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ABSTRACT

Cooperative multi-robot tasks often require heterogeneous agents to collaborate
over long horizons while managing spatial constraints and execution uncertainties.
Although large language models (LLMs) excel at reasoning and planning, their
potential for coordinated control in heterogeneous multi-robot teams has not been
fully explored. We present CLiMRS, an adaptive negotiation framework inspired
by human teamwork. The framework pairs each robot with an independent LLM
agent and dynamically forms subgroups to facilitate perception-driven discussions
and collaborative planning under long-horizon uncertainty. Within each group,
local oracle planners lead parallel discussions to synchronize actions, while agents
provide feedback to refine plans. This grouping–planning–feedback–execution loop
enables efficient long-horizon planning and robust execution. To evaluate these
capabilities, we introduce CLiMBench, a heterogeneous multi-robot benchmark
of challenging assembly tasks with diverse robot types and skill libraries. Across
both CLiMBench and a simpler benchmark, CLiMRS surpasses the best baseline,
boosting success rates and improving efficiency by over 40% on complex tasks
while maintaining very high success on simpler tasks. Our results demonstrate that
leveraging human-inspired group formation and negotiation principles markedly
enhances the efficiency of heterogeneous multi-robot collaboration.

1 INTRODUCTION

Addressing real-world, everyday tasks often requires collaboration to enhance the efficiency of long-
horizon, complex planning and perception. Meanwhile, the development of intelligent agents that can
assist embodiments in accomplishing such tasks remains an open challenge, particularly regarding
how these agents can effectively help humans and other robots execute such intricate operations.
Inspired by human teamwork, incorporating principles of human teaming into multi-agent systems,
where sub-groups coordinate planning and perception through shared observations and information,
offers a promising yet challenging path to improving efficiency and robustness Zhang et al. (2024b).

At the same time, large language models (LLMs) have exhibited outstanding performance across
various dimensions, including natural language question answering Rein et al. (2024), code genera-
tion Jain et al. (2024), and logical reasoning Plaat et al. (2024). In recent years, numerous studies
have integrated LLMs into robotic planning scenarios Song et al. (2023); Zhang et al. (2024a); Mower
et al. (2024); Salimpour et al. (2025); Liang et al. (2025), with some extending their application to
multi-robot collaborative planning tasks Zhang et al. (2024b); Mandi et al. (2024); Liu et al. (2025).

However, earlier explorations of robot collaboration largely center on homogeneous agents, which
restricts the range of capabilities that can be demonstrated Liu et al. (2024a). Furthermore, works
on heterogeneous teams typically assume ideal operating conditions Liu et al. (2025), while such
assumptions ignore the cumulative errors that escalate over long horizons, driving up communication
costs and undermining cooperative efficiency. While these advances show the promise of LLM-driven
multi-robot collaboration, important gaps persist when the setting involves heterogeneous agents,
long-horizon objectives, and the practical constraints of real-world operation.

To address these limitations, we propose CLiMRS (Cooperative Large-Language-Model-Driven
Heterogeneous Multi-Robot System), a human-team-inspired LLM-driven adaptive-negotiation
framework that orchestrates heterogeneous robots through dynamic sub-group formation and cooper-
ative planning, supporting robust long-horizon collaboration in uncertain environments.
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Figure 1: Overview. We present CLiMRS, a human-team-inspired negotiation paradigm for hetero-
geneous multi-robot systems that dynamically forms perception-driven discussion sub-groups, and
CLiMBench, a heterogeneous multi-robot benchmark with challenging assembly tasks.

In this framework, each robot is guided by an independent LLM agent that communicates with
peers to accomplish complex, long-horizon tasks. To strengthen collaborative effectiveness, the
system leverages the broad world knowledge of LLMs and explicitly models inter-agent dependencies
through a carefully designed grouping–planning–feedback–execution loop.

With CLiMRS, we further explore its applicability to challenging industrial scenarios, where heteroge-
neous robots must handle unpredictable execution errors. To evaluate this, we introduce CLiMBench,
a benchmark for heterogeneous multi-robot collaboration. It features five robotic devices across
three types of heterogeneous robots, equipped for transportation, conveyance, and assembly. Tasks
of varying difficulty simulate material-handling and assembly processes with diverse skill usage,
designed to test the planning and perception capabilities of LLM-based frameworks.

