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Abstract

Large language models have shown strong rea-
soning abilities and are increasingly explored as
high-level coordinators for multi-agent systems.
However, directly deploying LLMs for coordi-
nation remains challenging, as effective policies
often fail to reliably emerge at the low-level con-
trol stage, and inference costs limit scalability. We
propose SynCoord (Synthetic Coordination Dis-
tillation), a self-supervised pipeline that distills
task-level decision-making for cooperation from
high-capacity reasoning models into lightweight
agent policies. Our approach does not rely on
explicit supervision or handcrafted coordination
rules. Instead, we define a set of task-level tool in-
terfaces that constrain LLM interaction and enable
the collection of interaction trajectories, which
are then used to train compact coordinated poli-
cies. This distillation process transfers coordina-
tion behaviors that are difficult to elicit through
prompting alone, while substantially reducing in-
ference overhead at execution time. We evalu-
ate our method on cooperative multi-agent bench-
marks including Overcooked-AI and Level-Based
Foraging (LBF), under varying team sizes and
environment scales. Experimental results show
that the distilled policies achieve success rates
and execution efficiency comparable to reinforce-
ment learning–based methods, while exhibiting
fewer erroneous or redundant actions. Moreover,
the learned task-level coordination policy general-
izes effectively to unseen team compositions and
larger layouts without retraining.
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1. Introduction
The development of intelligent agents capable of effective
multi-agent collaboration represents a longstanding objec-
tive in artificial intelligence(Chen et al., 2023). Many real-
world scenarios, ranging from human-robot teaming to mul-
tiplayer games, require agents not only to act autonomously
but also to coordinate their decisions and behaviors with
others in dynamic and partially observable environments(Xu
et al., 2023a; DeWeese & Qu, 2024). Successful collabo-
ration in such settings depends critically on the ability to
reason about task-level dependencies, allocate roles among
agents, and adapt coordination strategies as the environment
and team composition change.

Recent advances in reinforcement learning (RL) have led
to impressive performance in both single-agent tasks and
certain multi-agent scenarios(Bauer et al., 2023; Li et al.,
2023; Xu et al., 2026a). However, when applied to coopera-
tive environments with diverse layouts, task compositions,
or varying team sizes, RL-based approaches often struggle
to generalize(Li et al., 2023). These methods typically rely
on extensive environment-specific training and implicit co-
ordination emerging from joint optimization, making them
sensitive to distribution shifts and difficult to scale. In par-
ticular, the absence of explicit task-level coordination mech-
anisms limits their ability to robustly assign and prioritize
tasks across agents under changing conditions.

In contrast, large language models excel at high-level reason-
ing and structured decision making, and have recently been
explored as coordinators in multi-agent systems(Bo et al.,
2024). Despite their strengths, directly deploying LLMs as
acting agents remains challenging. Effective coordination
policies often fail to reliably emerge at the low-level control
layer, where temporally extended behaviors must be exe-
cuted consistently, and the high inference cost of LLMs hin-
ders scalable real-time deployment(Wan et al., 2025). As a
result, neither RL-based coordination nor direct LLM-based
control alone provides a satisfactory solution for robust and
efficient multi-agent collaboration. We argue that effective
multi-agent cooperation should be modeled as a transferable
task-level coordination abstraction, rather than emerging
implicitly from low-level control optimization.
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To address this challenge, we propose SynCoord, a self-
supervised distillation pipeline that utilizes self-supervised
distillation to translate the latent reasoning of large language
models into emergent cooperative behaviors. With the rapid
development of Large Language Models (LLMs) technol-
ogy, two distinct trends have emerged: compact models
with constrained parameters that enable efficient real-time
decision making, and large-scale models that, while compu-
tationally intensive, exhibit strong capabilities in structured
reasoning and instruction following(Bai et al., 2023; Tou-
vron et al., 2023; Agarwal et al., 2025; Liu et al., 2024;
Team et al., 2023). Building on these observations, we
introduce a two-stage distillation pipeline for multi-agent
coordination, in which large language models are used to
generate coordination supervision rather than to directly
act in the environment. Specifically, a lightweight Intuitive
Agent first produces preliminary action suggestions based
on the current environment state, providing fast and low-
cost guidance. Conditioned on these executable behaviors,
two high-capacity Thinking Agents engage in cooperative
reasoning to generate structured interaction trajectories that
resolve inter-agent dependencies and coordination conflicts.
Finally, a Distilled Agent is trained on the interaction data
produced by the Thinking Agents, learning to execute effi-
cient and robust two-agent coordinated behaviors without
requiring large-scale model inference at runtime.

The intuition behind our design of SynCoord stems from the
observation that while task execution can be learned through
local experience, sophisticated multi-agent cooperation is
an emergent capability that manifests at the scale of high-
capacity reasoning models(Zhang et al., 2024; Tran et al.,
2025; Zhu et al., 2025). The Intuitive Agent establishes
the basic environmental competence, providing a grounded
behavioral substrate upon which the Thinking Agent or-
chestrates collaborative strategies. This design allows the
latent cooperative priors in large-scale models—such as
social reasoning and recursive theory-of-mind—to emerge
and be captured as structured coordination trajectories. By
distilling these emergent patterns into a lightweight policy,
we bridge the gap between heavy-duty deliberative intelli-
gence and real-time execution. The resulting Distilled Agent
does not merely replicate actions; it inherits the systematic
coordination logic of the larger model, enabling it to main-
tain high-level social intelligence and robust generalization
across dynamic settings while operating within the latency
constraints of real-time deployment.

We evaluate our method on the cooperative benchmark
Overcooked-AI(Carroll et al., 2019), where agents must
coordinate in real time under partial observability to com-
plete complex recipes. Results show that the Distilled Agent
achieves high success rates and efficient execution compara-
ble to reinforcement learning–based methods, while exhibit-
ing fewer erroneous or redundant actions. Moreover, the

Figure 1. Overview of the proposed task-level coordination
under self-generated supervision and distillation framework.
We separate high-level multi-agent reasoning from low-level ex-
ecution, using large language models to generate coordination
trajectories that are distilled into lightweight policies for efficient
deployment.

learned coordination policy generalizes across diverse lay-
outs, unseen team compositions, and larger spatial environ-
ments without retraining, demonstrating strong scalability
and transferability across cooperative settings.

In summary, our contributions are threefold. (1) We in-
troduce a two-stage distillation pipeline for scalable multi-
agent coordination, in which lightweight and large-scale
language models play distinct roles in supervision genera-
tion and deployment, rather than acting jointly in the envi-
ronment. (2) We propose a self-supervised data collection
and distillation framework, where coordination trajectories
are generated through cooperative reasoning between high-
capacity language models and distilled into a compact agent
capable of efficient execution. (3) We demonstrate that the
learned task-level coordination policy generalizes across
diverse layouts, unseen task compositions, team sizes, and
larger spatial environments, achieving scalable cooperation
comparable to RL-based methods while avoiding the infer-
ence overhead of direct LLM deployment.

