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Abstract
Credit assignment is a fundamental challenge
in cooperative multi-agent reinforcement learn-
ing, particularly in embodied AI settings char-
acterized by limited and delayed feedback as
well as dynamically changing numbers of ac-
tive agents. We propose MARS-RA, a frame-
work that reformulates credit assignment as a
rank aggregation problem using contribution-
based pairwise comparisons among agents gen-
erated by large multimodal models. This shift
from absolute to relative estimation ensures ro-
bustness against noise and dynamic agent par-
ticipation, converting comparison results into
contribution scores for potential-based reward
shaping. We provide theoretical justification
for the convergence and robustness of the pro-
posed framework, and show that Shapley val-
ues can be used as an interpretive reference. Ex-
perimental results on challenging tasks of dif-
ferent types indicate that MARS-RA can guide
agents toward effective cooperation.

1 Introduction

In Embodied Artificial Intelligence (AI) (Turing,
2021; Clark, 1998), multi-agent reinforcement
learning (MARL) has emerged as the canonical
solution for enabling multiple agents to cooper-
ate in dynamic environments (Zhang et al., 2021).
Credit assignment is a fundamental challenge in
cooperative MARL, where an agent struggles to
disentangle its own contribution to the global re-
ward signal from the simultaneous actions of other
agents in the environment (Minsky, 2007). The
credit assignment problem can lead to suboptimal
policies and unpredictable behaviors (Wong et al.,
2023), which in turn result in concrete negative
outcomes for cooperative embodied agents, such
as wasted resources (Patel et al., 2023) or increased
collision risks (Serra-Gómez et al., 2023). There-
fore, addressing the credit assignment problem is
a prerequisite for ensuring the safe and effective
operation of cooperative embodied AI system.

However, the credit assignment problem in em-
bodied AI is fundamentally exacerbated by two
inherent characteristics: (1) Embodied agents per-
ceive the world through partial and noisy multi-
modal egocentric sensors (e.g., RGB, thermal, Li-
DAR) (Feng et al., 2025), and they often operate
in tasks with sparse rewards and long-horizon de-
pendencies, resulting in limited and delayed feed-
back; (2) Embodied AI systems are open, where
agents may leave or enter mid-task due to hard-
ware failures or task demands, violating the stan-
dard fixed-agent-set assumption (Tang et al., 2023;
Abadi and Soh, 2025). Existing credit assignment
methods, such as VDN (Sunehag et al., 2017),
QMIX (Rashid et al., 2020), and COMA (Foerster
et al., 2017), already suffer performance degrada-
tion under insufficient feedback conditions alone
(Papoudakis et al., 2020). Consequently, the credit
assignment problem in cooperative embodied AI
systems remains an unresolved challenge.

To address this challenge, we propose a novel
approach that reformulates the credit assignment
problem through the lens of rank aggregation (De-
breu, 1960), a probabilistic framework for inferring
latent scores of n items from multiple partially or-
dered samples (e.g., pairwise comparisons) (Ma
et al., 2022). This reformulation stems from view-
ing an agent’s credit as its latent contribution score,
allowing us to estimate credits via rank aggrega-
tion over pairwise comparisons of “which agent
contributes more”. In complex multi-agent em-
bodied cooperation tasks, precisely quantifying an
individual agent’s contribution is not only mathe-
matically ill-posed (Bakushinsky and Goncharsky,
2012) but also practically tenuous. The key ad-
vantage of this formulation is transforming abso-
lute score estimation into relative pairwise com-
parisons, which makes credit assignment more
tractable (Christiano et al., 2017). Furthermore,
this formulation intrinsically aligns with the inher-
ent characteristics of embodied AI: (1) pairwise
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Figure 1: The MARS-RA framework for MARL credit assignment in cooperative embodied AI systems. Agents’
visual observations are processed by an LMM to conduct pairwise comparisons based on team contribution; the
results are consolidated via rank aggregation to obtain contribution-aligned relevance scores, which are incorporated
into MARL training through potential-based reward shaping.

comparisons naturally accommodate dynamically
changing numbers of active agents; (2) the inherent
robustness of rank aggregation allows it to tolerate
comparison noise arising either from biases in the
pairwise-comparison generator itself or from em-
bodied AI’s partial observability and long-horizon
dependencies; and (3) the per-agent contribution
scores produced by rank aggregation can serve as
dense rewards that complement the environment’s
sparse reward signals.

We propose MARS-RA (Multi-Agent Reward
Systems via Rank Aggregation), a credit assign-
ment framework that performs pairwise compar-
isons of agents’ contributions toward the team
objective and employs rank aggregation to de-
rive contribution-aligned relevance scores for each
agent. These scores are then transformed into a
potential function (Ng et al., 1999), which is in-
tegrated into the MARL training loop to provide
dense reward signals for learning. We utilize Large
Multimodal Models (LMMs) (Team et al., 2023;
Yang et al., 2025; Liu et al., 2023a; Dong et al.,
2025; Zhao et al., 2026) as the automatic gener-
ator for the required pairwise comparisons. This
automated pipeline is capable of meeting the com-
putational demands of MARL training by eliminat-
ing the need for costly human annotation. LMMs
possess advanced multimodal perception (Huang
et al., 2023; Li et al., 2024, 2026, 2025a), are ca-
pable of directly ingesting high-dimensional visual

observations to perform spatio-temporal inference
(Wang et al., 2026; Rocamonde et al., 2023; Zhao
et al., 2024), and excel at making pairwise compar-
isons (Shi et al., 2024; Di Zhao et al., 2025). The
overall architecture of the MARS-RA is shown in
Figure 1. Since existing embodied AI benchmarks
lack settings where the number of active agents can
change dynamically, we instantiate a challenging
embodied multi-agent task suite in ManiSkill3 (Tao
et al., 2024) and construct MARS-Bench, where
2 to 4 decentralized embodied agents collaborate
to complete three representative tasks: Pass Gate,
Herd Sheep, and Collect Ball. Agents in these tasks
operate under partial egocentric observations and
sparse rewards, and may enter or exit during task
execution, closely mirroring the characteristics of
embodied AI scenarios.

The main contributions of this work are as fol-
lows: (1) We pioneer a reformulation of the credit
assignment problem in MARL as a rank aggrega-
tion problem. This formulation is well-suited to
embodied AI settings and naturally integrates with
LMM-based automated comparisons and potential-
based reward shaping. (2) We propose MARS-RA,
which outperforms strong baselines in our experi-
ments. Further analysis shows that its performance
improves with higher accuracy and increased num-
ber of LMM-based pairwise comparisons, suggest-
ing that MARS-RA can benefit from continued ad-
vances in LMM reasoning capability. (3) We build
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MARS-Bench, a benchmark that captures key char-
acteristics and challenges of embodied AI settings,
particularly by introducing openness in the number
of active agents, encouraging the community to
move beyond static team assumptions and develop
more resilient algorithms.