We evaluated our proposed framework in two distinct environments: CLiMBench and another
heterogeneous robot collaboration benchmark Liu et al. (2025). Our experiments show that CLiMRS
outperforms the best baseline, increasing success rates and improving efficiency by over 40% on
complex tasks while maintaining high success on simpler ones. These results demonstrate that
incorporating human-inspired group formation and negotiation principles substantially enhances the
efficiency of heterogeneous multi-robot collaboration. To summarize, our main contributions are:

• We present CLiMRS, a multi-LLM cooperation framework for heterogeneous multi-robot collab-
oration which can perform long-horizon planning and efficient perception in complex tasks.

• We propose CLiMBench, a benchmark evaluating heterogeneous multi-robot collaboration in
industrial assembly scenarios, featuring varied skill sets and a realistic simulation environment.

• We demonstrate through extensive experiments that CLiMRS achieves significant efficiency
improvements via dynamic group formation and cooperative long-horizon planning.

2 RELATED WORK

2.1 EMBODIED SKILLS TRAINING ACROSS DIVERSE SCENARIOS

Embodied Agent Skill Training. Approaches to train embodied skills for task execution generally
follow two primary paradigms: rule-based and learning-driven methods. Traditional embodiment
controllers optimize joint movements through the resolution of robotic kinematics, aiming to im-
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prove motion robustness and generate smoother, more precise trajectories Kashyap & Parhi (2021);
Katayama et al. (2023). In recent years, with the advances of reinforcement learning and imitation
learning in robotic motion control, spanning domains such as dexterous manipulation Rajeswaran et al.
(2017); Zhu et al. (2019); Chen et al. (2022); Luo et al. (2025), bipedal locomotion Li et al. (2025);
Zhang et al. (2024c); Serifi et al. (2024), and quadrupedal navigation Bellegarda et al. (2024); Shi et al.
(2024), embodied perception has progressively learned to coordinate actions in a cerebellum-like
fashion, enabling increasingly complex tasks in diverse environments. Overall, as tasks and envi-
ronments grow more complex, embodied intelligence is shifting from traditional low-level planning
toward more integrated, end-to-end perception and control.

Multi-agent Skill Training. Originally developed in game AI Kurach et al. (2020); Perolat et al.
(2022), multi-agent skill training has since extended to industrial fields such as robotics Wang et al.
(2024); Lai et al. (2025) and autonomous driving Li et al. (2022), where many of the coordination and
credit-assignment strategies first pioneered in games remain fundamental. Despite these advances,
current methodologies for multi-agent embodied tasks remain underdeveloped, particularly in light of
the exponential state-space challenges introduced by an increasing number of robotic agents. Although
certain researchers have explored mean-field approximations to alleviate these challenges Yang et al.
(2018), robust generalization across heterogeneous robots has yet to be realized.

To further this goal, we design a set of generalizable robotic skills in CLiMBench to support
heterogeneous multi-agent collaboration, leveraging robots’ low-level control capabilities for high
success rates and reducing the impact of execution failures on higher-level task planning.

2.2 TASK PLANNING WITH LLMS IN ROBOTICS

LLM Planner for Robotics. The rapid progress of LLMs in generalization and commonsense
reasoning has fueled growing interest in robotics, as their strong few-shot Brown et al. (2020);
Madaan et al. (2022) and zero-shot Huang et al. (2022); Kojima et al. (2022) learning capabilities
make them well-suited as task planners for robots. Reliable code-generation abilities further allow
LLMs to synthesize precise, executable instructions for robotic control Liang et al. (2023a); Singh
et al. (2023); Wang et al. (2023); Wu et al. (2023a), and value-function-based approaches Lin et al.
(2023); Ahn et al. (2022) leverage these models to select robust, skill-level commands for robotic
agents. Recent improvements in context-driven prompting strategies Zhang et al. (2024b); Mandi
et al. (2023); Liu et al. (2025); Wu et al. (2023b) have strengthened LLM-based task planning even
further. Moreover, some studies Mandi et al. (2023) demonstrate that LLMs can reason and plan
directly in 3D joint space, enabling the generation of fine-grained and precise task instructions.

Multi-LLM Task Planning. A promising way to overcome the limits of a single LLM in complex
reasoning is to use multiple LLMs with cooperation, employing strategies such as round-table
discussion Chen et al. (2023a), mutual debate Liang et al. (2023b), and role assignment Hong et al.
(2024) to divide labor and improve output reliability. In embodied tasks, many studies emphasize the
use of feedback Mandi et al. (2023); Liu et al. (2025) and memory modules Zhang et al. (2024b);
Mandi et al. (2023); Liu et al. (2025); Wang et al. (2023) to enhance multi-LLM perception and
planning. These modules allow LLMs to generate execution-level feedback and refine planning
decisions using the rich context stored in well-designed memory components.

