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Abstract

Offline Multi-Agent Reinforcement Learning (MARL) is
critical for coordinating multiple agents in costly and un-
safe environments, yet existing methods struggle with high
sensitivity to reward functions and weak generalization to
new goals, limiting its practical impact. Inspired by single-
agent Offline Goal-Conditioned RL (OGCRL), we propose
the first goal-conditioned offline MARL framework, extend-
ing OGCRL to multi-agent settings under both fully decen-
tralized and centralized training with decentralized execu-
tion (CTDE) paradigms. To systematically evaluate this
setting, we introduce MangoBench, the first fully cooper-
ative multi-goal benchmark for MARL, covering 3 environ-
ments, 4 agent types, and 47 tasks, designed to assess joint-
control locomotion, synchronous and asynchronous biman-
ual manipulation, and robustness to high-dimensional in-
puts. Extensive experiments demonstrate that our baselines
achieve strong multi-goal generalization under sparse re-
wards, yet no method dominates all tasks, revealing both the
intrinsic complexity and the unexplored potential of goal-
conditioned offline MARL.

1. Introduction

Multi-Agent Reinforcement Learning (MARL) investigates
how multiple agents learn to act and coordinate within
a shared environment through interaction, cooperation, or
competition [29, 39]. It has broad practical relevance,
offering a principled framework for addressing complex
multi-agent problems in real-world scenarios such as au-
tonomous driving, collaborative robotics, and smart grids
[6, 20, 33, 38].

Offline MARL, a branch of MARL, learns policies
purely from pre-collected datasets, effectively avoiding
costly, unsafe, and impractical exploration in physical envi-
ronments [21, 28, 30, 34]. Despite these advantages, apply-
ing offline MARL in real-world settings remains challeng-
ing due to reward sensitivity and limited generalization. Re-
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inforcement learning aims to maximize the expected cumu-
lative reward, even minor perturbations in the reward func-
tion can lead to drastic policy shifts. Moreover, the depen-
dence on task-specific, handcrafted reward functions often
limits the agent’s ability to generalize to new goals or envi-
ronments. These challenges hinder the practicality of offline
MARL, motivating the need for more robust and generaliz-
able learning frameworks.

In the single-agent domain, Offline Goal-Conditioned
Reinforcement Learning (OGCRL) [22, 23] has demon-
strated notable advantages over conventional paradigms
[10, 19, 31]. By incorporating goal relabeling and random
goal sampling, each trajectory in the offline dataset can be
transformed into a learning instance that maps any state to
any goal, thereby enriching the space of state-goal com-
binations and improving generalization. Additionally, in
OGCRL, the reward is typically defined as O when the agent
reaches the goal and -1 otherwise, which greatly simplifies
reward design. In short, the OGCRL framework for multi-
task offline RL eliminates manual reward and goal design.
It only requires basic roll-outs, as the necessary rewards
and goals are automatically generated. Considering these
strengths of OGCRL and the aforementioned drawbacks of
offline MARL, a natural question arises: Can we extend of-
fline MARL to a goal-conditioned setting to overcome its
inherent limitations?

Motivated by prior work in multi-agent learning [5, 17,
21, 29, 35], we establish the first goal-conditioned of-
fline MARL framework by extending OGCRL algorithms
to multi-agent scenarios under both fully decentralized and
centralized training with decentralized execution (CTDE)
paradigms, as shown in Fig. 1. To enable goal-conditioned
learning under the fully decentralized setting, we introduce
a structured factorization of the global goal into individual-
ized goal representations, allowing each agent to make de-
cisions solely based on local information. In the CTDE set-
ting, we integrate individual goals into a unified global ob-
jective to enhance value learning, while conditioning each
actor on its local goal for decentralized execution.

Another major challenge in extending OGCRL to offline
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Figure 1. Overview of MangoBench. Through goal relabeling and structured robot factorization into local and global goals, we design
goal-conditioned offline MARL baselines under both decentralized and CTDE paradigms, and introduce environments supporting joint-
control locomotion and multi-entity manipulation with goal-related rewards, standardized RL datasets, and multi-goal evaluation.

MARL lies in the absence of suitable benchmarks. Existing
MARL benchmarks [2, 3, 7, 12, 14, 17, 24, 25, 27] pri-
marily evaluate online algorithms using dense, task-specific
rewards, making them unsuitable for goal-conditioned of-
fline scenarios that rely on sparse, goal-based rewards and
require multi-goal generalization. Moreover, most current
environments [1, 7, 12, 17,24, 25] focus only on single-goal
evaluations, leading to biased and incomplete assessments
of goal-conditioned policies [23].