2 Related Work

Multi-Agent Cooperation in Embodied AI. Em-
bodied AI (Brooks, 1991) refers to intelligent
agents equipped with physical bodies or virtual em-
bodiments that can perceive, act, and adapt through
continuous interaction with their environment. Em-
bodied AI tasks often involve cooperation among
multiple agents, which can exhibit capabilities be-
yond those of individual agents. Existing bench-
marks for multi-agent embodied AI, such as MQE
(Xiong et al., 2024) and TDW-Cook (Zhang et al.,
2024), typically exhibit characteristic challenges
like partial observability and sparse rewards. How-
ever, none of the currently available benchmarks
support a dynamic number of active agents, repre-
senting a notable gap in the field.
Credit Assignment. Credit assignment is a funda-
mental challenge in MARL. To address this chal-
lenge, various approaches have been proposed to
improve credit assignment: value-decomposition
methods such as VDN (Sunehag et al., 2017) and
QMIX (Rashid et al., 2020) factorize a central-
ized Q-function into individual agent Q-functions;
COMA (Foerster et al., 2017) applies a counterfac-
tual advantage baseline to estimate the individual
contributions of each agent; SQDDPG (Wang et al.,
2020) utilizes Shapley values as a principled mech-
anism for credit assignment. Large language mod-
els (LLMs) have opened new directions for credit
assignment through language-based reasoning and
coordination, with works such as LLM-MCA (Nag-
pal et al., 2025), LCA (Lin et al., 2025), SAMA (Li
et al., 2025b), and LERO (Wei et al., 2025) leverag-
ing LLMs for credit evaluation, task decomposition,
and hybrid reward design. However, these methods
often rely on simplified environments, handcrafted
rules, and strong assumptions, limiting their appli-
cability to cooperative embodied AI scenarios.
Rank Aggregation. Rank aggregation is an im-
portant task across a wide range of disciplines, in-
cluding sports (Herbrich et al., 2006), psychology
(Critchlow et al., 1991), and bioinformatics (Kolde
et al., 2012). In essence, rank aggregation methods
treat pairwise comparisons as a means of estimating

the latent ‘quality’ or ‘score’ of the compared items,
such as the popularity of books or the skill levels of
athletes. In the machine learning domain, rank ag-
gregation has been applied in various areas. In this
work, we pioneer the introduction of rank aggrega-
tion in MARL, reinterpreting the credit assignment
problem through the lens of rank aggregation.

3 Preliminaries

Embodied multi-agent cooperation can be mod-
eled within the framework of an open decentral-
ized partially observable Markov decision process
(Open Dec-POMDP) (Cohen et al., 2017), de-
fined by (N , I,S,A,O, ϕ, r, γ, T ), where: N =
{1, 2, . . . , n} is a finite population of n agents.
I ⊆ P(N ) is a finite set of coalitions formed from
the agent population N . The coalition It ∈ I at
time t is designated as the operating coalition, and
an agent i is defined as active at time t if i ∈ It. S
is the finite set of states. A = {Ai | i ∈ N} repre-
sents the set of action spaces, where Ai is the finite
set of actions for agent i, AI = ×i∈IAi denotes
the set of joint actions aI available to coalition I ,
aI = (ai)i∈I . O = {Oi | i ∈ N} represents the
set of observation spaces, where Oi is the finite
set of observations for agent i, OI = ×i∈IOi de-
notes the set of joint observations oI available to
coalition I , oI = (oi)i∈I . ϕ is the dynamics model,
where ϕ(s′,oI′ , I ′ | s, I,aI) ∈ [0, 1] specifies the
probability of transitioning to state s′ and coalition
configuration I ′, while receiving joint observation
oI′ , given that coalition I took joint action aI in
state s. r : S × AI → R is the reward function,
defining the reward r(s,aI) received after coali-
tion I executes joint action aI in state s. γ ∈ [0, 1]
is the discount factor. T is the planning horizon.
Our objective is to learn the joint policy π that max-
imizes the expected discounted sum of rewards,
where the rewards (Rt)t∈0,1,...,T−1 are random vari-
ables distributed according to the reward function
r: argmax

π
E{∑T−1

t=0 γ
tRt | π}.

4 Assumptions

The following assumptions are imposed on the
LMMs employed in this work: (1) We assume that
the LMMs are trained on diverse text and image
corpora, providing a reasonable basis for gener-
alization across embodied AI scenarios and tasks.
(2) We assume that LMMs can process multiple
images concurrently and follow textual prompts to
perform reasoning. (3) MARS-RA is intended for
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Figure 2: Example of the prompt used in the Pass Gate
task. The prompt consists of five components: role spec-
ification, environmental context, visual input mapping,
comparative reasoning, and output format.

tasks whose states can be evaluated using image-
based observations and textual information.

5 Method

As shown in Figure 1, MARS-RA is a framework
that integrates rank aggregation and LMMs to en-
able automatic credit assignment in MARL train-
ing. It consists of three steps: (1) LMM-based
pairwise comparison, simplifying the contribution
evaluation task into relative judgments, thereby
providing the essential supervisory signal required
for subsequent rank aggregation; (2) rank aggrega-
tion, serving to transform the discrete comparison
matrix into continuous contribution credits, provid-
ing a fine-grained numeric basis for downstream
MARL; and (3) potential function, transforming
static contribution credits into dynamic shaping
rewards, seamlessly embedding the ranking out-
comes as dense rewards into the training loop.

5.1 LMM-based Pairwise Comparison.
Pairwise comparison is inherently independent of
population size, making it an ideal mechanism for
extracting reliable information in scenarios with a
dynamic number of active agents. LMMs are espe-
cially well suited for performing these comparisons
in MARS-RA: they can reason directly over high-
dimensional visual observations that are difficult
to evaluate using low-level states or hand-crafted

rules, and they enable a fully automated assess-
ment pipeline that naturally scales with compute-
intensive MARL training.

During training, at each step t, we construct a
pairwise comparison matrix M t ∈ Rn×n initial-
ized to zero, where n represents the total number
of agents. We then query the LMM to perform
pairwise comparisons only among the active agents
in the set It. For every ordered pair (i, j) where
i ̸= j and i, j ∈ It, the respective egocentric im-
age observations oit and ojt are provided as inputs
to the LMM. Thus, each unordered agent pair cor-
responds to two ordered comparisons, which helps
mitigate position bias (Tian et al., 2025) in LMM-
based judgments. The resulting preferences (win
for i, win for j, or tie) are assigned to the corre-
sponding entries in M t, while entries involving
inactive agents remain zero:

(M t)i,j = fLMM(oit, o
j
t ,Θ), (1)

where Θ denotes the textual prompt instructing the
model to judge which agent contributes more to
the team. M t is structured as a comparison out-
come matrix (2d array) where each entry (M t)i,j
represents the number of times agent i is preferred
over agent j. To handle ties, we assign a score
of 0.5 to both (M t)i,j and (M t)j,i for each neu-
tral judgment. It is important to note that, since
pairwise comparison requires at least two entities,
when the number of active agents satisfies |It| < 2,
we simply skip the query process.