Decision Paradigms in Multi-Robot Collaboration. Two primary decision-making paradigms have
emerged for complex multi-robot tasks: centralized and decentralized approaches. In decentralized
schemes, multiple models or agents communicate, exchange intermediate plans, and iteratively
refine their decisions through structured dialogue Mandi et al. (2023); Zhang et al. (2024b); Liu
et al. (2024b),while centralized methods typically rely on a single, large-scale LLM to decompose
global objectives and allocate tasks when planning Kannan et al. (2023); Liu et al. (2025). A recent
comparative study conducted across four diverse multi-agent 2D scenarios Chen et al. (2023b) further
reports that centralized communication consistently achieves higher success rates and markedly
greater token efficiency, highlighting its strong potential for scalable real-world deployment.

To enhance collaboration in multi-robot scenarios, we propose a multi-LLM cooperation framework
inspired by human teamwork. Robots are organized into dynamic subgroups for specific sub-tasks,
reducing communication overhead while enabling concurrent discussions, plan refinement, and
parallel action execution to improve efficiency and maintain a high success rate.
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(b) Planning with Sub-Groups...

All Feedback Info

Figure 2: CLiMRS Framework. To employ our grouping–planning–feedback–execution cycle,
CLiMRS comprises (a) a general grouping module, (b) multiple local planners, (c) multiple agent
execution and feedback modules, (d) a context memory module, and (e) a simulation environment.

3 METHOD

In this section, we present CLiMRS, an adaptive negotiation-driven multi-LLMs cooperation frame-
work for heterogeneous robot systems. Inspired by human teamwork, our approach forms dynamic
agent sub-groups that facilitate centralized discussions on robot perception in parallel, with each robot
paired with an individual LLM agent to give feedback to these discussions, resulting in a dynamic
grouping–planning–feedback–execution cycle. As illustrated in Fig. 2, CLiMRS comprises five core
modules: (a) a general grouping module that forms dynamic agent groups, (b) multiple local planners
that generate agent commands, (c) agent execution and feedback modules that produce robot skills
and return execution feedback, (d) a context memory module that records all inter-agent dialogues,
and (e) a simulation environment for real-time interaction.

3.1 GROUPING WITH GENERAL PROPOSAL PLANNER

The first stage of our grouping–planning–feedback–execution cycle is to dynamically partition the
agents into sub-groups, each responsible for different aspects of the overall task. To achieve this, we
use a general proposal planner to augment the task instructions and orchestrate the grouping process.

General Proposal Planner. As illustrated in Fig. 2(a), the general proposal planner generates a
global task proposal that organizes all agents into sub-task-oriented teams. Given the overall task
instruction, this prompted LLM incorporates robot capabilities, current observations, and the dialogue
history through a structured prompt. It outputs a well-defined plan designed to facilitate systematic
reasoning: (1) Situation Analysis, assessing the environment and the current progress of the task;
(2) Spatial Analysis, accounting for the locations of agents and known objects, as well as spatial
constraints; (3) Task Decomposition, breaking the objective into executable sub-tasks; (4) Grouping
Strategy, deciding how to cluster agents for concurrent or parallel work while minimizing interference;
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(5) Sub-goal Assignment, specifying the objective of each group; (6) Coordination Strategy, outlining
inter-group synchronization and execution order; and (7) Risk Assessment, identifying potential
conflicts and corresponding mitigation plans. The resulting mapping from agent groups to their
designated sub-tasks is then extracted and passed to the perception and execution modules.

3.2 PLANNING WITH SUB-GROUP LOCAL PLANNERS

Given the agent groupings and their designated sub-tasks, the second stage of our cycle issues precise
commands to individual robots according to their capabilities and current observations. Because these
sub-tasks are mutually independent, multiple local oracle planners operate in parallel to generate
commands for different robots simultaneously, which is shown in Fig. 2(b).

Local Oracle Planner. The local oracle planner facilitates a centralized discussion among robots in
a sub-group to determine precise commands for completing their assigned sub-tasks. This discussion
leverages prior agent feedback stored in the dialogue context history. Similar to the general proposal
planner, the local oracle planner takes into account sub-task instructions, robot capabilities, partial
observations, and historical dialogue as context, but operates within a narrower scope to make
fine-grained decisions focused on individual agents executing specific skills.