To address these gaps, we create MangoBench, the first
fully cooperative multi-goal benchmark tailored for goal-
conditioned offline MARL. MangoBench provides a com-
prehensive evaluation suite consisting of 3 environments, 4
agent types, 45 locomotion tasks, 2 manipulation tasks, and
6 baseline algorithms (see in Fig. 1). It supports diverse
multi-agent configurations, including multi-entity and joint-
control settings. For multi-entity tasks, the reward function
adopts a localized formulation that encapsulates each en-
tity’s individual contribution, while for joint-control tasks,
it assumes a global formulation that measures the collective
efficacy of the unified control system. Moreover, we de-
sign progressively challenging multi-agent experiments to
evaluate key capabilities such as joint-control locomotion,
synchronous and asynchronous bimanual manipulation, and
robustness to high-dimensional visual inputs.

Extensive experiments demonstrate that our baselines
achieve strong performance on MangoBench even under
sparse reward conditions, while exhibiting notable gener-
alization across multiple tasks. Interestingly, no single
method consistently outperforms others across all settings,
highlighting both the complexity and the unexplored poten-
tial of this emerging research frontier.

Our contributions are summarized as follows:

* We propose the first systematic framework for goal-
conditioned offline MARL through extending OGCRL

under both fully decentralized and CTDE paradigms,
improving its generalization ability.

e We create MangoBench, the first fully cooperative
multi-goal benchmark, supporting diverse multi-agent
tasks and evaluation protocols.

* Extensive experiments demonstrate the superior perfor-
mance and generalization of our baselines while reveal-
ing the inherent complexity and open challenges in this
new setting.

2. Related Works

Prior works [2, 3, 7, 12, 14, 17, 24, 25, 27] have bench-
marked multi-agent learning performance by online rein-
forcement learning with dense rewards designed for specific
tasks, which are not suitable for evaluating goal-conditioned
offline MARL. Additionally, the tasks in [1, 7, 12, 17, 24,
25] do not use multiple goals for evaluation, even though we
can collect offline datasets for these tasks, directly evaluat-
ing multi-task policies (goal-conditioned policies) only on
the single, original goal when using these tasks will result
in limited evaluation [23].

Inspired by [23, 24, 37], we introduce MangoBench,
the first benchmark focusing on goal-conditioned offline
MARL, which has the properties of comprehensive base-
lines under both fully decentralized and CTDE paradigms,
multi-goal evaluation, diverse multi-agent configurations,
standard RL datasets, challenges of tasks (e.g., joint-control

Table 1. Comparison of Multi-Agent Environments

Environment Type Multi-Goal ~ Stochasticity ~ Number of Tasks
VMAS [1] Cooperative + Competitive No No 27
SMACV2 [7] Cooperative No Yes 15
MPE [17] Cooperative + Competitive No No 9
SISL [12] Cooperative No No 3
Pommerman [25] Cooperative + Competitive No No 3
MA-MUJOCO [24] Cooperative No No 14
MangoBench (Ours) Cooperative Yes Yes 47




Table 2. Properties of Reward Function in Multi-Agent Environments

Environment Properties of Reward Function

VMAS [1] Customized rewards based on scenarios (navigation, sampling, balance, etc.)

SMACvV2 [7] Rewards based on hit-point damage dealt and enemy units killed, with a bonus for winning the battle
MPE [17] Rewards usually based on distance to landmark

SISL [12] Dense cooperation rewards (walking distance, capture count, target collection, etc.)

Pommerman [25]
MA-MUIJOCO [24]
MangoBench (Ours)

Immediate rewards such as victory or defeat, survival time, and mine detonation, given step by step
Reuse dense velocity/displacement and other rewards of the original single agent as global team rewards
Simple and generalizable rewards only depend on whether the state reaches goal

locomotion, synchronous and asynchronous bimanual ma-
nipulation) and simple rewards design. We claim that this
setting is the best way for us to scale up the datasets collect-
ing process in multi-agent learning, for it does not need any
manually designed rewards or goals. Given any roll-outs
(s, a, s'), we can immediately get the full data tuple (s, a,
s’, r, g) with our settings due to the self-generated rewards
and goals. We summarize the properties of the previous en-
vironments in Table | and their reward function in Table
2 to highlight the superiority of our MangoBench in terms
of task comprehensiveness, diversity, and the simplicity of
rewards.