Figure 2 illustrates the structure of the prompt,
which consists of five components: (1) role specifi-
cation: assign the LMM the persona of a referee;
(2) environmental context: supply the LMM with
information about the task and its rules; (3) visual
input mapping: indicate to the LMM the agent iden-
tity associated with each image; (4) comparative
reasoning: instruct the LMM to determine which
agent made a greater contribution to the team’s
success; (5) output format: enforce that the LMM
outputs a format that is easy to parse (e.g., JSON).

5.2 Rank Aggregation.

We adopt the Bradley–Terry model (Bradley and
Terry, 1952) to synthesize local pairwise compar-
isons into global contribution scores. This prob-
abilistic framework serves two critical purposes:
First, it performs Maximum Likelihood Estima-
tion (MLE) (Bishop and Nasrabadi, 2006) aggrega-
tion under a scalar latent-score model, which can
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mitigate noise or inconsistency by best-fit ranking.
Second, it transforms ordinal preferences into con-
tinuous cardinal values, capturing not just the rank
order but the magnitude of capability differences
between agents. This fine-grained quantification
is essential for generating smooth and informative
potential-based rewards.

We fit the Bradley–Terry model to infer a latent
contribution score ct ∈ R|It| for all active agents
at step t. The probability that agent i is preferred
over agent j is modeled as:

P(i ≻ j) =
exp(cit)

exp(cit) + exp(cjt )
. (2)

Given M t, we estimate ct by minimizing the neg-
ative log-likelihood:

ĉt = argmin
ct

∑

i,j

[−(M t)i,j logP(i ≻ j)] (3)

The resulting estimate ĉt serves as the credit as-
signed to each agent at step t.

5.3 Potential Function.
To incorporate the derived contribution scores with-
out biasing the optimization objective, we adopt
potential-based reward shaping (PBRS) (Ng et al.,
1999). This is crucial because the contribution
scores evolve during training. Prior work shows
that PBRS preserves policy invariance and Nash
equilibria even under dynamic shaping (Devlin and
Kudenko, 2012), and can safely embed arbitrary
rewards by expressing them as dynamic potentials
(Harutyunyan et al., 2015).

At this point, the reward function becomes
r : S × AI × S → R, with r(s,aI , s′) denot-
ing the reward received when coalition I executes
the joint action aI in state s and transitions to the
next state s′. And the shaping reward function
in this mechanism is defined as F (s, t, s′, t′) =
γ ψ(s′, t′) − ψ(s, t), where t denotes the time at
which the agent was in the previous state s, and t′

is the time when it reaches the current state s′, with
t < t′. We define our potential function as:

ψ(st, t) =

{
0, if st is terminal,
softmax(ĉt), otherwise.

(4)
This assigns a zero potential to the terminal state
(Wierstra et al., 2008), and applies softmax normal-
ization at all non-terminal steps to map the contribu-
tion scores into a normalized representation of rela-
tive strength. We employ the following shaping re-
ward under this mechanism: F (st, t, st+1, t+1) =

γψ(st+1, t+1)−ψ(st, t). The final shaped reward
used for training is:

r̃t = r(st,a
I
t , st+1) + ρF (st, t, st+1, t+ 1), (5)

where ρ is a scalar weighting factor that modulates
the contribution of the potential-based reward rela-
tive to the environmental reward.

6 Theoretical Properties

In this section, we provide the theoretical justifica-
tion for MARS-RA. We analyze two key properties:
(1) Convergence and Robustness, showing that
our rank aggregation framework can recover agents’
underlying contribution scores and effectively mit-
igate noise and inaccuracies in LMM-generated
pairwise comparisons, including those induced by
LMM hallucinations as well as by partial observ-
ability and long-horizon dependencies in embodied
AI scenarios; and (2) Shapley Values as an Inter-
pretive Reference, demonstrating the consistency
of our derived scores with Shapley values (Shapley
et al., 1953) under ideal conditions. We follow the
notation established in the preceding two sections.
The detailed proof is provided in the Appendix B.

6.1 Convergence and Robustness Analysis
We assume that the LMM possesses a latent ground-
truth preference vector c∗t ∈ R|It| that represents
the relative contributions of the active agents at step
t. The LMM does not output c∗t directly; instead, it
acts as a comparator that follows the Bradley–Terry
model and uses Maximum Likelihood Estimation
(MLE) to obtain an estimator ĉt that best explains
the observed pairwise comparisons. We now char-
acterize the error bound of this estimator.

Proposition 1 (Convergence and Robustness). Sup-
pose the comparison graph formed by M t is con-
nected. Let ĉt be the MLE estimate derived from
K pairwise comparisons. With probability at least
1− n−2, the estimation error relative to the latent
preference c∗t satisfies:

1√
n
∥ĉt − c∗t ∥2 ≤ C0

√
n logn

K
(6)

where C0 is a constant depending on the graph
topology and ∥ · ∥2 denotes the Euclidean norm.

Sketch of Proof. This result relies on the analysis
of regularized MLE for pairwise comparisons (Ne-
gahban et al., 2012a). The Hessian of the negative
log-likelihood behaves similarly to the Laplacian
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of the comparison graph (Shah et al., 2016). Under
the assumption of algebraic connectivity (λ2 > 0),
the objective function satisfies Restricted Strong
Convexity (Negahban et al., 2012b). Combined
with the concentration of measure for the gradi-
ent (bounded by O(

√
K log n) via Hoeffding’s in-

equality), standard convex optimization analysis
yields the convergence rate of O(1/

√
K).

Proposition 1 provides a mathematical justifi-
cation for the convergence and robustness of our
framework. It guarantees that as long as we per-
form sufficient pairwise comparisons (K), the ag-
gregated scores ĉt will converge to the LMM’s
stable latent preference c∗t , thereby filtering out the
influence of noise and inaccuracies.

6.2 Shapley Values as an Interpretive
Reference

Having established that our method robustly re-
covers the LMM’s latent preference c∗t , a natural
question arises: What does c∗t represent conceptu-
ally? We posit that a rational LMM, when provided
with sufficient context, judges agents based on their
marginal contributions.