3.3 AGENT EXECUTION AND FEEDBACK

With commands issued to the robots, the final two stages of our cycle require them to evaluate
these commands, determine appropriate actions, and provide feedback to refine future planning
while ensuring safe execution. The agent executor LLM verifies the feasibility of its command
and issues the corresponding action only when the command is deemed executable. The feedback
then consolidates outcomes from both the LLMs and the simulator, gathering information to guide
subsequent planning cycles and thereby closing the loop of negotiation among the LLMs.

Agent Execution with Feedback. Shown in Fig. 2(c), the agent executors verify and execute
commands from local oracle planner while providing feedback. Each agent executor LLM considers
its robot’s capabilities, current observations, and available actions. The executor first checks its
feasibility against the robot’s physical constraints and observations. If feasible, the action is executed
using the robot’s skills; otherwise, the robot remains idle in this loop. Simultaneously, the executor
produces feedback based on its evaluation, which is sent to the feedback module to inform future
planning. Execution failures are categorized as (1) improper grouping: no robot in the group can
complete the sub-task; (2) incorrect agent selection: a valid sub-task is assigned to an unsuitable
robot; and (3) state inconsistency: missing information or unmet conditions prevent execution. For
successful actions, the module also evaluates whether the sub-task has been fully accomplished.

Feedback Formation. The feedback is aggregated from two sources: (1) environmental ob-
servations updated after robot actions are executed in the simulator, and (2) outputs from the
agent executors. This information is then integrated into the context memory for the next group-
ing–planning–feedback–execution cycle. The feedback both guides the general proposal planner
during grouping (Sec. 3.1) and aids centralized discussions by the local oracle planners (Sec. 3.2). In
this way, the accumulated observations and executor outputs provide essential context for refining
both the global task proposal and the detailed local commands.

3.4 CONTEXT MEMORY AND ENVIRONMENT

Following the grouping–planning–feedback–execution cycle described above, our framework depends
on two essential modules to make the workflow of the entire cycle operate smoothly: the context
memory module and the simulation environment.

Context Memory. As shown in Fig. 2(d), the context memory collects (1) current feedback and
planning dialogue together with the dialogue history from previous cycles, (2) robot observations
from the simulation environment, and (3) the latest outputs from agents and planners. For the general
proposal planner, it retains the previous five dialogue turns and the newest observations, allowing
agent feedback to inform new proposals and groupings. For the local oracle planners, it stores each
group’s latest observations and the last five dialogue turns, providing rich situational context to guide
and refine subsequent planning decisions.
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[check] wheels and trunk 
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Foundational SkillsHeterogeneous Robots 

Figure 3: CLiMBench Benchmark. CLiMBench is a heterogeneous multi-robot collaboration
benchmark designed to evaluate CLiMRS. It features multi-agent robots with diverse skills, enabling
collaboration on tasks like transportation, conveyance, and assembly across varying difficulty levels.

Simulation Environment. Shown in Fig. 2(e), the simulation environment serves as the execution
backbone of our framework. It receives the robot skill execution signals issued by the agent executors
and immediately carries out the corresponding low-level actions in real time. During execution, it
monitors the evolving state of the environment and produces both updated robot observations and
environment-level feedback. These outputs are fed back to the context memory, allowing the overall
method to track task progress, refine its understanding of the environment, and supply the information
required for the next round of the grouping–planning–feedback–execution cycle.

4 BENCHMARK

In this section, we present CLiMBench, a benchmark for heterogeneous multi-robot collaboration.
As shown in Fig. 3, we construct an assembly environment in IsaacGym Makoviychuk et al. (2021)
that features diverse robotic agents and modular components. To enable effective integration with
LLM-based planning, robot actions are executed by invoking predefined skills.

Unlike some other multi-agent collaboration benchmarks Liu et al. (2025), which decouple skill
execution from the planning–execution loop and assume that all robot skills succeed by default,
CLiMBench executes every robot skill within a realistic physics simulation, enabling genuine
interaction between planning and execution. This distinction is critical because collaborative assembly
tasks are inherently difficult, demanding not only high-precision manipulation but also effective
coordination among multiple agents. The following subsections describe the scene construction and
skill design mechanisms of CLiMBench, and additional details are provided in Appendix B.

4.1 SCENE CONSTRUCTION IN CLIMBENCH

CLiMBench features an industrial assembly scene that includes both assembly components and
robotic agents. To increase task complexity and enhance realism, we introduce blocking obstacles
into the environment settings. As is illustrated in Fig. 3, our robotic arm is implemented using a
Franka Emika Panda arm, the AGV platform is based on the TRACER Mini robot, and the humanoid
is implemented using the virtual humanoid agent.