3. Goal-Conditioned Offline MARL

3.1. Problem Definition

We propose a new setting in offline MARL, termed goal-
conditioned offline MARL, which aims to solve coop-
erative tasks through generalizable policies without re-
ward engineering. We define this problem under a par-
tially observable Markov game [15], defined as M =
(N, S, {A;}X |, P,~) (a Markov process without rewards)
and an unlabeled dataset D. Multiple agents share a com-
mon environment and learn jointly without further online
interaction. A" = {1,..., N} denotes the agent set, and S
represents the joint state space of all agents. Each agent ¢
receives a partial observation O; correlated with the state
S — O; and takes actions from its action space A;.
The joint action space is A = A; x --- x Ayn. Each
episode is conditioned on a goal ¢ € &, which can be
factorized into local goals g; based on each agent’s obser-
vation ;. Each agent follows a goal-conditioned policy
mi(a; | 0i,¢9;) and interacts through the transition function
P:Sx A x..x Ay — S.

Learning Objective. For multi-entity tasks, the reward
is defined locally:

r1, o; € GoalStates(g;),
r(0i, 9:) { _ (9:) (1)
ro, otherwise,
where r; and 7o are constants (e.g., 11 = 0,7y = —1).

For joint-control tasks, the reward depends on global goal

attainment:

(0.9) r1, o € GoalStates(g),
r(o,g) = .
g ro, otherwise.

(@)

We assume access to a fixed offline dataset D containing K
trajectories:

D= {T(k) = (80,610,817 . wST)}?:h 3)

collected by a behavior policy ji'. The objective is to learn
policies 7;(a; | 0;,¢9;) that maximize the expected dis-
counted goal-conditioned return:

oo

max B, o et1 g op {Z vt (o, gi)], 4)

L
t=0

where v € [0,1) denotes the discount factor. This formu-
lation explicitly captures the cooperative multi-agent na-
ture, the offline learning constraint, and the binary goal-
conditioned reward structure.

3.2. Training Paradigm

Fully Decentralized Setting: In the fully decentralized set-
ting, each agent ¢ learns its own goal-conditioned policy
mi(a; | 04, ¢;) using only local observations o;, local ac-
tions a;, and local goals g;, without relying on inter-agent
communication during training and execution. The learning
objective of each agent is formulated under a unified goal-
conditioned framework:

Vo, Ji = Eo,,a;,9:)~D [Vei log mi(a; | 0i, gi) Qi(Oi,amgi)]-

)
Different baselines adopt variant formulations of this uni-
fied objective (see Appendix for details). Equation (5) illus-
trates that each agent optimizes its parameters to increase
the likelihood of actions leading to higher expected cumu-
lative rewards Q;(o;, a;, g;) under its goal condition g;. The
fundamental mechanism allows each agent independently
maximizes its expected goal-achievement return.

I'We use s; and at to denote the joint states and actions of all agents at
time ¢, which can be partitioned for each agent as og and aﬁ, respectively.
The same notation applies to s¢1 and a;y1.



CTDE: In CTDE, each agent i executes its goal-
conditioned policy 7;(a; | 0;, g;) independently using only
its local observation o; and local goal g;, but during train-
ing, it has access to additional global information such
as the joint observations o = (o01,...,0n), joint actions
a = (ai,...,an), and shared goals g = (g1,...,9n).
The unified training objective is formulated as a centralized
goal-conditioned framework:

Vo, Ji = E(o,a,9)~D [Vei log m;(a; | 0i, 9:) Qi(0,a,g)/,

(6)
where Q;(0,a,g) is the centralized goal-conditioned
action-value function that depends on the joint observation-
action tuple and captures inter-agent interactions during
training. Equation (6) indicates that each agent optimizes
its policy parameters using gradients guided by a central-
ized critic, enabling coordinated learning while maintaining
decentralized execution at test time.

3.3. Proposed Baseline Algorithms

Given the lack of existing algorithms tailored for goal-
conditioned offline MARL, we introduce six baseline meth-
ods, four derived from goal-conditioned offline RL and two
from offline MARL, to establish a foundation for future re-
search and advancements in this direction.

* GCMBC: We propose goal-conditioned multi-agent be-
havior cloning (GCMBC), a fully decentralized ex-
tension of GCBC [11, 18], serving as a fundamental
baseline representing the behavioral performance of the
dataset.