Proposition 2 (Interpretability via Shapley Values).
If the LMM acts as a rational probabilistic com-
parator where the latent preference is determined
by the agents’ true Shapley values (i.e., c∗t = v∗

t ),
then the scores ĉt derived by MARS-RA are consis-
tent estimators of the true Shapley values (up to a
translation constant).

This proposition serves as an interpretability
bridge: it links the statistically robust scores de-
rived in Section 6.1 to the game-theoretic concept
of contribution assignment. This result is not in-
tended to suggest that MARS-RA recovers true
Shapley values in practice, but rather to provide an
interpretive lens for understanding the semantics of
the aggregated scores under idealized assumptions.

7 MARS-Bench

Existing embodied AI benchmarks are limited by
their fixed-agent settings, failing to account for sce-
narios with a dynamic number of active agents. We
implement a challenging set of embodied cooper-
ative tasks with 2 to 4 agents in ManiSkill3 using
XLeRobot (Wang and Lu, 2025), and construct
MARS-Bench, as illustrated in Figure 3. It uses
agents’ egocentric camera views as pixel-based
observations and adopts a discrete action space.

Figure 3: (a–c) Visualizations of the Pass Gate, Herd
Sheep, and Collect Ball tasks in MARS-Bench, respec-
tively. Colored arrows depict the intended movements
of agents and objects. (d) An example of an agent’s ego-
centric observation. The icon in the upper-left corner
denotes the agent’s current energy level; once depleted,
the agent is removed from the environment and re-enters
with full energy after a random number of steps.

Two reward modes are provided: sparse rewards
for training to closely reflect real-world conditions,
and dense rewards for analytical evaluation and
debugging. At the start of each episode, agents
are assigned random initial battery levels, which
are depleted by actions. Agents with depleted bat-
teries are temporarily removed and later respawn
with full charge after a random delay, introducing
agent-number openness. It consists of three tasks:
Pass Gate, two agents are required to traverse a
doorway between rooms without collisions; Herd
Sheep, three agents cooperatively herd sheep from
one room to another, where the sheep follow pre-
defined movement dynamics; Collect Ball, four
agents collect all red balls in the room. These tasks
correspond to three fundamental multi-agent coop-
eration scenarios, namely spatio-temporal move-
ment, cooperation, and divide and conquer (Wu
et al., 2021). See Appendix A for more details.

8 Experiment

We evaluate MARS-RA on MARS-Bench, us-
ing the task success rate as the primary metric.
Specifically, success is defined by task comple-
tion, whereas collisions and timeouts are failures.
Beyond MARS-Bench, we further evaluate the gen-
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(c) Collect Ball

Figure 4: Learning curves of all compared methods on the three tasks in MARS-RA, trained for 50 million
environment steps. Results are averaged over five random seeds, and error bars indicate 95% confidence intervals.

eralization of MARS-RA on Overcooked (Carroll
et al., 2019) and Pistonball (Terry et al., 2021),
with detailed descriptions of both environments pro-
vided in Appendix D. MARS-RA adopts MAPPO
(Yu et al., 2022) as the backbone algorithm, while
the required pairwise comparisons are generated
by Gemini-2.5-Pro (Comanici et al., 2025), with
a single query per comparison. For comparison,
we include MAPPO and LMM Score as ablation
variants alongside the baseline methods. See Ap-
pendix C for experiment details.

– MAPPO. It is a widely used policy-gradient al-
gorithm for cooperative MARL and is adopted
as the backbone of our method.

– LMM Score. This baseline queries the LMM
using the task description and all agents’ obser-
vations, generating per-agent contribution scores
in [0, 1] that are incorporated into learning via
potential-based reward shaping.

– QMIX (Rashid et al., 2020), COMA (Foerster
et al., 2017) and SQDDPG (Wang et al., 2020).
These widely used methods address the credit
assignment problem through value decomposi-
tion, counterfactual advantage estimation, and
Shapley value approximation, respectively.

– SAMA (Li et al., 2025b). This is a subgoal-
based framework designed to address the credit
assignment problem in cooperative MARL. It
leverages the commonsense priors embedded
in LMMs to guide agent coordination, using
MAPPO as its underlying backbone algorithm.

– V-GEPF (Ma et al., 2025). It is a hierarchical
reward-shaping framework built on MAPPO for
cooperative MARL. It employs a potential func-
tion derived from a vision language model for
semantic guidance, alongside a LMM that se-
lects cooperative skills from a predefined pool.

8.1 Overall Performance on MARS-Bench

Figure 4 displays the learning curves for all base-
lines. MARS-RA surpasses all baselines on three
tasks, maintaining success rates above 47%. In par-
ticular, it attains a success rate of exceeding 70%
on the highly collaborative Herd Sheep task. These
results indicate that MARS-RA guides effective
policy learning across embodied AI cooperative
tasks involving 2 to 4 agents.

All selected baselines obtain success rates below
50% across the three MARS-Bench tasks, high-
lighting the challenging nature of the benchmark.
QMIX and COMA do not exhibit meaningful coop-
erative behavior during training. SQDDPG shows
stronger performance in the Pass Gate task with
fewer agents, but its effectiveness diminishes in
tasks with more agents, likely due to increased es-
timation error in Shapley-based credit assignment.
Both SAMA and V-GEPF, as state-of-the-art meth-
ods, achieve competitive performance but remain
consistently inferior to MARS-RA. This perfor-
mance gap may partly arise from the design as-
sumptions underlying these approaches. Specifi-
cally, SAMA’s subgoal formulation is better suited
to environments with clearly discretized task struc-
tures, whereas embodied AI tasks often lack such
explicit decompositions. In contrast, V-GEPF re-
lies on an Adaptive Skill Selection module that as-
sumes timely and informative environmental feed-
back, while embodied AI tasks typically exhibit
delayed feedback and long-horizon dependencies.
In this experiment, we computed a 3-cycle rate of
8.95%, which is substantially lower than the theo-
retical random baseline of 25.00%. In addition, the
held-out 3-way NLL (win/loss/tie) is 0.41, substan-
tially below the random baseline of 1.10.

29276



(a) Cramped Room (b) Asymmetric Advantages (c) Coordination Ring

(d) Forced Coordination (e) Counter Circuit (f) Pistonball

Figure 5: Performance comparison on five Overcooked tasks and Pistonball after training for 1 million environment
steps, averaged over 10 random seeds, with standard error.