2. Related Work
2.1. Cooperative Agents

Cooperative intelligence concerns scenarios where mul-
tiple agents work jointly toward a shared goal(Jin et al.,
2025), aiming either to improve efficiency or to tackle tasks
inherently requiring joint effort. Prior studies have high-
lighted key challenges in multi-agent cooperation, includ-
ing handling non-stationarity(Hernandez-Leal et al., 2017;
Papoudakis et al., 2019), ensuring scalability(Christianos
et al., 2021), and effectively sharing information during both
training and execution(Jiang & Lu, 2018; Sun et al., 2024).
While traditional MARL methods have achieved strong per-
formance in fixed cooperative settings, their coordination
behaviors are often tightly coupled to specific environment
distributions and team configurations, limiting transferabil-
ity under unseen layouts, task compositions, or larger agent
populations(Xu et al., 2023b; Ning & Xie, 2024; Jin et al.,
2025). Recent works therefore explore whether high-level
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reasoning from large language models can provide more
flexible coordination strategies(Chen et al., 2023; Guo et al.,
2024). In contrast to approaches that directly use LLMs
as acting agents, our work focuses on distilling transfer-
able task-level coordination abstractions into lightweight
executable policies.

2.2. LLM for Agent Planning

In many studies, large language models (LLMs) have been
adopted as high-level planners for agents due to their
broad world knowledge and few-shot adaptability(Ahn
et al., 2022; Liu et al., 2023). A common paradigm in-
volves decomposing semantic goals into subgoals, calling
structured tools for execution, and integrating feedback
through memory or reflection mechanisms(Huang et al.,
2023; Yao et al., 2022; Huang et al., 2024; Zhai et al., 2026).
For instance, Song et al. (2023) apply LLMs to embod-
ied decision-making, while other approaches study active
task disambiguation(Kobalczyk et al., 2025), and TinyA-
gent further explores efficient deployment under resource
constraints(Erdogan et al., 2024). In multi-agent settings,
LLMs enable abstract cooperation and cross-task adapta-
tion, showing promise for error recovery and long-horizon
planning(Nayak et al., 2024). Our method integrates LLM
planners with structured function calling to bridge sym-
bolic plans with executable actions(Lin et al., 2025). Fram-
ing environment dynamics and agent actions as executable
code or structured tools has also been shown to help LLMs
overcome semantic inertia and adhere strictly to in-context
logical constraints rather than pre-trained priors (Xu et al.,
2026b). However, existing systems often lack iterative learn-
ing and robust environmental feedback, limiting sustained
coordination abilities(Ning & Xie, 2024).

2.3. Knowledge Distillation and Synthetic Supervision

Knowledge distillation aims to transfer the capabilities
of a large "teacher" model into a smaller "student"
model(Mirzadeh et al., 2020). In the context of LLMs, this
has evolved into using high-capacity models to generate syn-
thetic reasoning chains or trajectories to train smaller mod-
els(Yang et al., 2025; Tian et al., 2025). While traditional
"Self-Play" in RL involves agents improving through iter-
ative competition(Silver et al., 2017; Vinyals et al., 2019),
recent "LLM Self-Correction" or "Multi-Agent Debate"
frameworks use LLM interactions to refine reasoning qual-
ity(Pan et al., 2024; He et al., 2025; Zhang et al., 2025).

Our work departs from traditional self-play by employing a
two-stage distillation pipeline. Instead of agents playing to
maximize a reward signal, our "Thinking Agents" act as a
deliberative supervisor, refining the "Intuitive Agent’s" sug-
gestions into coordinated trajectories. This process distills
coordination and conflict-resolution capabilities of large-

scale models into a compact "Distilled Agent." Unlike stan-
dard reasoning distillation approaches focusing on improv-
ing single-agent reasoning quality or final-answer accuracy,
our framework distills structured coordination behaviors
emerging from multi-agent deliberation. The student model
learns not only executable actions, but also transferable coor-
dination patterns for task allocation and conflict resolution.

3. The SynCoord Framework
We present our self-supervised coordination pipeline for
multi-agent collaboration, which leverages the complemen-
tary strengths of deliberative reasoning and efficient ex-
ecution. We begin by formally defining the multi-agent
collaborative task and then detail our two-stage pipeline.
To simplify inter-agent communication and enable a clear
division of responsibilities, we assume that a task, once
allocated to one agent, is not reassigned to the other agent.

3.1. Task Definition

We consider a partially observable multi-agent coop-
erative environment, formalized by the tuple M “

xN ,S, tTiuiPN , tOiuiPN , T,Ωy. Here, N “ t1, . . . , nu

is the set of agents; S is the global state space; Oi is the
local observation space for agent i, and Ω : S Ñ

ś

iPN Oi

is the observation function. Unlike standard step-wise con-
trol, we define Ti as a semantic task space (e.g., executable
function calls) rather than a low-level action space, with T
representing the environment transition after task execution.

Whenever task reassignment is triggered, agent i receives
a local observation oti “ Ωips

tq and selects a semantic task
τ ti P Ti based on its policy πi. The joint task assignment
τ t “ pτ t1, . . . , τ

t
nq is then executed in the environment,

leading to a new state st`1. Instead of maximizing a step-
wise numerical reward, the objective is to learn a set of
task-level policies tπiuiPN that coordinate to accomplish
a shared global goal (e.g., completing all required recipes)
within minimal execution timesteps.

3.2. Overview

Our framework adopts a two-stage design that explicitly
separates deliberative coordination from efficient execution.
The core idea is to use a high-capacity language model
to generate task-level coordination supervision, which is
then distilled into lightweight policies suitable for real-time
multi-agent control under strict latency constraints.

Thinking Agent. The Thinking Agent is a large language
model with access to the global environment state and full
multi-agent context. It performs deliberative multi-agent
reasoning to resolve task dependencies and coordination
conflicts, producing task assignments together with struc-
tured coordination rationales that explain the underlying
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Figure 2. Two-stage coordination pipeline with reasoning-to-execution distillation. A high-capacity Thinking Agent performs global
reasoning and coordination, while the distilled agent executes task-level decisions efficiently using local observations without thinking.

decisions. Importantly, the Thinking Agent is used only
during offline data generation and does not act directly at
deployment time, avoiding runtime computational overhead.