Scene Initialization and Randomization. We initialize the environment and introduce controlled
variations in task parameters and object configurations to enhance generalization. At the start of

6
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Table 1: Robot Skill List in CLiMBench. We assign each robot type a distinct set of skills in
CLiMBench based on its specific capabilities.

Robot type Num Skill list

Robotic Arm 1

[check] <franka>check <trunk>
[check] <franka>check <left wheel>
[check] <franka>check <right wheel>
[pick] <franka>pick and place <left wheel>on <trunk>
[pick] <franka>pick and place <right wheel>on <trunk>
[wait] <franka>wait

AGV 3
[move] <mobile_car>move to component location using RRT path
[push] <mobile_car>push selected component to franka area
[wait] <mobile_car>wait

Humanoid 1
[walk] <humanoid>move to selected area
[carry] <humanoid>carry <obstacles>
[wait] <humanoid>wait

each episode, robots execute their skills under randomized task conditions, leading to diverse skill
sequences and varying levels of inter-agent synchronization. This setup provides a robust testbed for
evaluating the effectiveness of different LLM architectures in multi-agent collaborative tasks.

Environment feedback. We design the environment feedback along two dimensions: (1) updating
the state of all agents and the coordinates of objects within their perceptible range, and (2) reporting
conflicts that arise when multiple robots execute skills simultaneously.

4.2 ROBOT SKILL DESIGN IN CLIMBENCH

In CLiMBench, each robot receives both the global task objectives and observations pertinent
to its specific skill set (e.g., a humanoid robot observes its joint states, torso status, and target
positions). This requirement makes it essential to clearly specify how each agent’s designated skills
are implemented in practice in CLiMBench. Summarized in Table 1, we design distinct skill sets for
different types of robots, with some other details provided in Appendix B.

Robotic Arm Manipulation with Franka. We employ a two-stage control strategy to balance speed
and precision. The Franka arm first executes a rapid coarse motion, then slows for fine adjustment to
ensure accurate placement. An operational-space controller (OSC) uses the task-space inertia matrix
and gravity compensation to compute joint torques, yielding a spring–damper response Narang et al.
(2022). Smooth, continuous waypoints are generated by interpolation for reliable execution.

AGV Transportation with TRACER Mini Robot. The robot uses the Rapidly-exploring Random
Tree (RRT) algorithm to locate disassembled components and transport them to the destination. The
resulting path is executed via differential drive control, enabling smooth turns with the AGV robot.
During delivery, the planned route is constrained to straight-line motion to enhance transportation
reliability and ensure accurate placement at the assembly location.

Humanoid Carrying Skills. We formulate physics-based humanoid control as a goal-conditioned
reinforcement learning problem and adopt the AMP-based single-object manipulation paradigm
from previous research Peng et al. (2021); Gao et al. (2024). Style rewards encourage rapid postural
dynamics such as quick recovery and linear locomotion, while target rewards guide precise object
manipulation, enabling the humanoid to learn efficient carrying behaviors.

5 EXPERIMENTS

In this section, we present a comprehensive evaluation of CLiMRS to address the following questions:

(1) Is CLiMRS effective for simple daily-life multi-robot collaboration?
(2) Can CLiMRS perform well in challenging industrial scenarios with multi-robot assembly tasks?
(3) Through ablation studies, how critical are the individual components of CLiMRS?

7
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Table 2: Comparison Across Task Types in the COHERENT Benchmark. CLiMRS outperforms
all the baselines, achieving the largest gain on the most challenging trio-type tasks.

Method Mono-type Task Dual-type Task Trio-type Task Average

SR AS SR AS SR AS SR AS

DMRS-1D 0.700 10.6 0.467 18.0 0.667 20.7 0.600 17.2
DMRS-2D 0.500 11.5 0.267 19.9 0.400 24.5 0.375 19.6
CMRS 0.900 7.9 0.533 16.4 0.533 22.2 0.625 16.5
Primitive MCTS 0.000 14.0 0.000 21.5 0.000 26.9 0.000 21.7
LLM-MCTS 0.700 10.2 0.067 20.9 0.000 26.9 0.200 20.5
COHERENT 0.900 7.4 1.000 11.9 1.000 16.1 0.975 12.4

CLiMRS(Ours) 0.900 6.8 1.000 11.5 1.000 13.1 0.975 10.9
Ground Truth (GT) – 6.5 – 10.3 – 12.9 – 10.3

Table 3: Comparison Across Scenes in the COHERENT Benchmark. CLiMRS outperforms all
the baselines in every scene, demonstrating its superior performance.