8.2 Results on Overcooked and Pistonball

Figures 5 (a–e) show the evaluation results of the
baselines after training on the five Overcooked
tasks. MARS-RA achieves performance compa-
rable to the state-of-the-art method SAMA in the
Overcooked environment, and outperforms SAMA
on the Coordination Ring and Forced Coordina-
tion tasks. These results indicate that MARS-RA
exhibits stable performance in standard MARL set-
tings such as Overcooked. We also observe that
the LMM Score variant performs comparably to
MARS-RA on these five tasks, further confirm-
ing that its effectiveness improves on tasks with
explicit objectives. Figure 5 (f) illustrates the
evaluation performance of the baselines following
training on the Pistonball task which involves 10
agents. MARS-RA consistently outperforms all
compared baselines, suggesting that the proposed
rank-aggregation formulation remains effective be-
yond small team sizes. We observe that SAMA and
V-GEPF achieve relatively modest performance,
which may be attributed to the simplicity of the
Pistonball task, where there is limited scope for
subtask decomposition or the exploitation of more
complex strategies.

8.3 Ablation Study

As shown in Figure 4, compared to MARS-RA, the
backbone algorithm MAPPO alone shows limited
ability to learn effective cooperative policies across
the three tasks. In contrast, the LMM Score variant
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Figure 6: Left: Pairwise comparison accuracy of the
selected LMMs, where GPT refers to GPT-5.1, Gemini
to Gemini-2.5-Pro, and Qwen to Qwen3-VL. Right:
Average success rates of MARS-RA on MARS-Bench
under different LMMs and query counts.

learns cooperative behaviors to a limited extent but
exhibits substantial performance oscillations, with
inferior overall performance. This suggests that the
spatio-temporal inference capabilities of LMMs
can inform MARL training, whereas direct scoring
is less effective than rank aggregation in enabling
this translation. Notably, on the Collect Ball task
with its explicit objectives, the LMM Score variant
achieves relatively competitive performance.

8.4 Further Analysis

Accuracy of LMM-based Pairwise Comparisons.
We further analyze the accuracy of LMM-based
pairwise comparisons across a range of popular
commercial and open-source LMMs, including
Gemini-2.5-Pro, GPT-5.1 (OpenAI, 2025), and
Qwen3-VL (2B, 4B, and 8B) (Yang et al., 2025).
Accuracy is calculated by comparing the LMMs’
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pairwise comparison results with the ground truth
defined by the dense reward function of MARS-
Bench, averaged over the three benchmark tasks.
As shown in the left panel of Figure 6, both
Gemini-2.5-Pro and GPT-5.1 achieve accuracy
levels above 70%, while the three smaller-scale
Qwen3-VL models also reach accuracies exceed-
ing 43%. When an agent’s egocentric observation
is severely limited and lacks sufficient visual infor-
mation (e.g., teammate positions or goal locations)
to assess team contribution, our evaluation shows
that LMMs can still make correct judgments as
long as at least one agent’s observation contains in-
formative visual cues. Pairwise comparison errors
most frequently occur when all agents face a wall
and lack informative visual reference cues. See
Appendix E for more details.
Model Selection and Number of Queries. We
investigate the impact of LMM selection with dif-
ferent pairwise comparison accuracies and the num-
ber of LMM queries used for pairwise comparisons
on MARS-RA performance. We train MARS-RA
on the three MARS-Bench tasks using Gemini-2.5-
Pro, GPT-5.1, and Qwen3-VL (2B, 4B, and 8B)
under different numbers of pairwise comparison
queries. The average success rates across the three
tasks for each configuration are reported in the right
panel of Figure 6. We observe that both employing
LMMs with higher pairwise comparison accuracy
and increasing the number of pairwise comparison
queries lead to improved MARS-RA performance.
However, when using high-accuracy LMMs, the
performance gains from increasing the query count
are less pronounced compared to those achieved
with lower-accuracy LMMs. These results sug-
gest a trade-off and complementary relationship
between LMM pairwise comparison accuracy and
the number of comparison queries. Further details
can be found in Appendix E.
Comparison of Rank Aggregation Methods. We
implemented Rank Centrality (Negahban et al.,
2012a) as an alternative rank aggregation method
under the same experimental settings as in this sec-
tion, and report the results in Table 1. Each value
represents the success rate on the corresponding
MARS-Bench task achieved by the final trained
model. The experimental results show that MARS-
RA with Rank Centrality performs slightly worse
than with Bradley–Terry model, although the per-
formance gap is small.
Real-World Validation. We conduct a real-world
validation of MARS-RA, as illustrated in Figure 7.

Method Pass Gate Herd Sheep Collect Ball

RC 0.50 ± 0.03 0.67 ± 0.02 0.46 ± 0.02
BT 0.52 ± 0.01 0.68 ± 0.03 0.46 ± 0.02

Table 1: Comparison of different rank aggregation meth-
ods based on average performance across different lev-
els in MARS-Bench. RC denotes Rank Centrality, and
BT denotes the Bradley–Terry model.

Figure 7: Left: A real-world 3D-scanned indoor envi-
ronment instantiated as a MARS-Bench Pass Gate task,
where two robots enter the room from a corridor without
collisions. Right: Real-world deployment after virtual-
environment training.

We deploy two XLeRobot robots to perform the
Pass Gate task in a real-world indoor environment.
The entire room is first captured via 3D scanning
and reconstructed as a virtual 3D environment,
which is then instantiated as a task in MARS-
Bench. MARS-RA is trained in simulation and
then deployed on real robots for evaluation in a
physical environment, achieving a success rate of
64% over 25 runs. This result preliminarily sug-
gests the potential of MARS-RA to guide agents
toward effective cooperative policies in scenarios
with real-world–level complexity. Additional de-
tails are provided in Appendix F.

9 Conclusion

In this paper, we propose MARS-RA, a frame-
work that addresses the credit assignment problem
in MARL for cooperative embodied AI systems
through a rank aggregation perspective. The frame-
work outperforms strong baselines across different
tasks. Beyond empirical validation, we present
theoretical analysis to substantiate the proposed
framework. This work suggests a new direction
for incorporating prior knowledge from foundation
models into MARL training.
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10 Limitations

There exist several avenues for improving this work
and mitigating the limitations discussed below: (1)
MARS-RA depends on LMMs for pairwise agent
comparisons. While rank aggregation helps miti-
gate noise in these comparisons, the accuracy of
LMM-generated judgments remains an important
factor affecting overall performance. In MARS-
RA, ordered pairwise comparisons are employed to
alleviate position bias, and future work will investi-
gate additional intermediate mechanisms to further
reduce this reliance. (2) MARS-RA is designed
for cooperative tasks whose states and outcomes
can be reasonably assessed through visual observa-
tions and textual task descriptions. Tasks that rely
on fine-grained physical signals, internal states, or
domain-specific metrics that are not visually ob-
servable may fall outside the current scope of the
framework. Future work will explore extensions
or alternative formulations better suited to such
tasks. (3) Non-stationarity is inherent in MARL,
and the pairwise comparisons in MARS-RA do
not eliminate this issue. However, the denoising
effect of rank aggregation mitigates the impact of
non-stationarity on the resulting contribution cred-
its. Moreover, the potential-based reward shaping
mechanism ensures that introducing these credits
into MARL training preserves policy invariance
under stationary transitions. In future work, we
will continue to explore new approaches to address
non-stationarity.
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A Additional Details of MARS-Bench