Given the current state, the Thinking Agent outputs a tuple
pτ t, et, ctq, where τ t denotes semantic task assignments, et

contains agent-specific coordination explanations grounded
in local roles, and ct summarizes the global coordination
rationale. The reasoning outputs pet, ctq are optional. Each
assigned task is executed through a corresponding sequence
of low-level environment actions until task completion or
significant environmental changes occur.

Distilled Agent. The Distilled Agent represents the
execution-time policy. It operates under partial observability
using only locally available execution-time information, and
is implemented as a compact language model that predicts
executable function calls with minimal inference cost. The
Distilled Agent does not have access to privileged global in-
formation, such as the full environment state or coordination
rationales.

During training, the distilled agent is supervised using only
local observations and the corresponding task assignments
generated by the Thinking Agent, preventing information
leakage from privileged global states.

The Thinking Agent generates a coordination dataset

Dcoop “ tpst, τ tquTt“0

where τ t denotes task-level assignments, and atτ denotes the
corresponding low-level action trajectories induced during
execution.

Optional coordination annotations, such as explanations or

global rationales, may be generated during rollout collection
to improve coordination consistency.

The distilled policy is trained only on local observations
together with task-level assignments τ t. Unlike reactive
policies that repeatedly replan low-level actions, SynCoord
maintains persistent task assignments until task completion
or significant environmental changes occur.

All privileged information, including global state access
and coordination rationales, is discarded before training the
execution-time policies to ensure fair, realistic evaluation.

3.3. Preliminary Intuitive Agent Bootstrap

To mitigate the cold-start issue during coordination data gen-
eration, we introduce a preliminary bootstrap phase. Since
the Thinking Agent is instantiated from a general-purpose
foundation model without task-specific planning priors, its
initial coordination outputs may be invalid or inefficient in
complex environments.

We therefore train a lightweight bootstrap Intuitive Agent
πbootstrap to capture basic environment dynamics and individ-
ual agent behaviors. This policy is trained via supervised
fine-tuning on single-agent trajectories:

Lbootstrappϕq “ Epot,τtq„Dsingle

“

´ log πbootstrappτ t | ot;ϕq
‰

.
(1)

During data collection, πbootstrap is used only to provide
executable task proposals that guide the Thinking Agent
toward valid and environment-consistent coordination plans
during early exploration. It does not act as a deployment
policy and does not override the Thinking Agent’s decisions,
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serving purely as a facilitation mechanism.

3.4. Knowledge Distillation

To obtain executable policies under partial observability,
we decompose the Thinking Agent’s trajectories into local
observation-task training data. We construct a shared dis-
tillation dataset Ddist “ tpoti, f

t
i qui,t, where oti “ Ωips

tq

denotes the local observation available at execution time,
and f t

i is the function call corresponding to the task assign-
ment selected by the Thinking Agent.

The Distilled Agent is implemented as a compact language
model that maps local observations to function calls:

f t
i „ πDistilledp¨ | oti; θq, (2)

where the predicted function call is executed through the
environment interface:

ati “ executepf t
i q. (3)

The Distilled Agent is trained via behavior cloning using
a standard cross-entropy loss over function calls for su-
pervised distillation. All privileged information, including
global state access and coordination rationales, is excluded
during training and execution, ensuring consistency between
training and deployment conditions.

3.5. Pipeline Integration

Algorithm 1 SynCoord: Task-Level Coordination
1: Phase 1: Bootstrap (Intuitive Agent Pretraining)
2: Collect single-agent trajectories Dsingle
3: Train Intuitive Agent πint to execute basic tasks via SFT on

Dsingle

4: Phase 2: Data Generation (Thinking Agent Supervision)
5: for episode k “ 1 to K do
6: Initialize environment state s0

7: while task not completed do
8: Obtain task proposals from πint for current state st

9: Thinking Agent πthink reasons over st and proposals:
10: Generate coordinated task assignments τ t

“

pτ t
1, . . . , τ

t
nq

11: (Optional) Generate coordination rationales et

12: Agents execute tasks τ t until completion or state change
13: Store global transition pst, τ t

q in Dcoop
14: end while
15: end for
16: Phase 3: Distillation (Distilled Agent Training)
17: for each agent i P t1, . . . , nu do
18: Map global states st P Dcoop to local observations oti “

Ωips
t
q

19: Add poti, f
t
i q to Ddist

20: end for
21: Train Distilled Agent πdist via behavior cloning on Ddist

22: Deployment
23: Execute πdist in real-time using only local observations oti

4. Experiments
4.1. Experimental Setup

We evaluate the SynCoord framework in the Overcooked-
AI environment(Carroll et al., 2019), a benchmark requir-
ing real-time multi-agent coordination under partial observ-
ability and dynamic task sequencing. To further assess
cross-environment generalization, we additionally evalu-
ate SynCoord on the Level-Based Foraging (LBF) bench-
mark(Papoudakis et al., 2020), where agents must coor-
dinate to collect items with varying levels. We employ
Qwen2.5-7B as the base model for both the Intuitive and
Distilled Agents to ensure a balance between reasoning per-
formance and execution speed. The Thinking Agent, which
provides high-level coordination supervision, is powered by
the official Qwen3-235B-A22B model to leverage its supe-
rior deliberative capabilities. For the distillation process, we
curate a dataset of approximately 1,200 high-quality inter-
action trajectories generated by the Thinking Agent. These
trajectories contain semantic task-level coordination assign-
ments together with their corresponding executable action
trajectories, which are distilled into the 7B model using
supervised fine-tuning. To bridge high-level planning with
environmental execution, our framework utilizes a struc-
tured tool interface—abstracting low-level navigation into
semantic tasks to enable the agents to prioritize strategic
cooperation and task dependency resolution over grid-level
movement.

Layouts. We evaluate our method across five standard
Overcooked-AI layouts(Carroll et al., 2019), which present
a diverse spectrum of coordination challenges. These bench-
marks are characterized by varying degrees of functional
overlap and spatial constraints, ranging from Disjoint lay-
outs that necessitate forced cooperation across separated
regions, to Open and Ring configurations (e.g., Cramped
Room and Counter Circuit) where high spatial interference
and potential collisions demand precise navigation. We also
include Overlap layouts to test the policy’s ability to handle
asymmetric advantages and resource redundancy. To ensure
robustness, each layout comprises 13 distinct scene instanti-
ations with randomized ingredient placements, resulting in a
total training distribution of 5 ˆ 13 scenarios. Furthermore,
we extend the original two-agent configurations to accom-
modate teams of up to three agents, allowing us to assess
the scalability of our coordination policy under increased
task complexity.

Recipe. Recipes differ in the number and type of ingredients
and required cooking steps. We include both 13 seen recipes
(used during single agent and SynCoord training) and 17
unseen recipes (not encountered during training) to evaluate
the compositional generalization of our model.