* ICRL: Independent Contrastive Reinforcement Learn-
ing (ICRL), a fully decentralized multi-agent extension
of CRL [8, 23], designed to evaluate the effectiveness
of contrastive value learning in handling sparse rewards
for multi-agent tasks.

e THIQL and HIQL-CTDE: To build stronger bench-
mark Dbaselines and evaluate different training
paradigms, we extend the state-of-the-art HIQL
[22, 23] into the goal-conditioned offline MARL
setting, introducing IHIQL (fully decentralized) and
HIQL-CTDE (centralized training with decentralized
execution), both leveraging hierarchical policies to
enhance robustness against sparse rewards and improve
long-horizon reasoning.

¢ GCOMIGA and GCOMAR: To evaluate whether the
current offline MARL can robustly handle the noise
caused by sparse rewards to learn useful policy un-
der the goal-conditioned environment, we designed
GCOMIGA and GCOMAR by goal relabeling and ran-
domly goal sampling, the goal-conditioned variants of
OMIGA [34] and OMAR [21].

The details and formulas of our baseline algorithms are
shown in the Appendix.

4. Proposed Benchmark: MangoBench

To better evaluate the goal-conditioned offline MARL base-
lines, we create MangoBench. In this section, we will intro-
duce our multi-agent setting, converted RL datasets, multi-
goal evaluation, rewards design, and different tasks for co-
operative locomotion and manipulation of our benchmarks.

4.1. Cooperative Locomotion

Multi-Agent Setting: We introduce a structured factoriza-
tion of the robot body into different joints to make multiple
agents within a single robot locomote cooperatively. The
locomotion tasks involve three distinct multi-agent settings,
including 2 agents X 4 joints, 2 agents X 4 joints (diagonal)
and 4 agents X 2 joints, as illustrated in Fig. 1.

* 2 agents x 4 joints: The ant has 4 legs, each with 2 joints,
totaling 8 joints. In this setting, the 8 joints are split be-
tween two agents, each controlling 4 joints. The division
typically follows a left-right or front-back grouping.

2 agents x 4 joints (D): This variant also assigns four
joints to each of the two agents, but the assignment is
done diagonally. For instance, one agent may control the
front-left and rear-right legs, while the other controls the
front-right and rear-left legs. This cross-pattern configu-
ration introduces more complex coordination dynamics.
4 agents x 2 joints: Each leg (2 joints) is controlled by
a separate agent. Thus, 4 agents are assigned one leg
each, requiring a higher level of coordination among more
agents, each with more localized control.

The global goal corresponds to the complete joint states
of the ant, whereas the local goals are derived from the
structured factorization of the robot’s body, where each
body part is assigned a goal based on its corresponding local
joints for baseline training.

Multi-goal Evaluation: During the evaluation phase,
each agent independently utilizes its own observation space
to generate actions. These individual actions are then com-
bined to form the final action set to interact with the envi-
ronment. We utilize open-source datasets in OGBench [23].
For complete assessment, we evaluate performance based
on five predefined goals as outlined in OGBench [23].

Goal-related Rewards Design: For joint-control tasks,
we design a global goal-related reward to evaluate the col-
lective efficacy of the unified control system. The reward is
computed based on the global observation o and the global
goal g, reflecting the overall performance of the entire robot
(e.g., the locomotion system’s global orientation and posi-
tion). The same scalar reward value is then broadcast to all
agents, ensuring consistent optimization across all control
modules. This design allows all agents in the unified con-
trol system to jointly pursue the same global objective while
maintaining synchronized reward feedback.

AntMaze Task: In this task, multiple agents jointly con-



trol different body parts to navigate through the maze and
reach the goal. Following OGBench [23], we construct four
maze variants with increasing spatial complexity, includ-
ing medium, large, giant, and teleport. The datasets also
match the OGBench taxonomy: Navigate (high-quality),
Stitch (short goal-reaching trajectories), and Explore (low-
quality but high-coverage). By varying maze scale and
dataset type, we systematically assess how algorithms adapt
to increasing environmental complexity, cooperative skill
composition, and data diversity.