Method S1 S2 S3 S4 S5 Average

SR AS SR AS SR AS SR AS SR AS SR AS

DMRS-1D 0.500 17.4 0.625 15.8 0.625 18.3 0.750 15.1 0.500 19.3 0.600 17.2
DMRS-2D 0.500 18.9 0.500 18.3 0.375 20.6 0.250 18.9 0.250 21.1 0.375 19.6
CMRS 0.875 13.1 0.625 16.6 0.625 18.5 0.375 18.1 0.625 15.9 0.625 16.5
Primitive MCTS 0.000 21.5 0.000 21.8 0.000 22.5 0.000 20.5 0.000 22.0 0.000 21.7
LLM-MCTS 0.250 20.0 0.250 20.4 0.250 21.3 0.125 19.9 0.125 20.9 0.200 20.5
COHERENT 1.000 13.1 1.000 11.4 1.000 11.9 1.000 11.4 0.875 14.0 0.975 12.4

CLiMRS(Ours) 1.000 10.8 1.000 10.4 1.000 11.8 1.000 10.4 0.875 11.4 0.975 10.9
Ground Truth (GT) – 10.3 – 10.4 – 10.8 – 9.8 – 10.5 – 10.3

We evaluate CLiMRS in two distinct environments: CLiMBench and a simpler heterogeneous
multi-robot collaboration benchmark from COHERENT Liu et al. (2025). For LLM api use, we use
gpt-4-0125-preview to align with the setting in COHERENT. For quantitative analysis, we use task
Success Rate (SR) and Average Step (AS) as evaluation metrics in this paper.

5.1 EVALUATING CLIMRS ON SIMPLE DAILY-LIFE MULTI-ROBOT COLLABORATION

To answer Question (1), we evaluate CLiMRS on the COHERENT benchmark, a simpler heteroge-
neous multi-robot benchmark that includes diverse tasks across five real-world scenes, but involves at
most three heterogeneous robots and assumes perfect skill execution. We adopt its evaluation metrics
and use the reported results as our baseline.

Results shown in Table 2 and 3 suggest that CLiMRS succeeds on nearly all COHERENT tasks and
achieves higher efficiency with fewer steps. This trend holds across every scene, demonstrating our
CLiMRS’ superior performance. Notably, in the most challenging trio-type tasks, which require all
three robots to collaborate, CLiMRS delivers the largest gain, reducing the Average Step count by
18.6%, indicating that our approach offers stronger improvements on more complex tasks.

5.2 EVALUATING CLIMRS ON CLIMBENCH WITH ROBOT ASSEMBLY TASKS

To answer Question (2), we evaluate CLiMRS on CLiMBench. Our baselines include the following:

• DMRS-1D: a variant of CoELA Zhang et al. (2024b), this decentralized framework lets robots
determine their next step through dialogue, with the final decision summarized by the last robot.

• CMRS: a primitive centralized system Huang et al. (2022) that uses a single decision-making
LLM to output executable actions, where all information is stored in the prompt.

• COHERENT: an approximately centralized approach combining an oracle planner LLM
and feedback LLM for robots, where dialogue is passed through memory, forming a Pro-
posal–Execution–Feedback–Adjustment cycle.
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Table 4: Comparison Across Tasks in CLiMBench. CLiMRS outperforms all our baselines and
reduces the Average Step (AS) by over 40%.

Method Task 1 (Easy) Task 2 (Easy) Task 3 (Hard) Task 4 (Hard) Average

SR AS SR AS SR AS SR AS SR AS

DMRS-1D 0.000 15.0 0.000 15.0 0.000 19.0 0.000 19.0 0.000 17.0
CMRS 0.000 15.0 0.000 15.0 0.000 19.0 0.000 19.0 0.000 17.0
COHERENT 1.000 13.6 0.800 13.6 0.400 18.2 0.600 17.8 0.700 15.8

CLiMRS (Ours) 1.000 8.2 1.000 8.4 1.000 9.4 1.000 9.2 1.000 8.8
Ground Truth (GT) – 7.0 – 7.0 – 9.0 – 9.0 – 8.0

Table 5: Ablation Studies. Removing dialogue history, feedback information, or the grouping stage
significantly reduces both Success Rate (SR) and Average Step (AS).