LBF Benchmark. We additionally evaluate SynCoord on
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the Level-Based Foraging (LBF) benchmark(Papoudakis
et al., 2020) using the official EPYMARL setup. To evaluate
scalability and transferability, SynCoord is trained only on
1-agent and 2-agent environments and evaluated zero-shot
on unseen 3-agent configurations and larger layouts without
retraining.

Evaluation metrics. We report three key metrics to evaluate
coordination performance: Success Rate (SR), the fraction
of episodes where all recipes are completed; Average Suc-
cess Timesteps (Avg T), the total steps required for comple-
tion, reflecting execution efficiency; and Average Success
Shaped Reward (Avg R), which captures cumulative in-
termediate progress and interaction precision. Importantly,
a higher Avg R does not necessarily indicate better perfor-
mance, as it can be inflated by redundant or non-essential
object interactions; therefore, Avg R should be interpreted
jointly with success rate and execution efficiency when eval-
uating coordination quality.

To comprehensively evaluate the proposed SynCoord frame-
work, our experiments are designed around three comple-
mentary aspects. First, we perform a main performance
comparison between the distilled SynCoord model and both
RL-based and LLM-based baselines, measuring success rate,
average timesteps, and shaped rewards across all canonical
layouts and reporting both per-layout and aggregated met-
rics. Second, we assess generalization capabilities of the
SynCoord along two dimensions: recipe generalization, by
evaluating on both seen and previously unseen recipes, and
team-size generalization, by comparing independent single-
agent execution with two-agent and three-agent cooperative
scenarios. Finally, we conduct a set of ablation studies to
quantify the contributions of each design choice. All experi-
ments are averaged over 5 seeds to account for stochasticity
in both environment dynamics and policy initialization.

4.2. Main Results on Overcooked-AI

We evaluate our task-level coordination policy, SynCoord,
against two categories of baselines: RL-based multi-agent
methods, including MAPPO, RMAPPO(Yu et al., 2022),
and IPPO(De Witt et al., 2020), and prompt-based LLM
policies, including GPT-5.2(Agarwal et al., 2025), Gemini-
3-flash(Team et al., 2023), and Qwen3(Bai et al., 2023). For
LLM baselines, we maintain the same prompt structure as
used in SynCoord to ensure a fair comparison of reasoning
capabilities. Regarding the RL baselines, we restrict their
evaluation to simpler distributions (1ˆ1 and 1ˆ13) because
standard MARL methods struggle with high optimization
complexity and often fail to converge or exhibit unstable
behavior when trained on the full, diverse 5 ˆ 13 layout
distribution.

As shown in Table 1, a key distinction lies in the training
distribution. While our SynCoord is trained once on a broad

distribution covering 5 layouts with 13 scenes each (5 ˆ

13), RL baselines struggle significantly with generalization.
When the distribution expands from a single scene (1 ˆ 1)
to 1 ˆ 13, the success rate (SR) of RL methods collapses
to approximately 20%. Furthermore, RL methods fail to
converge or yield highly unstable behavior on the full 5 ˆ

13 training set. Consequently, the RL results in Table 1
represent their performance on the simplified layouts where
they could be reliably trained.

Comparison with RL Baselines. On the subset of layouts
where RL baselines are viable, SynCoord achieves a compa-
rable success rate of 97.4%. Notably, SynCoord maintains
a lower average completion time (Avg T = 39.97) than most
RL baselines, indicating that our policy’s execution is at
least as efficient as specialized RL coordination. An impor-
tant observation is that SynCoord yields a lower average
shaped reward (Avg R) than MAPPO (35.12 vs. 39.77). In
this environment, the shaped reward reflects the frequency
of object interactions, where higher reward often indicates
redundant or non-essential actions that inflate interaction
counts. The lower reward of SynCoord, coupled with its
high success rate, suggests a more precise and conservative
execution, achieving task completion with fewer unneces-
sary or misaligned actions.

Comparison with LLM Baselines. When compared
against training-free LLM baselines on the full 5ˆ 13 distri-
bution, SynCoord demonstrates a superior balance between
reasoning and execution efficiency. While state-of-the-art
LLMs like Qwen3-235B and Gemini-3-flash achieve im-
pressive success rates (98% and 96% respectively), they
exhibit significantly higher average completion timesteps
compared to SynCoord (39.97). This disparity suggests that
while LLMs possess strong zero-shot reasoning for high-
level task allocation, they lack the temporal consistency
and execution precision required for optimal multi-agent
coordination, often leading to "trial-and-error" steps.

Table 1. Performance comparison under different training distribu-
tions. SynCoord and LLM agents are trained or tested on 5 ˆ 13
layouts, while RL baselines are trained on a single layout or 1 ˆ

13 layouts. All methods are evaluated on their respective training
layouts.

Method Train/Test SR Ò Avg T Ó Avg R ´

MAPPO 1ˆ1 1.00 42.44 39.77
MAPPO 1ˆ13 0.21 43.63 49.00
RMAPPO 1ˆ1 1.00 38.49 37.26
RMAPPO 1ˆ13 0.18 39.14 36.14
IPPO 1ˆ1 1.00 38.49 37.26
IPPO 1ˆ13 0.21 65.13 46.49

GPT-5.2 5ˆ13 0.86 48.25 36.28
Gemini-3-flash 5ˆ13 0.96 44.24 35.25
Qwen3-235B-A22B 5ˆ13 0.98 46.88 35.28

SynCoord 5ˆ13 0.97 39.97 35.12
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4.3. Generalization to Unseen Task Compositions

To measure zero-shot generalization, we evaluate each
method on unseen recipes that never appear in single-agent
pretraining or two-agent data collection.

We evaluate generalization using both success rate and exe-
cution timesteps. While success rate reflects whether agents
can complete unseen recipes, timesteps capture the effi-
ciency and coordination quality of the resulting behaviors.
Reporting both metrics is crucial, as success alone does
not reveal degraded coordination under distribution shifts.
Results suggest that task-level coordination facilitates com-
positional generalization across unseen recipe combinations.

Table 2. Generalization to 17 unseen recipes across all layouts.

Layout Seen SR Unseen SR Drop

Disjoint 1.00 0.99 0.01
Overlap 1.00 1.00 0.0000
Open 0.92 0.87 0.05
Ring1 1.00 0.98 0.02
Ring2 1.00 0.97 0.03

Avg 0.98 0.97 0.02

4.4. Scalability with Team Size

To evaluate whether the learned coordination abstraction
transfers across different team sizes, we test SynCoord under
random layouts while varying the number of simultaneously
controlled agents from one to three. As shown in Fig. 3,
the first column reports the Intuitive Agent baseline, which
is trained to act in the environment but not for multi-agent
coordination. The remaining columns report SynCoord
distilled agents when coordinating 1–3 agents.