Each agent receives an egocentric pixel-based ob-
servation. The action space is discrete and consists
of five actions: no-operation, move forward, move
backward, turn left, and turn right. The reward
signal is defined under two settings: a sparse and a
dense mode. In the sparse reward setting, the agent
receives a reward of +1 upon task completion and
a penalty of −1 for collisions or timeouts. In the
dense reward setting, agents receive per-agent, step-
wise shaping rewards that reflect progress toward
task completion. The sparse reward mode is de-
signed to closely reflect real-world conditions dur-
ing training. In contrast, the dense reward mode
leverages extensive environment-internal variables
that would be unavailable in real-world settings,
and is used solely for analysis and debugging pur-
poses. Each episode has a maximum length of
2000 steps and terminates immediately upon ei-
ther success or failure. Below we provide detailed
descriptions of the three tasks:
• Pass Gate: This task involves 2 agents. It

presents a bottleneck challenge in which a narrow
gate divides the environment. Two agents start-
ing on the same side must resolve contention for
access to this shared passage, necessitating poli-
cies that can manage spatio-temporal conflicts.

• Herd Sheep: This task involves 3 agents. We in-
troduce sheep as non-player characters whose
autonomous behavior combines avoidance of
agents, attraction to the flock’s centroid, and
stochastic wandering. The agents must collabo-
rate to drive all sheep through the gate into the
next room. This task tests the agents’ ability to
understand the sheep’s movement dynamics and
to cooperate in executing the herding task.

• Collect Ball: This task involves 4 agents. Agents
must collect all balls in the room, aiming to max-
imize efficiency via parallel execution.

B Detailed Proofs of Theoretical
Properties

In this appendix, we provide the step-by-step math-
ematical derivations for the theoretical properties
presented in Section 6.

B.1 Proof of Proposition 1 (Convergence and
Robustness)

Proposition Restatement: Suppose the compari-
son graph is connected with algebraic connectiv-
ity λ2 > 0. Let ĉt be the MLE estimate derived
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from K pairwise comparisons. With probability
at least 1 − n−2, the estimation error satisfies

∥ĉt − c∗t ∥2 ≤ O(
√

n logn
K ).

Proof. We analyze the error bound using the frame-
work of M-estimation in convex optimization. The
proof proceeds in three main steps: (1) establishing
the strong convexity of the loss function, (2) bound-
ing the gradient at the optimum, and (3) deriving
the parameter error bound.

Step 1: Negative Log-Likelihood and Convexity.
The negative log-likelihood (loss function) for the
Bradley–Terry model with K samples is:

L(ct) =
K∑

k=1

[
log(1 + ect,ik−ct,jk )

−yk(ct,ik − ct,jk)]

(7)

where yk = 1 if ik ≻ jk and 0 otherwise. The Hes-
sian matrix of the loss function, H(ct) = ∇2L(ct),
corresponds to the Laplacian of the comparison
graph weighted by the variances of the logistic dis-
tribution. For a connected graph, the smallest non-
zero eigenvalue of the Laplacian, denoted as λ2
(algebraic connectivity), is strictly positive. Thus,
restricted to the subspace orthogonal to the constant
vector 1 (to handle translation invariance), the loss
function is µ-strongly convex locally around c∗t :

∆T∇2L(ct)∆ ≥ µ∥∆∥22, ∀∆ ∈ Rn,∆ ⊥ 1
(8)

where µ scales linearly with the number of samples
K (assuming uniform sampling of pairs).

Step 2: Taylor Expansion. Since ĉt minimizes
L(ct), the gradient ∇L(ĉt) = 0. We verify the
error ∆ = ĉt − c∗t using the first-order Taylor
expansion of the gradient around c∗t :

∇L(ĉt) ≈ ∇L(c∗t ) +∇2L(c∗t )(ĉt − c∗t ) (9)

Setting ∇L(ĉt) = 0 and multiplying by ∆T :

0 ≈ ∆T∇L(c∗t ) + ∆T∇2L(c∗t )∆ (10)

Using the strong convexity property (Eq. 8) and
the Cauchy-Schwarz inequality:

µ∥∆∥22 ≤ ∆T∇2L(c∗t )∆ = −∆T∇L(c∗t )
≤ ∥∆∥2∥∇L(c∗t )∥2

(11)

Dividing both sides by µ∥∆∥2:

∥∆∥2 ≤
1

µ
∥∇L(c∗t )∥2 (12)

Step 3: Bounding the Gradient Norm (Concen-
tration). The gradient at the true parameter c∗t is
given by:

∇L(c∗t ) =
K∑

k=1

(P ∗
ikjk

− yk)xk (13)

where xk is the indicator vector for the pair (ik, jk).
Since E[yk] = P ∗

ikjk
, the expected gradient is

E[∇L(c∗t )] = 0. The term (P ∗ − yk) is a bounded
random variable in [−1, 1]. By Hoeffding’s in-
equality (or Azuma-Hoeffding for martingales),
the norm of the sum of these random variables
is bounded with high probability. Specifically, for
n dimensions:

P (∥∇L(c∗t )∥2 ≥ τ) ≤ 2n exp

(
− τ2

CK

)
(14)

Setting the probability to n−2, we get the bound
∥∇L(c∗t )∥2 ≤ O(

√
K log n).

Final Assembly. Substituting the gradient bound
(
√
K) and the strong convexity parameter (µ ∝ K)

into Eq. (12):

∥ĉt − c∗t ∥2 ≤
O(

√
K log n)

O(K)
= O

(√
log n

K

)

(15)
Normalizing by dimension (as per the theorem
statement) yields the stated result.

B.2 Proof of Proposition 2 (Alignment with
Shapley Values)

Proposition Restatement: If c∗t = v∗
t , then ĉt

derived by MLE are consistent estimators of the
true Shapley values.

Proof. This proof relies on the consistency of Max-
imum Likelihood Estimators and the Law of Large
Numbers.

The derivative of the log-likelihood function
with respect to the score ct,i is:

∂ℓ

∂ct,i
=
∑

j ̸=i

(
nij −Nij

ect,i

ect,i + ect,j

)
(16)

where nij is the observed number of times i beats
j, and Nij is the total comparisons. The MLE
solution ĉt satisfies ∂ℓ

∂ct,i
= 0 for all i.