Ant-Soccer Task: In the Ant-Soccer environment, a
simulated ant is controlled by two or four cooperative
agents, each manipulating specific joints to push a foot-
ball and reach the goal. The task emphasizes coordinated
control for smooth locomotion and effective ball interac-
tion. Following OGBench [23], we construct two maze
variants with different complexity, including Arena, Maze.
In Arena setting, agents operate in an open field without
obstacles, learning stable walking gaits and precise force
application to push the ball and reach the goal while main-
taining balance and continuous contact. The Maze setting
introduces walls and narrow corridors between the start and
goal positions, where agents must combine locomotion, ball
control, and navigation planning to maneuver through the
maze without trapping the ball, making it significantly more
challenging than the open-field setting.

4.2. Cooperative Manipulation

Multi-Agent Setting: To construct diverse multi-agent
forms for a comprehensive evaluation of the baseline algo-
rithms, we introduce multiple agent entities in the cooper-
ative manipulation environment. For each robotic arm, its
local visual observation is randomly sampled as the local
goal, whereas the global goal is defined from the sampled
global visual observation including both arms and the sur-
rounding environment, serving as the goal input for training
the goal-conditioned baselines.

Converted Standard RL datasets: We transform the
open-source RoboFactory datasets [26] into a format suit-
able for goal-conditioned offline MARL. Specifically, we
reorganize the data into a standard Markov Decision Pro-
cess (MDP) structure, where each sample includes a ran-
domly sampled goal and a corresponding goal-conditioned
reward, as shown in Fig. 1. In contrast to the original
datasets which is designed primarily for imitation learning
frameworks such as Diffusion Policy (DP) [4], our refor-
mulation enables direct training of goal-conditioned offline
MARL algorithms.

Multi-goal Evaluation: To avoid biased evaluation,
each manipulation task is associated with 5 clearly defined
sequential multiple goals (seen in Fig. | and the Appendix)
to facilitate consistent comparison across algorithms. To
ensure robustness, all evaluation metrics are averaged over

100 random seeds.

Goal-related Rewards Design: For multi-entity tasks,
the reward function adopts a localized formulation that cap-
tures each entity’s individual contribution to the overall task
performance. Each agent receives a goal-conditioned re-
ward computed from its local observation o; and local goal
g;, enabling each entity independently optimizes its goal-
conditioned behavior while contributing to the cooperative
task outcome.

2-Agent Tasks: We adopt several two-agent cooperative
manipulation tasks from RoboFactory [26] for our experi-
ments. The lift-barrier is a synchronous manipulation task
that requires two robotic arms to simultaneously grasp both
sides of a barrier and lift it to a target height, demanding pre-
cise temporal coordination between agents. In contrast, the
place-food task involves asynchronous cooperation, where
one arm must first open the pot lid before the other arm
can place the food inside. Through these synchronous and
asynchronous cooperation tasks, we aim to highlight how
different goal-conditioned offline MARL algorithms handle
synchronous versus sequential collaboration in multi-arm
manipulation.

5. Results and Analysis

As presented in Fig. 2, we evaluated the baselines on the
benchmark, full results on more challenging datasets are
shown in the Appendix. We discuss the findings in Section
5.1 and 5.2. To better analyze the difference between the
fully decentralized and CTDE settings, we further compare
the results of IHIQL and HIQL-CTDE separately in Section
5.3. We also analyze the reasons for the poor performance
of existing offline MARL in Section 5.4.

5.1. Results on Locomotion Tasks

Overall Performance. The agents were trained for 1 mil-
lion gradient steps and the results were averaged over five
seeds and five predefined goals. As shown in Fig. 2 and the
full results in the Appendix, IHIQL emerges as the state-of-
the-art algorithm for multi-agent offline goal-conditioned
tasks, owing to its hierarchical policy that mitigates noise
from sparse rewards. ICRL struggles with generalization
and long-horizon reasoning, often failing in larger mazes
(see the result of antmaze-large-stitch in Fig. 2). GCMBC
performs suboptimally, as behavior cloning fails to utilize
valuable information, especially from failure cases in low-
quality datasets like explore. Meanwhile, GCOMIGA and
GCOMAR fail in most tasks due to their inability to cope
with the challenges introduced by sparse rewards, a phe-
nomenon we analyze further in Section 5.4. Nonetheless,
no current algorithm consistently excels across all tasks.
Comparison between Single-agent Setting. The com-
parison between our multi-agent baselines and their single-
agent counterparts demonstrates both the effectiveness and
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Figure 2. Benchmark Results. For locomotion tasks, we report
each method’s average success rate (%) across five test-time goals,
averaged over 5 seeds with standard deviations shown as error
bars. Due to the poor performance of GCOMIGA and GCOMAR,
they are excluded from more challenging manipulation tasks. For
manipulation tasks, we report the average success rate (%) over
100 seeds for three top-performing baselines and the imitation
learning method DP [4], along with training time.
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robustness of our proposed baselines. Across most tasks,
the performance of our baselines remains comparable to,
or even exceeds, that of the single-agent algorithms [23].
Notably, in tasks such as antmaze-teleport-explore and
antmaze-large-stitch (see Fig. 2), the multi-agent variants
achieve substantially higher success rates. Moreover, in
all releport mazes, the multi-agent IHIQL consistently out-
performs single-agent HIQL [22], showing improved re-
silience to stochastic dynamics. This advantage stems from
the decentralized structure, where each agent focuses on a
localized subset of states and actions, effectively reducing
the complexity of learning and making it easier to estimate
stochastic transitions within its subspace [5]. These findings
validate that our baselines can reliably handle coordination
and uncertainty in complex multi-agent settings.