Overall, the performance remains strong as team size in-
creases. The SynCoord distilled agent achieves near-perfect
success rates when coordinating one or two agents across all
random scenarios, and maintains a high overall success rate
of 82.8% with three agents. This suggests that the learned
coordination abstraction can generalize to larger team sizes
without retraining or team-size-specific tuning.

As expected, the average timesteps to completion increase
moderately with larger teams, reflecting additional coordina-
tion overhead rather than a degradation in decision quality.
In several scenarios, adding agents reduces completion time
relative to the Intuitive Agent baseline, indicating effective
parallelization enabled by task-level coordination.

We focus on SynCoord in this analysis, as reliably training
baseline MARL methods under these larger multi-agent set-
tings proved challenging in our experiments. Although the
system demonstrates strong generalization, success rates
decline in certain three-agent tests. Detailed inspection of
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Figure 3. Performance of the task-level coordination policy
under different team sizes. We report Success Rate (SR) and
Average Success Timesteps (Avg T) in different settings. The
shade represents the standard deviation of the residuals around
the fitted polynomial curve, illustrating an approximate range of
variability but not a true statistical confidence interval.

these failure modes confirms that the bottleneck is not coor-
dination logic, but severe spatial crowding. In constrained
maps, the addition of a third agent leads to significant con-
tention for physical space, causing frequent collisions and
blocking behavior. Because our current task abstraction
does not explicitly account for agent-to-area density, high-
level plans often fail at the execution level due to physi-
cal deadlock. This underscores the challenge of managing
coordination in high-density environments where spatial
interference becomes a dominant factor.

4.5. Cross-Environment Generalization on LBF

To evaluate whether task-level coordination generalizes be-
yond Overcooked-style collaboration, we conduct additional
experiments on the Level-Based Foraging (LBF) bench-
mark, where agents must coordinate under sparse rewards,
larger spatial layouts, and dynamically varying cooperative
requirements.

To rigorously evaluate zero-shot scalability, SynCoord is
trained exclusively on 1- and 2-agent scenarios (e.g., 8x8-2p-
2f-coop), while all 3-agent environments remain entirely un-
seen during training. We evaluate the learned coordination
policy directly on larger and more complex layouts, includ-
ing 10x10-3p-3f and 15x15-3p-5f configurations, without
any finetuning or team-size-specific adaptation.

We compare SynCoord against standard MARL baselines,
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Table 3. Zero-shot generalization on the Level-Based Foraging
(LBF) benchmark. SynCoord is trained only on 1-agent and 2-
agent environments and evaluated directly on unseen 3-agent set-
tings and larger layouts without retraining.

Environment Method SR Ò Avg T Ó Avg R Ò

8ˆ8-2p-2f-coop
MAPPO 1.00 13.00 1.00
IPPO 1.00 11.20 1.00
SynCoord 1.00 16.20 1.00

10ˆ10-3p-3f
MAPPO 1.00 22.40 1.00
IPPO 1.00 28.20 1.00
SynCoord 1.00 23.40 1.00

15ˆ15-3p-5f
(50 steps)

MAPPO 0.00 50.00 0.38
IPPO 0.00 50.00 0.50
SynCoord 0.40 42.20 0.74

15ˆ15-3p-5f
(100 steps)

MAPPO 0.00 100.00 0.45
IPPO 0.00 100.00 0.64
SynCoord 0.80 54.80 0.85

including MAPPO and IPPO, implemented using the offi-
cial EPYMARL framework with 5 random seeds. In LBF,
higher shaped rewards directly correlate with successful
cooperative collection efficiency.

As shown in Table 3, SynCoord demonstrates strong zero-
shot scalability across both team size and environment scale.
Although trained only on two-agent data, SynCoord general-
izes perfectly to the unseen 10x10-3p-3f setting, achieving a
1.00 success rate without any team-specific adaptation. This
suggests that the learned task-level coordination abstraction
transfers naturally across different agent compositions.

More importantly, in the substantially harder 15x15-3p-5f
environment, both MAPPO and IPPO struggle to solve the
task even with extended horizons, while SynCoord main-
tains a 40% success rate within 50 steps and reaches 80%
success within 100 steps.

We observe that RL baselines tend to exhibit locally reac-
tive behaviors that struggle under large-scale sparse-reward
coordination, leading to inefficient exploration and poor
subtask allocation. In contrast, SynCoord explicitly rea-
sons over semantic task assignments, enabling agents to
avoid conflicting objectives and distribute cooperative sub-
tasks more effectively. These results suggest that task-level
coordination provides strong inductive priors for scalable
multi-agent cooperation, particularly under unseen team
sizes and expanded spatial layouts.

4.6. Ablation Studies

Table 4 presents a comprehensive ablation analysis of Syn-
Coord, focusing on three key components: (i) the bootstrap
phase based on executable single-agent behaviors, (ii) the ca-
pacity of the teacher reasoning model, and (iii) the capacity
of the distilled intuitive coordination agent.

Table 4. Ablation study on bootstrap supervision, teacher capacity,
and intuitive agent capacity. SR: Success Rate, Avg T: Average
Success Timesteps, Data Acc: Teacher Data Collection Accuracy.

Ablation Setting SR Ò Avg T Ó Data Acc Ò

Bootstrap SynCoord 0.95 46.65 0.97
w/o Bootstrap 0.65 45.87 0.90

Teacher Capacity Qwen3-30B 0.92 46.92 0.945
Qwen3-8B 0.80 46.51 0.69

Student Capacity 7B Intuitive Agent 0.95 46.65 0.97
1.5B Intuitive Agent 0.00 – 0.92

First, we evaluate the importance of the bootstrap phase. Re-
moving the bootstrap stage significantly reduces the success
rate from 0.95 to 0.65. This result demonstrates that exe-
cutable single-agent priors are critical for overcoming the
cold-start problem in cooperative environments. Without
such initialization, the reasoning teacher frequently gener-
ates unexecutable actions during early exploration due to
physical constraints and sparse coordination signals, leading
to unstable data collection.

Second, we analyze the sensitivity of SynCoord to the
teacher model capacity. Replacing the 235B teacher with a
smaller 30B model only slightly reduces performance, in-
dicating that the framework does not rely on a near-perfect
oracle teacher. However, further reducing the teacher size to
8B substantially decreases both data collection accuracy
and final success rate. This finding suggests that high-
quality task-level coordination supervision benefits from
sufficiently capable reasoning models.