Dividing the equation by the total number of
samples K and taking the limit as K → ∞:

lim
K→∞

nij
Nij

= P(i ≻ j | c∗t ) =
ec

∗
t,i

ec
∗
t,i + ec

∗
t,j

(17)
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The optimality condition for the estimator ĉt in the
limit becomes:

∑

j ̸=i

πij

(
ec

∗
t,i

ec
∗
t,i + ec

∗
t,j

− eĉt,i

eĉt,i + eĉt,j

)
= 0 (18)

where πij is the sampling probability of pair (i, j).
Since the logistic function σ(x) = 1

1+e−x is strictly
monotonic, the only solution to this system of equa-
tions (assuming a connected graph) implies:

ĉt,i − ĉt,j = c∗t,i − c∗t,j , ∀i, j (19)

Thus, ĉt = c∗t +C. Since we assume c∗t = v∗, the
estimated scores converge to the Shapley values.

C Experimental Details

We employ action repeat during training, where
agents make decisions once every 32 environment
steps. From each action-repeat window, we uni-
formly sample four visual frames, convert them to
grayscale, and stack them to form a 128× 128× 4
observation space for each agent. All training
models in our experiments adopt a unified multi-
layer CNN-based architecture, as illustrated in
Figure 8. MAPPO, QMIX, and COMA are im-
plemented using the XuanCe (Liu et al., 2023b)
framework, while the implementations of SQD-
DPG, SAMA, and V-GEPF are obtained from
their respective open-source code repositories. All
MAPPO-based methods, including MARS-RA,
MAPPO, LMM Score, SAMA, and V-GEPF, share
the same MAPPO hyperparameters, as reported
in Table 2. The hyperparameters for QMIX and
COMA follow those used in Papoudakis et al.
(2020), the hyperparameters for SQDDPG follow
those used in Wang et al. (2022). For a fair compar-
ison, SAMA and V-GEPF employ the same LMM
as MARS-RA (Gemini-2.5-Pro), and all other con-
figurations follow the original implementations.

All experiments were conducted on a desktop
computer running Ubuntu 24.04, equipped with an
Intel(R) Core(TM) i7-14700K CPU (20 cores), an
NVIDIA GeForce RTX 3090 GPU with 24 GB
of VRAM, and 128 GB of RAM. For GPT-5.1
and Gemini-2.5-Pro, we use the official API ser-
vices provided on their respective websites. In
contrast, Qwen3-VL (2B, 4B, and 8B) is deployed
locally. To accelerate LMM-based pairwise com-
parisons during training, we deploy Qwen3-VL
across 4 desktop machines, each equipped with

Figure 8: Model architectures used by all MARL algo-
rithms in this study, a CNN followed by MLP.

an NVIDIA GeForce RTX 3090 GPU. Under our
experimental setup and computational resources,
training MAPPO for 50 million environment steps
completes within 16 hours, while training MARS-
RA for 50 million steps completes within 30 hours.

Moreover, we conduct an additional hyperparam-
eter sweep over ρ on MARS-Bench to investigate
how different ρ values affect the performance of
MARS-RA. The results are reported in Table 3,
where each value denotes the success rate achieved
by the final trained model on the corresponding
MARS-Bench task. The hyperparameter sweep re-
sults indicate that MARS-RA achieves its best per-
formance when ρ ∈ {0.1, 0.5, 1.0}. When ρ takes
a smaller value (e.g., 0.03) or a larger value (e.g.,
5), the performance of MARS-RA declines and the
standard error increases. When ρ = 0, MARS-RA
reduces to MAPPO, and its performance is consis-
tent with that of MAPPO.

Hyperparameter MAPPO

Optimizer Adam
Learning rate 0.001
Training Batch Size 10240
Minibatch Size 512
Discount factor (γ) 0.99
GAE (λ) 0.95
Policy clip ratio 0.20
Epochs 10

Table 2: Key hyperparameters for MAPPO in our exper-
iments.

D Experiments on Overcooked and
Pistonball

We evaluate MARS-RA and the selected baselines
on the widely used MARL environments Over-
cooked (Carroll et al., 2019) and Pistonball (Terry
et al., 2021). This evaluation aims to verify that
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ρ Pass Gate Herd Sheep Collect Ball

ρ = 0 0.02 ± 0.00 0.06 ± 0.02 0.03 ± 0.01
ρ = 0.03 0.35 ± 0.03 0.52 ± 0.04 0.33 ± 0.06
ρ = 0.1 0.50 ± 0.03 0.66 ± 0.02 0.44 ± 0.03
ρ = 0.5 0.53 ± 0.02 0.66 ± 0.01 0.47 ± 0.04
ρ = 1.0 0.52 ± 0.01 0.68 ± 0.03 0.46 ± 0.02
ρ = 5.0 0.40 ± 0.07 0.51 ± 0.05 0.39 ± 0.04

Table 3: Effect of different ρ values on performance
across levels in MARS-Bench.

MARS-RA can guide agents to learn effective co-
operative policies not only in embodied AI scenar-
ios, but also in classic MARL tasks. We retain the
original observation spaces, discrete action spaces,
and reward functions provided by these environ-
ments, without introducing dynamically varying
numbers of active agents or using action repeat. In
both environments, models are trained for 1 million
environment steps. All other experimental settings
follow those in Section 8 and Appendix C.

D.1 Overcooked
In this kitchen cooking game, two agents must
collaboratively prepare and deliver soup to obtain
a shared team reward, as illustrated in Figure 9.
In this environment, agents receive a team reward
of 20 upon each successful soup delivery, and the
episode return is used as the evaluation metric. It
includes five tasks:

• Cramped Room: The setting is a restrictive
room where two agents must share a single
pot and serving point. The challenge encour-
ages the agents to fully exploit the limited
resources to cook and serve soup, achievable
through simple cooperative strategies.

• Asymmetric Advantages: Players operate in
two separate, isolated kitchens with an asym-
metric layout. On the left side, onions are
far from the pots, but serving points are cen-
trally located. On the right side, the setup is
reversed: onions are near the center, while
serving points are far away.

• Coordination Ring: This circular design
forces players to keep moving to avoid col-
lisions, especially at the choke points in the
top-right and bottom-left corners housing the
ingredients and pots. Success depends on the
simultaneous use of both pots.

• Forced Coordination: This layout creates
a dependency loop by isolating the agents.
Since the left side lacks cooking facilities and
the right side lacks ingredients, the pair must
verify their actions are synchronized. The
workflow dictates that the left player prepares
ingredients and plates, which allows the right
player to complete the cooking and serving.

• Counter Circuit: This larger ring-shaped
map places pots, ingredients, and serving sta-
tions on four different sides. Narrow paths
make blocking frequent and teamwork diffi-
cult. A key strategy for success is placing
onions on the central counters to allow for
quick hand-offs between players.