Method Task 1 (Easy) Task 2 (Easy) Task 3 (Hard) Task 4 (Hard) Average

SR AS SR AS SR AS SR AS SR AS

CLiMRS w/o history 0.000 15.0 0.000 15.0 0.000 19.0 0.000 19.0 0.000 17.0
CLiMRS w/o feedback 0.200 14.8 0.200 14.8 0.200 18.8 0.200 18.8 0.200 16.8
CLiMRS w/o grouping 0.600 14.0 0.800 13.2 0.600 17.2 0.600 17.4 0.650 15.5

CLiMRS (Ours) 1.000 8.2 1.000 8.4 1.000 9.4 1.000 9.2 1.000 8.8
Ground Truth (GT) – 7.0 – 7.0 – 9.0 – 9.0 – 8.0

For quantitative evaluation, we fixed the scene parameters and selected four representative scenarios,
manually deriving minimal-step solutions as ground-truth references. A task is deemed successful
only if completed within twice the ground-truth step count. Due to stochastic skill execution in
CLiMBench, we run each task five times and report mean Success Rate (SR) and Average Step (AS).

Results in Table 4 show that CLiMRS achieves 100% success in CLiMBench, surpassing every
baseline. It also reduces the Average Step (AS) by 44.30% compared with the best baseline, a
substantial efficiency gain highlighting the strength of CLiMRS for long-horizon heterogeneous
multi-robot collaboration. Moreover, comparing baseline performance in Tables 2 and 4 reveals that
the assembly tasks in CLiMBench are more challenging than those in the COHERENT benchmark,
demonstrating the value of CLiMBench as a tougher testbed for heterogeneous multi-robot systems.

5.3 ABLATION STUDIES ON CLIMRS

To answer Question (3), we assess the necessity of each component of CLiMRS through: (i) removing
the dialogue history, (ii) removing the feedback information, and (iii) removing the grouping stage
from the grouping–planning–feedback–execution cycle. We use the same evaluation tasks and metrics
as in Section 5.2, and the results are reported in Table 5. The results show that removing any of these
components lowers the task success rate and markedly increases the average steps, underscoring the
crucial roles of dialogue history, feedback information, and the grouping stage in our method.

6 CONCLUSION

In this paper, we present CLiMRS, a human-team-inspired adaptive negotiation paradigm for
heterogeneous multi-robot systems. To evaluate these capabilities, we introduce CLiMBench, a
heterogeneous multi-robot benchmark of challenging assembly tasks. Extensive experiments suggest
that CLiMRS surpasses all baselines, boosting success rates and improving efficiency by over 40%
on more complex tasks. Our results demonstrate that leveraging human-inspired group formation and
negotiation principles markedly enhances the efficiency of heterogeneous multi-robot collaboration.

Discussion and Limitation. In this paper, we primarily aim to enhance the efficiency of multi-robot
collaboration, while leaving inference latency and computational cost of the LLMs outside the present
scope. Managing API costs under inference-efficiency constraints and exploring asynchronous
inference–execution are promising aspects that we plan to investigate in future work.
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A THE USE OF LARGE LANGUAGE MODELS

In preparing this manuscript, we employed large language models (LLMs) solely for language editing
and polishing of text drafted by the authors. No LLM was used to generate original scientific content,
to formulate claims, or to fabricate data. All conceptual ideas, experimental designs, analyses, and
conclusions were conceived and verified by the authors.

During the experimental phase, we investigated the application of LLMs as part of our research
itself, and therefore LLM-based components were involved in the experiments described in the paper.
However, these uses were confined to the technical scope of the study and did not influence the
integrity of the reported results.

The authors take full responsibility for the accuracy and authenticity of all content in this paper.

B ADDITIONAL DETAILS ON CLIMBENCH

B.1 AGENT SKILL AND CLIMBENCH PARAMETERS

Physical Simulation Space. As the multi-LLM planning–feedback–execution cycle drives task
progress through agent collaboration, another critical component lies in executing the planned skills
within the physical environment. Unlike some other multi-agent-collaboration benchmarks Liu
et al. (2025), the tasks in CLiMBench must be carried out step by step in physics simulation. This
requirement makes it essential to clearly specify how each agent’s designated skills are implemented
in practice in CLiMBench. The assembly scene in CLiMBench supports three configuration types:
robotic arm, automated guided vehicle (AGV), and humanoid, working together to assemble structural
body elements and wheel modules.

The key parameters of the agents in CLiMBench are summarized in Table 6. The following sections
detail the skill parameters and capabilities of Franka, TRACER Mini, and the humanoid.