Finally, we study the capacity requirement of the distilled
intuitive agent. Although the 1.5B agent achieves relatively
high single-agent behavioral accuracy, it completely fails
in cooperative execution with a 0.00 success rate. We ob-
serve that the small model frequently falls into local action
repetition and fails to maintain long-horizon coordination
consistency. This result indicates that task-level coordina-
tion requires substantially higher representational capacity
than local behavior imitation, while the 7B model provides
an effective balance between inference efficiency and coor-
dination capability.

Overall, these results demonstrate that SynCoord depends
on the synergy between structured bootstrap supervision,
high-capacity reasoning teachers, and sufficiently expressive
distilled coordination policies.

In addition to performance, inference efficiency differs sub-
stantially across methods. The SynCoord distilled model
achieves an average decision latency of 350 ms, compared to
15609 ms for Qwen3-235B-A22B (Thinking Agent). This
reduction enables practical deployment in real-time multi-
agent control loops, while preserving task-level coordination
quality.
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4.7. Analysis of Coordination Patterns

We analyze the coordination behaviors induced to better un-
derstand how task-level assignment systematically translates
into effective multi-agent cooperation. Across the majority
of layouts, we observe a consistent coordination pattern in
which agents specialize in complementary tasks, i.e., while
one agent performs ingredient collection, another concur-
rently handles dish collection. This form of implicit task
parallelism emerges without explicit joint action modeling
and remains stable even in visually and spatially highly
complex environments.

Notably, this pattern generalizes across layouts with differ-
ent bottlenecks and resource placements. As long as the
task decomposition admits parallel execution (e.g., ingredi-
ent collection versus delivery), the distilled agent is able to
assign non-conflicting tasks that reduce idle time and avoid
agent interference. This suggests that task-level coordina-
tion alone is sufficient to capture a large portion of effective
cooperative structure in Overcooked-style environments.

However, we also identify failure cases in more constrained
layouts, as illustrated in Fig. 4c and Fig. 4d. In these scenar-
ios, successful cooperation requires fine-grained temporal
synchronization or dynamic task reassignment under tight
spatial constraints. Since the distilled agent operates over
predefined task abstractions and does not explicitly reason
about future congestion or deadlock, agents may commit
to locally valid but globally incompatible task assignments,
leading to stalled progress or inefficient oscillations. In ad-
dition, Fig. 4d highlights a distinct failure mode in which
effective cooperation relies on explicit ingredient passing be-
tween agents. This interaction is not encapsulated as a tool
in our framework, and therefore cannot be discovered or ex-
ploited in the same way as in RL-based approaches that learn
such low-level coordination behaviors through action-level
optimization, as observed in prior work on Overcooked-AI.

These observations highlight a key trade-off of task-level
coordination: while it enables robust and generalizable co-
operation in most settings, its expressiveness is limited in
layouts where successful execution critically depends on
precise timing or adaptation beyond the predefined task set.

5. Discussion
Summary. This work introduces SynCoord, a framework
that reframes generalizable multi-agent cooperation as a
task-level coordination problem rather than a low-level
joint control problem. By distilling high-capacity reasoning
from "Thinking Agents" into a lightweight, real-time "Dis-
tilled Agent," we decouple deliberative task allocation from
execution-time constraints. Experiments on the Overcooked-
AI benchmark demonstrate that SynCoord achieves strong
generalization across diverse layouts and unseen task com-

(a) Success case 1 (b) Success case 2

(c) Failure case 1 (d) Failure case 2
Figure 4. Examples of different layouts and representative fail-
ure cases. Success cases illustrate stable task parallelism enabled
by task-level coordination, while failure cases highlight limitations
in tight spatial constraints and interactions requiring fine-grained
temporal synchronization.

positions while maintaining efficient execution. Further-
more, our distilled policy maintains high efficiency across
unseen recipes and scales zero-shot to three-agent teams.
Results suggest that task-level abstractions distilled from
reasoning models provide an effective and computationally
efficient approach for scalable multi-agent collaboration.

Limitations and Future Work. Despite its effectiveness,
our approach relies on offline LLM supervision without di-
rect environment interaction, which may limit adaptation
under stochastic or rapidly changing environments. Second,
the centralized paradigm assumes full observability, limiting
its application to decentralized human-agent collaboration
where intent inference is required. Finally, fixed task ab-
stractions may restrict expressiveness in highly dynamic
scenarios. Future work will explore online environment
feedback, adaptive task abstractions, and explicit spatial
reasoning to enhance coordination flexibility.

Impact Statement
This work advances multi-agent generalization through
LLM distillation, offering scalable coordination for robotics
and logistics. We anticipate minimal negative societal im-
pact as a simulation-based study; however, real-world de-
ployment necessitates rigorous safety testing to mitigate
risks under distribution shifts.
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A. Preliminary Intuitive Agent Bootstrap
We collected 400 trajectories using a heuristic agent to finetune the Large Language Model, including completing the
combination of 13 kinds of recipes under 40 different layouts. Different layouts are described in Fig. 5.

Figure 5. Intuitive agent training layouts

The recipes include: (’onion’, ’onion’, ’onion’), (’beef’, ’beef’), (’onion’, ’onion’, ’tomato’), (’onion’, ’onion’), (’onion’,
’tomato’, ’tomato’), (’tomato’, ’tomato’), (’beef’, ’onion’, ’onion’), (’onion’, ’tomato’), (’beef’, ’onion’), (’tomato’, ’tomato’,
’tomato’), (’beef’, ’tomato’), (’apple’, ’apple’), (’apple’, ’tomato’). We then test the model on 500 seen and unseen recipes
and layouts.
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The intuitive agent finetune data sample is shown below:

{
"id": "77ef631d-42f5-4a6a-bd17-089f141f08ad",
"conversations": [
{
"from": "human",
"value": "You are a helpful assistant in kitchen. You have to: 1.pick up and deliver

the ingredients to pot, one ingredient at a time, according to the receipes;2.
start cooking;3.get the dish;4.go to the pot and get the food;5. go to the
serving point. You must only generate actions involving objects listed after ’
You can access’. If an object is not listed there, you cannot interact with it.
Do not output wait unless there is truly nothing else to do. You can access:
dish, onion, pot, serving_loc. \nYour state: You are holding dish. The current
order is: [’onion’, ’onion’]. Ingredients in the pot include onion, onion. Soup
is cooking, need wait. Objects within reach include pot. "

},
{
"from": "function_call",
"value": "[{\"name\": \"wait\", \"arguments\": {}}]"