Challenges in Complex Coordination Tasks. Nev-
ertheless, in more challenging environments such as
the multi-agent Ant-Soccer tasks, performance declines
markedly compared to single-agent baselines, with
GCOMIGA and GCOMAR failing completely. Rendered
videos reveal that agents in Ant-Soccer struggle to main-
tain stable locomotion while simultaneously manipulating

% Task Success Rate

TASK1 TASK2 TASK3 TASK4 TASK5 AVERAGE

3 6CMBC [ ICRL B HIQL

Figure 3. Multiple Goals Evaluation. This figure reports success
rates of the three baseline algorithms on antmaze-medium-explore
task under 5 goals, which indicates that only use single goal to
evaluate goal-conditioned offline MARL algorithms can lead to
inaccurate conclusions.

the ball-often rolling over, getting trapped in maze corners,
or producing conflicting torques between limbs. This dif-
ficulty arises because the environmental object (the ball)
introduces external dependencies not represented in the
agents’ intrinsic states, making coordinated control more
complex. These results highlight the limitations of current
methods and the necessity of our benchmark in exposing
such coordination challenges. Future work could extend
goal-conditioned offline MARL under the CTDE paradigm
to improve global coordination, enabling agents to manage
dynamic object interactions and remain robust under sub-
optimal or noisy datasets [23, 36].

Multiple Goals Evaluation. Fig. 3 shows multi-goal
evaluation on the antmaze-medium-explore 2 x 4d task, em-
phasizing the need for multi-goal evaluation over existing
MARL benchmarks [1, 7, 12, 17, 24, 25], which use a
single fixed goal and cannot assess generalization in goal-
conditioned offline MARL. Fig. 3 highlights that evaluating
with a single goal can lead to inaccurate assessments. If the
goal coincides with task 4, all baselines drop to a 0 success
rate, indicating failure to learn from low-quality data and
contradicting their average performance. Conversely, when
aligned with task 5, IHIQL 2x4d achieves a perfect score
of 1 despite an average of 49.6, clearly overestimating the
algorithm’s true capability.

5.2. Results on Manipulation Tasks

Overall Performance. To ensure fair comparison, the gra-
dient steps for each task were aligned with the number of
transitions in our converted RL datasets-15,000 iterations
for lift-barrier and 38,800 for place-food. We evaluated
three high-performing baselines against the strong imitation
learning method DP [4] under the same data size to validate
the effectiveness of our proposed goal-conditioned multi-
agent baselines. All results were averaged over 100 seeds,



and DP results followed [26].

As shown in Fig. 2, in the lift-barrier task, THIQL
achieves the highest success rate, outperforming DP [4]
by 41.4% while requiring only 5% of its training time.
GCMBC and ICRL also reach competitive performance
with comparable efficiency. These results highlight both the
effectiveness and efficiency of our goal-conditioned MARL
baselines and the potential of our new setting to serve as a
strong foundation for multi-agent robotic learning, achiev-
ing or surpassing imitation learning methods with dramati-
cally lower computational cost.

In the more challenging place-food task, ICRL achieves
the best performance, exceeding DP [4] by 75% while train-
ing 93% faster. IHIQL and GCMBC also outperform DP
[4], further confirming the robustness and superiority of our
proposed baselines and underscoring the promise of goal-
conditioned offline MARL as a practical and general frame-
work for complex multi-agent robotic tasks.

