agent, thus regulating the intensity of generalization

at a macro level. Theoretical analysis demonstrates that OMGMG

is mathematically sound, and the moderate use of generalization

mechanisms can lead to significant performance improvements.

Empirical evaluations further confirm that OMGMG outperforms

existing methods in various tasks, achieving state-of-the-art results.
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Figure 2: Impact of penalty coefficient 𝜈 on performance and
𝑄𝑡𝑜𝑡 values in different tasks over 5 random seeds. The crosses
× indicate value function divergence under corresponding
settings.

Despite these contributions, this study has some potential limi-

tations. Although OMGMG exhibits robust performance in most

environments, its application in discrete action spaces presents chal-

lenges due to the inherent discontinuity of the action space, which

complicates the fine-grained regulation of global moderate action

generalization scales. Future research could focus on developing

adaptive generalization scale adjustment mechanisms capable of

automatically tuning generalization parameters based on specific

task characteristics. Furthermore, bridging the gap between stan-

dard benchmarks and real-world deployment remains a critical

objective. We plan to investigate the application of OMGMG to

high-stakes domains such as autonomous driving, leveraging its

moderate generalization framework to enhance safety and robust-

ness in real-world settings.
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