}
],
"tools": "[{\"name\": \"move_to\", \"description\": \"moving to certain position\", \"

parameters\": {\"type\": \"object\", \"properties\": {\"target\": {\"type\": \"
string\", \"enum\": [\"onion\", \"tomato\", \"apple\", \"beef\", \"dish\", \"pot\",
\"serving_point\"], \"description\": \"target position, choose from ’onion’, ’

tomato’, ’apple’, ’beef’, ’pot’, ’dish’, ’serving point’\"} }, \"required\": [\"
target\"]} }, {\"name\": \"pickup_item\", \"description\": \"pick up certain object
\", \"parameters\": {\"type\": \"object\", \"properties\": {\"item_type\": {\"type
\": \"string\", \"enum\": [\"onion\", \"tomato\", \"apple\", \"beef\", \"dish\"],
\"description\": \"object type\"} }, \"required\": [\"item_type\"]} }, {\"name\":
\"put_into_pot\", \"description\": \"put certain object into the pot, need holding
the object after move to pot\", \"parameters\": {\"type\": \"object\", \"properties
\": {} }, \"required\": []}, {\"name\": \"start_cooking\", \"description\": \"start
cooking, need all objects in the pot\", \"parameters\": {\"type\": \"object\", \"

properties\": {} }, \"required\": [] }, {\"name\": \"take_meal\", \"description\":
\"take meal after moving to the pot when holding a dish, to get the cooked meal
into the dish\", \"parameters\": {\"type\": \"object\", \"properties\": {} }, \"
required\": []}, {\"name\": \"serve_meal\", \"description\": \"serve the cooked
meal to the serving location, after move to the serving location and take meal into
the dish\", \"parameters\": {\"type\": \"object\", \"properties\": {} }, \"

required\": []}, {\"name\": \"wait\", \"description\": \"do nothing, just wait,
when the objects are not ready or the agent is waiting for the other agent to
finish\", \"parameters\": {\"type\": \"object\", \"properties\": {} }, \"required\":
[]}, {\"name\": \"step_back\", \"description\": \"step back, when the agent is in

the way of the other agent\", \"parameters\": {\"type\": \"object\", \"properties\":
{} }, \"required\": []} ]"

},
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Table 5. Tools for function call

Name Description

move_to moving to certain position
pickup_item pick up certain object when it is nearby
put_into_pot put certain object into the pot after move to pot, need holding the object
start_cooking start cooking, need all objects in the pot, before move to the dish
take_meal take meal after moving to the pot when holding a dish, to get the cooked

meal into the dish
serve_meal serve the cooked meal to the serving location, after move to the serving

location and take meal into the dish
wait do nothing, just wait, when the objects are not ready or the agent is

waiting for the other agent to finish
step_back step back, when the agent is in the way of the other agent

As shown in Table 5, we designed several tools and they remain the same throughout the process.

OVERCOOKED_TOOLS = [
{

"type": "function",
"function": {

"name": "move_to",
"description": "moving to certain position",
"parameters": {

"type": "object",
"properties": {

"target": {
"type": "string",
"enum": ["onion", "tomato", "apple", "beef", "dish", "pot", "serving_loc

"],
"description": "target position, choose from ’onion’, ’tomato’, ’apple’,

’beef’, ’pot’, ’dish’, ’serving_loc’"
}

},
"required": ["target"]

}
}

},
{

"type": "function",
"function": {

"name": "pickup_item",
"description": "pick up certain object when it is nearby",
"parameters": {

"type": "object",
"properties": {

"item_type": {
"type": "string",
"enum": ["onion", "tomato", "apple", "beef", "dish"],
"description": "object type"

}
},
"required": ["item_type"]

}
}

},
{

"type": "function",
"function": {

"name": "put_into_pot",
"description": "put certain object into the pot after move to pot, need holding
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the object",
"parameters": {

"type": "object",
"properties": {}

},
"required": []

}
},
{

"type": "function",
"function": {

"name": "start_cooking",
"description": "start cooking, need all objects in the pot, before move to the

dish",
"parameters": {

"type": "object",
"properties": {}

},
"required": []

}
},
{

"type": "function",
"function": {

"name": "take_meal",
"description": "take meal after moving to the pot when holding a dish, to get the

cooked meal into the dish",
"parameters": {

"type": "object",
"properties": {}

},
"required": []

}
},
{

"type": "function",
"function": {

"name": "serve_meal",
"description": "serve the cooked meal to the serving location, after move to the

serving location and take meal into the dish.",
"parameters": {

"type": "object",
"properties": {}

},
"required": []

}
},
{

"type": "function",
"function": {

"name": "wait",
"description": "do nothing, just wait, when the objects are not ready or the

agent is waiting for the other agent to finish",
"parameters": {

"type": "object",
"properties": {}

},
"required": []

}
},
{

"type": "function",
"function": {

"name": "step_back",
"description": "step back, when the agent is in the way of the other agent",
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"parameters": {
"type": "object",
"properties": {}

},
"required": []

},
},

]

B. Distilled Agent Training
We used the same recipes as those employed in training the Intuitive Agent, including all 13 recipes. The distilled agent
finetune data sample is shown below:

{
"id": "61b43620-b2ea-482e-8480-63fac29546c8",
"conversations": [
{
"from": "system",
"value": "\nYou are an Overcooked game task allocator. Based on the current state,

select the best task for the agent.\n\nCurrent state:\n- Agent agent_1: holding
nothing, can access [’beef’, ’wall’, ’onion’, ’pot’]\n- Another agent: holding
tomato, status busy, action queue [[-1, 0], [0, 1], [0, 1]]\n- Current order: [’
tomato’, ’tomato’]\n- Task queue: [’pickup_tomato’, ’deliver_tomato’, ’
start_cooking’, ’get_dish’, ’get_soup’, ’serve_dish’]\n- Pot state: {’has_soup’:
False, ’soup_ready’: False, ’ingredients’: [], ’ingredients_match_order’: False

}\n- Completed tasks: [’pickup_tomato’]\n- Whether this agent has completed
get_soup before: False\n\nTask execution conditions (must be strictly checked):\
n1. pickup_X task:\n - The agent must be empty-handed (holding nothing)\n - The
agent must be able to access object X\n\n2. deliver_X task:\n - The agent must
be holding item X\n - The agent must be able to access the pot\n - X must be in
the agent’s accessible object list\n\n3. start_cooking task:\n - The agent must
be empty-handed\n - The agent must be able to access the pot\n - The pot must
contain soup (has_soup is true)\n - The ingredients in the pot must exactly
match the order (ingredients_match_order is true)\n\n4. get_dish task:\n - The
agent must be empty-handed\n - The agent must be able to access a dish\n\n5.
get_soup task:\n - The agent must be holding a dish\n - The agent must be able
to access the pot\n - The soup must already be ready (soup_ready is true)\n\n6.
serve_dish task:\n - The agent must be holding soup\n - This agent must have
completed the get_soup task before\n\nPlease strictly check the feasibility of
each task according to the above conditions and select the first task that
satisfies all conditions. If no task is feasible, return -1.\n"