Influences of Different Types of Observation. To in-
vestigate how different observation modalities affect our
proposed baselines, we evaluate two types of inputs: state
and vision. The state input contains the joint configurations
of the robotic arms that directly determine their control ac-
tions, while the vision input consists of camera images that
indirectly encode the robot’s motion and environment. In-
terestingly, our baselines achieve higher performance un-
der the vision setting while fail under state setting, which
contrasts with the findings in imitation learning [26] where
visual inputs has less contribution to policy learning. We at-
tribute this to the fact that visual observations capture richer
environmental context beyond the agent’s own state, en-
abling RL agents to better understand their interactions with
the environment and learn more effective goal-conditioned
behaviors to perform beyond the datasets, whereas imita-
tion learning merely replicates behaviors within the dataset.
Additionally, to mitigate the reduction in training efficiency
caused by high-dimensional visual inputs, we downsample
the images to a resolution of 64 x 64. Remarkably, even
with such low-resolution inputs, our baselines still achieve
strong performance, as shown in Fig. 2.

Multiple Goals Evaluation. The results on manipula-
tion tasks in Table 3 further validate the necessity of our
proposed MangoBench benchmark. As shown in the re-
sults, success rates under multi-goal evaluation consistently
surpass those under single-goal evaluation. These findings
underscore the importance of evaluating multi-agent poli-
cies in a multi-goal context, which is precisely the gap that
MangoBench fills for goal-conditioned offline MARL.

Table 3. Single-goal v.s. multi-goal evaluation on /ift-barrier task.

evaluation IHIQL GCMBC ICRL

single-goal T78% 22% 3%
multi-goal  82% 47% 56%

5.3. Analysis of Fully Decentralized vs. CTDE Set-
tings.

To further justify the choice of adopting fully decentralized
methods in most of our baseline algorithms, we conduct a
comparative analysis between two representative baselines
implemented under the fully decentralized and CTDE set-
tings. As shown in Table 4, the performance of THIQL
significantly surpasses that of HIQL-CTDE across various
tasks. Notably, the success rate of HIQL-CTDE slightly
declines as training iterations increase. When the task
horizon becomes longer and the state space grows larger,
the performance of HIQL-CTDE deteriorates rapidly, as
evidenced by its poor success rate on the antmaze-giant-
navigate task. To accommodate the use of global states
in the CTDE framework, HIQL-CTDE requires two sepa-
rate goal-representation networks, one for the centralized
value function and another for the decentralized heteroge-
neous actors. However, this architectural expansion intro-
duces significant instability in learning and leads to per-
formance degradation, particularly in large-scale or long-
horizon tasks. We attribute this to the increased difficulty of
jointly optimizing multiple networks as the complexity of
the problem grows.

This explanation is further supported by comparing IG-
CIVL and GCIVL-CTDE. The IGCIVL algorithm, a sim-
plified flat variant of IHIQL that employs a single actor
while sharing the same value function design, exhibits com-
parable performance to its CTDE counterpart. Moreover,
GCIVL-CTDE demonstrates more stable training behavior
than HIQL-CTDE, reinforcing our claim that the degrada-
tion in HIQL-CTDE stems primarily from the hierarchical
structural complexity rather than the CTDE paradigm itself.
Since the CTDE setting brings only marginal or even negli-
gible performance gains while increasing model complexity
and training time, our baseline algorithms predominantly
adopt the fully decentralized approach for both effective-
ness and efficiency.

Table 4. Fully decentralized v.s. centralized training decentralized ex-
ecution. Results on AntMaze-navigate. We report each method’s average
success rate (%) across the five test-time goals on each task. The results
are averaged over 4 seeds, and we report standard deviations after £ sign.

Dataset IHIQL HIQL-CTDE IGCIVL GCIVL-CTDE

95.1+1.6 74.0+0.6 76.0+£34 75.0+4.2
959+11 798442 682+14 T764+16
948+ 1.3 69.4+48 64.2£25 66.0x£24

medium (2x4)
medium (2x4d)
medium (4x2)

large (2x4) 85.4+53 44.0+1.1 150+14 205+1.6
large (2x4d) 922+21 51.2+1.7 26.04+0.6 21.2+1.1
large (4x2) 87.1+22 332428 91+19 11.6+29
giant (2x4) 57.3+21 14+0.8 0.0+0.0 0.0£0.0
giant (2x4d) 50.3+33 22+14 0.0+0.0 04+0.0
giant (4x2) 35.5+86 1.6+06 0.0£0.0 0.0£0.0

teleport (2x4) 46.8+1.7 276=+23
teleport (2x4d) 47.2+26 246+0.3
teleport (4x2) 48.7+26 224+1.7