D.2 Pistonball

In this physics-based cooperative environment,
agents control vertically actuating pistons to propel
a ball toward the left boundary, as illustrated in
Figure 10. Developing an optimal policy for this
task requires the agents to learn and execute highly
coordinated joint behaviors. The environment con-
tains 10 pistons, each of which is controlled by an
individual agent. All agents receive a shared global
reward at each timestep, consisting of a movement-
based term and a fixed time penalty. The movement
reward is calculated as the net displacement of the
ball towards the left, normalized as a percentage
of the total initial distance to the wall. Conversely,
rightward movement incurs a negative reward. We
evaluate performance using the episode return as
the metric.

E Experimental Details on LMM-Based
Pairwise Comparisons

E.1 Setup

We train MARS-RA on the three MARS-Bench
tasks using Gemini-2.5-Pro, GPT-5.1, and Qwen3-
VL (2B, 4B, and 8B) under varying numbers of
pairwise comparison queries, and concurrently
measure the accuracy of LMM-based pairwise com-
parisons. The accuracy of LMM-based pairwise
comparisons is computed by measuring the agree-
ment between LMM judgments generated during
training and the corresponding per-agent dense re-
ward signals of each task, and then averaging across
comparisons. All other experimental settings fol-
low Section 8 and Appendix C.
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Figure 9: Screenshots of five tasks in the Overcooked environment: (a) Cramped Room, (b) Asymmetric Advantages,
(c) Coordination Ring, (d) Forced Coordination, and (e) Counter Circuit.

LMMs Pass Gate Herd Sheep Collect Ball LMM Average

GPT-5.1 0.65± 0.09 0.83± 0.06 0.68± 0.04 0.72± 0.06
Gemini-2.5-Pro 0.63± 0.04 0.77± 0.10 0.70± 0.03 0.70± 0.04
Qwen3-VL: 8B 0.48± 0.04 0.62± 0.08 0.46± 0.15 0.52± 0.05
Qwen3-VL: 4B 0.42± 0.11 0.54± 0.02 0.40± 0.06 0.45± 0.04
Qwen3-VL: 2B 0.37± 0.18 0.49± 0.13 0.42± 0.10 0.43± 0.03

Task Average 0.51± 0.06 0.65± 0.06 0.53± 0.07 0.56± 0.06

Table 4: Pairwise comparison accuracy of different LMMs on the three MARS-Bench tasks, with standard error.

Figure 10: Screenshot of the Pistonball environment.

E.2 Results

Figure 11 shows the training curves of different
LMMs under varying numbers of pairwise com-
parison queries. We observe that both employing
LMMs with higher pairwise comparison accuracy
and increasing the number of pairwise comparison
queries lead to improved MARS-RA performance.
However, when using high-accuracy LMMs, the
performance gains from increasing the query count
are less pronounced compared to those achieved
with lower-accuracy LMMs. These results sug-
gest a trade-off and complementary relationship
between LMM pairwise comparison accuracy and
the number of comparison queries. Table 4 re-
ports the accuracy of LMM-based pairwise com-
parisons. We observe that commercial models gen-
erally outperform open-source models, and models
with larger parameter scales tend to achieve higher
accuracy. However, the accuracy of all models
still leaves room for improvement. Figure 12 illus-
trates typical cases observed during LMM-based
pairwise comparisons. When an agent’s egocen-

tric observation is severely limited and lacks suffi-
cient visual information (e.g., teammate positions
or goal locations), LMMs can still make correct
judgments as long as at least one agent’s observa-
tion contains informative visual cues. In contrast,
pairwise comparison errors most frequently occur
when all agents face a wall and lack informative
visual reference cues.

F Real-World Validation Details

F.1 Task Setup

We conduct a real-world validation of MARS-RA,
as illustrated in Figure 7. We deploy two XLeR-
obot robots to perform the Pass Gate task in a real-
world indoor environment. The entire room is first
captured via 3D scanning and reconstructed as a
virtual 3D environment, which is then instantiated
as a task in MARS-Bench. MARS-RA is trained in
simulation for 70 million environment steps, using
Qwen3-VL (8B) to generate pairwise comparisons,
with 16 comparisons per decision. We addition-
ally measure the pairwise comparison accuracy of
Qwen3-VL (8B) on the Pass Gate task during train-
ing. The success rate is used as the evaluation
metric for this experiment. The success criterion
in simulation is consistent with that described in
Section 8. In the real-world setting, success is de-
fined as both agents passing through the gate into
the adjacent room within two minutes without col-
lisions; otherwise, the trial is considered a failure.
All other settings follow Section 8, Appendix C
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Figure 11: Training Curves of MARS-RA with Different LMMs and Numbers of Queries for Pairwise Comparisons.
Results are averaged over five random seeds, and error bars indicate 95% confidence intervals.
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(a) Limited visual observations. (b) Informative visual observations.

Figure 12: Pairwise comparison errors by LMMs mainly occur when both agents’ egocentric observations are
limited, as shown in the left image. In contrast, correct judgments can be made as long as at least one agent provides
an informative observation with rich visual cues, as shown in the right image.
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Figure 13: The learning curve obtained during training
in the simulated environment for the real-world valida-
tion.

and Appendix E.

F.2 Results

The training results in simulation are shown in Fig-
ure 13. On the Pass Gate task, the success rate ex-
ceeds 67% after training. The pairwise comparison
accuracy of Qwen3-VL (8B) is 71%. This result
preliminarily suggests the potential of MARS-RA
to guide agents toward effective cooperative poli-
cies in scenarios with real-world–level complexity.

We deploy the trained policy in the real world
and conduct 25 trials, of which 16 are success-
ful, resulting in a success rate of 64%. Notably,
LMM-based pairwise comparisons are only used

during training in MARS-RA, and are not required
at deployment time. Figure 14 shows a represen-
tative successful trajectory of the trained policy
in a real-world environment. Both agents initially
move toward the gate simultaneously. The yellow
agent passes through the gate first, while the blue
agent maintains a safe distance and waits. After the
yellow agent clears the gate and moves forward to
create sufficient space, it comes to a stop, allowing
the blue agent to pass through the gate once a safe
clearance is available.
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(a) Agent positions at t = 0.0 s.

0 2 4 6
x

3

2

1

0

1

2

3

y

Agent 0
Agent 1

(b) Agent positions at t = 16.6 s.
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Figure 14: A representative successful real-world trajectory of XLeRobots in the Pass Gate task, where a policy
trained with MARS-RA enables coordinated, sequential gate traversal without collisions. Blue and yellow rectangles
represent Agent 0 and 1, respectively; opaque rectangles indicate current positions, and transparent rectangles
denote historical positions.
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