},
{
"from": "human",
"value": "Please select the best task for agent_1"

},
{
"from": "function_call",
"value": "[{\"name\": \"select_task\", \"arguments\": {\"selected_task_index\": -1,

\"reason\": \"No feasible task can be executed\"}}]"
}

],
"tools": "[{\"type\": \"function\", \"function\": {\"name\": \"select_task\", \"

description\": \"Analyze the task queue and select the optimal task\", \"parameters
\": {\"type\": \"object\", \"properties\": {\"selected_task_index\": {\"type\": \"
integer\", \"description\": \"Index of the selected task in the queue; return -1 if
no feasible task exists\"}, \"reason\": {\"type\": \"string\", \"description\": \"

Reason for selecting this task\"}}, \"required\": [\"selected_task_index\", \"
reason\"]}}}]"

},
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tools = [
{

"type": "function",
"function": {

"name": "select_task",
"description": "Analyze the task queue and select the optimal task",
"parameters": {

"type": "object",
"properties": {

"selected_task_index": {
"type": "integer",
"description": "Index of the selected task in the task queue; return -1

if no feasible task exists"
},
"reason": {

"type": "string",
"description": "Reason for selecting this task"

}
},
"required": ["selected_task_index", "reason"]

}
}

}
]

System prompt:

system_prompt = f"""
You are an Overcooked game task allocator. Based on the current state, select the best

task for the agent.

Current state:
- Agent {serializable_state[’agent_id’]}: holding {serializable_state[’agent_held’] or ’

nothing’}, can access {serializable_state[’agent_accessible’]}
- Another agent: holding {serializable_state[’other_agent_held’] or ’nothing’}, status {

serializable_state[’other_agent_status’]}, action queue {serializable_state[’
other_agent_actions’]}

- Current order: {serializable_state[’current_order’]}
- Task queue: {serializable_state[’task_queue’]}
- Pot state: {serializable_state[’pot_status’]}
- Completed tasks: {serializable_state[’completed_tasks’]}
- Whether this agent has completed get_soup before: {serializable_state[’

get_soup_completed_by_agent’]}

Task execution conditions (must be strictly checked):
1. pickup_X task:

- The agent must be empty-handed (holding nothing)
- The agent must be able to access object X

2. deliver_X task:
- The agent must be holding item X
- The agent must be able to access the pot
- X must be in the agent’s accessible object list

3. start_cooking task:
- The agent must be empty-handed
- The agent must be able to access the pot
- The pot must contain soup (has_soup is true)
- The ingredients in the pot must exactly match the order (ingredients_match_order is

true)

4. get_dish task:
- The agent must be empty-handed
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- The agent must be able to access a dish

5. get_soup task:
- The agent must be holding a dish
- The agent must be able to access the pot
- The soup must already be ready (soup_ready is true)

6. serve_dish task:
- The agent must be holding soup
- This agent must have completed the get_soup task before

Please strictly check the feasibility of each task according to the above conditions and
select the first task that satisfies all conditions. If no task is feasible, return -1.

Single-agent prompt: {getattr(state_info, ’single_agent_prompt’, ’’)}
"""

C. Experiment results
Recipe selection Except for the original ingredients "onion" and "tomato" in Overcooked-AI(Carroll et al., 2019), we
introduce "beef" and "apple" to increase task variety and evaluate the agents’ ability to handle unseen recipes. Each recipe
consists of 2–2-3 ingredients.

Action space To better align with real-world action semantics, we designed a higher-level action space (move_to,
pickup_item, start_cooking, etc.) for the LLM agent, instead of relying on the single overloaded interact action in
the standard Overcooked environment. This makes the agent’s reasoning more interpretable and generalizable, but also
increases the planning overhead, leading to slower execution compared to RL agents operating in the simplified environment.

Baselines We evaluated success rate and average success timesteps of our approach against three multi-agent reinforcement
learning baselines including MAPPO, RMAPPO and IPPO.

• MAPPO: parameter-shared PPO with a centralized critic (centralized value for training) as described in previous
MARL work;

• R-MAPPO: recurrent MAPPO (MAPPO with a recurrent policy/encoder) to enable partial-observation memory.

• IPPO (Independent PPO): per-agent PPO training with no centralized critic;

All baselines use the same input preprocessing and encoder architecture (except for the RNN module in R-MAPPO) to
ensure fairness: differences in results reflect algorithmic training dynamics rather than representation differences.

C.1. Intuitive agent Results

Figure 6. From left to right: Forced Coordination representing Disjoint Layouts, Asymmetic Advantages representing Overlap Layouts,
Cramped Room representing Open Layouts, Counter Circuit and Coordination Ring representing Ring Layouts.

To evaluate the ability of the Intuitive Agent, we tested it on the training set containing 400 samples, as well as unseen
layouts and unseen recipes.
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Split Correct Total Accuracy (%)
Seen 382 400 95.5
Unseen 78 100 78.0

Table 6. Performance of the Intuitive Agent on seen and unseen recipes.

C.2. Comparison with RL-based Coordination

Table 7. Performance comparison under different training distributions. SynCoord is trained on 5 layouts ˆ 13 scenes, while RL baselines
are trained on a single layout. All are tested on their trained layouts.

Disjoint Overlap Open

Method SR Steps Reward SR Steps Reward SR Steps Reward

MAPPO(1ˆ1) 1.00 37.08 38.23 1.00 47.23 41.77 1.00 43.00 39.31
MAPPO(1ˆ13) 0.15 47.50 45.50 0.31 50.00 42.50 0.15 48.50 44.00
RMAPPO(1ˆ1) 1.00 36.46 37.85 1.00 42.00 38.77 1.00 37.00 35.15
RMAPPO(1ˆ13) 0.08 28.00 34.00 0.38 40.80 36.40 0.08 42.00 37.00
IPPO(1ˆ1) 1.00 34.08 36.54 1.00 40.54 37.69 1.00 40.31 38.08
IPPO(1ˆ13) 0.08 37.00 37.00 0.38 73.40 48.78 0.15 58.50 45.50

SynCoord 1.00 37.54 35.15 1.00 39.86 35.15 0.92 42.50 35.04

Table 8. Performance comparison under different training distributions. SynCoord is trained on 5 layouts ˆ 13 scenes, while RL baselines
are trained on a single layout. All are tested on their trained layouts.

Ring1 Ring2 all

Method SR Steps Reward SR Steps Reward SR Steps Reward

SynCoord 1.00 49.35 35.15 1.00 64.97 35.15 0.98 46.85 35.13
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