378420 37.9+0.2
38.0£0.6 40.2+08
406+£09 38.6+16




5.4. Analysis of Existing Offline MARL.

We argue that the poor performance of GCOMIGA and
GCOMAR in Fig. 2 arises because existing offline MARL
methods fail to overcome the challenge of sparse rewards
(i.e., the noise in value function induced by sparsity in the
reward signal [23]). To further analyze this issue, we con-
duct experiments on the antmaze-medium-navigate envi-
ronment under three configurations: (1) GCOMIGA with
goal-conditioned sparse reward, as seen in Eq. (2), (2)
OMIGA [34] with sparse reward R, (3) OMIGA [34] with
shaped rewards R, and Ro. The visualizations of these dif-
ferent reward functions are shown in Fig. 4. Note that both
the training and evaluation of OMIGA [34] are conducted
under the standard offline MARL setting without goal con-
ditioning. As shown in Fig. 5, the results clearly indicate
that the poor performance of GCOMIGA on MangoBench
is primarily due to the inability of OMIGA to learn effec-
tively under sparse reward conditions. When rewards are
shaped denser, OMIGA [34] demonstrates significantly bet-
ter and more stable performance. We believe that OMAR
[21] suffers from similar limitations.

Furthermore, recent studies in online MARL [16] have
reported that agents often converge to local optima under
sparse reward settings, leading to failure. In real-world
robotic and multi-agent scenarios, sparse rewards are ubiq-
uitous, as designing dense reward functions is often imprac-
tical. However, to date, no offline MARL algorithm has
been explicitly designed to address the challenges posed
by sparse rewards as some offline RL do [9, 13, 22, 32].
We hope that future research will focus on developing al-
gorithms capable of robust learning in such sparse-reward
environments.

l

(a) Sparse reward R (b) Shaped reward R1 (c) Shaped reward Ro

Figure 4. Visualization of different reward settings. (a) Sparse
reward R, (b) shaped reward R, and (c) shaped reward R2. The
rewards become denser from left to right.

6. Future Research

Designing Improved Algorithms under the CTDE Set-
ting. Our analysis reveals that the performance degrada-
tion of HIQL-CTDE primarily stems not from the CTDE
paradigm itself, but from the increased architectural com-
plexity introduced by the global goal representation net-
work and the resulting misalignment between centralized

GCOMIGA
with
gc reward

OMIGA
with R

I

OMIGA
with Ry

U

OMIGA

with R, 20

|

5 20

10 15
Success Rate (%)

‘D GCOMIGA [ OMIGA (R) [ OMIGA (r;) EE OMIGA(RZD]

Figure 5. Results of OMIGA under different rewards.

and decentralized goal representations. The direct integra-
tion of a global goal encoder, while conceptually reason-
able, creates additional learning challenges that hinder sta-
ble optimization, especially in large-scale or long-horizon
tasks. These observations suggest that the CTDE frame-
work still holds untapped potential for hierarchical goal-
conditioned learning. We encourage future research to ex-
plore more efficient and coherent architectures for HIQL-
CTDE, ones that preserve the coordination advantages of
CTDE while mitigating its training instability. Such de-
signs could potentially build upon the strong performance
of THIQL and further advance the understanding of goal
representation learning in multi-agent settings.

Solving Sparse Reward Problem in Offline MARL.
The analysis of OMIGA [34] and OMAR [21] reveals that
existing offline MARL fail to overcome the challenge of
sparse rewards. Since the dense rewards in real-world tasks
(especially in multi-agent tasks) are difficult to design, we
invite researchers to design more offline MARL or goal-
conditioned offline MARL algorithms to address this issue.

7. Conclusion

In this paper, we present the first framework for goal-
conditioned offline MARL, extending OGCRL to multi-
agent settings under both fully decentralized and CTDE
paradigms. By introducing structured goal factorization
and unified goal conditioning, our approach enables ro-
bust coordination without handcrafted rewards. To support
systematic evaluation, we propose MangoBench, the first
multi-goal benchmark for offline MARL, encompassing di-
verse multi-agent setting, challenging cooperative tasks,
standardized RL datasets and appropriate goal-related re-
ward design. Experiments show that our baselines achieve
strong performance even under sparse rewards, while re-
vealing open challenges for future research. We believe that
MangoBench fosters the development of general-purpose
behaviors in goal-conditioned offline MARL.
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