Table 6: Agent Working Parameters in CLiMBench.
Degrees of Freedom Payload Maximum Reach Number

Franka 7 3kg 855mm 1
TRACER Mini 3 80kg all 3

humanoid 28 – all 1

Humanoid Parameters. The humanoid have Nj = 15 joints. For each joint j ∈ {1, . . . , Nj}, we
define the joint-specific observation vector as

oj =
[
qj ,pj ,vj ,aj

]
,

where

• qj ∈ R6 encodes the six degrees of freedom of joint j, capturing its relative rotational and
translational configuration,

• pj ∈ R3 represents the Cartesian position of the joint in the humanoid’s local frame,
• vj ∈ R3 is the linear and angular velocity of the joint in 3D space,
• aj ∈ R3 is the corresponding acceleration vector, including both linear and angular components.

The full observation vector of the humanoid is then constructed by concatenating the joint-level
observations:

o =
[
o1,o2, . . . ,oNj

]
∈ R223.

Observations corresponding to the root body and the global reference frame are explicitly excluded, as
they represent the global configuration rather than the local state of individual joints. This formulation
ensures that o fully characterizes the local kinematic and dynamic state of the humanoid while
remaining independent of its absolute position and orientation in the environment.

Franka Parameters. We employ a numerical inverse kinematics solver to compute the positions
of the first seven joints. The base link is initially positioned at (0,−2.0, 0) with an orientation
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represented by the quaternion (0, 0, 0, 1). The solver is configured with a maximum of 200 iterations
and a residual threshold of 10−4. The Franka operational space controller applies the impedance
control law.

F = kp e+ kv ė,

where the proportional gain is set to kp = 5, the derivative gain is chosen as kv = 2
√
kp to achieve

critical damping, and the gripper closing threshold is set to 0.05m, taking into account that the object
grasping radius of components in CLiMBench is 0.03m. During the Franka assembly, wheels and
trunk are aligned via their axles and attached using magnetic attraction within a range of 0.03m.
We utilized Operational-space (OSC) motion controller, which uses the task-space inertia matrix
and gravity compensation to generate joint torques, achieving desired spring-damper behavior in
task-space Narang et al. (2022). For each manipulation trajectory, an interpolation-based approach
is employed to automatically plan operational waypoints, ensuring smooth and continuous motion
execution.

Tracer-Mini Parameters. The mobile car paths are planned using the RRT algorithm, taking into
account all current obstacles in the environment, including the Franka robot, as part of the collision
space. The planner uses a collision-checking resolution of 0.1mm along each edge, a rewire count of
32, and a path resolution coefficient of 0.1mm.

Initialization Parameters. The environment spans a rectangular domain, and the initial positions of
objects and agents are stochastically assigned as summarized in Table 7. The scene also includes
four obstacles of size 1× 5m placed at the four corners, as well as three smaller obstacles of size
1× 1× 0.5m positioned along the main paths traversed by the mobile cars.

Table 7: Randomized initialization of the environment components and agents.
Entity Initialization Range

Environment domain (x, y) ∈ [−6, 6]× [−10, 10]
Components (two wheels and a trunk) (x, y) ∈ {(4, 8), (−4, 8), (−4,−8), (4,−8)}
Mobile cars x ∈ [−3, 3], y ∈ [−5, 5]
Humanoid agent Central region of the environment

B.2 LLM-DRIVEN ROBOT SKILL EXECUTION IN CLIMBENCH

Pattern Matching via Regular Expressions. All action commands follow a standardized format
specifying the action type, target object name, object identifier, and a textual description of the action,
and are parsed using three key regular expression functions to extract structured information, as
illustrated in Fig. 4. Formally, each input command C is mapped to the group identifier G, the agent
set A = {(ai, idi)}, and the target state with object ID O and location ID L as

C
parse−−−→ {G,A,O,L}.

Four-Stage Verification for LLM Function Calls. Each LLM function call f is validated through a
four-stage mapping

f
V−−−→ {v1, v2, v3, v4},

where v1 checks format correctness, v2 enforces semantic consistency, v3 ensures physical feasibility,
and v4 guarantees safety, thereby ensuring reliable execution of robotic skills.

The verification operator V is implemented as a four-stage pipeline:

1. Capability assessment. The system first queries the LLM to determine whether it is capable
of performing the requested task; the LLM returns a binary response or confidence score, and
requests below a preset capability threshold τc are rejected or deferred.

2. Action selection. If the capability assessment is positive, the LLM selects an action a∗ from the
available action set A, optionally providing a ranked subset or per-action confidence.

3. Action parsing. The selected action a∗ is processed by an intelligent parsing operator P , which
extracts a structured command Cstruct = P(a∗) containing fields such as action type, target
object name, object identifier, agent assignment, and target location.
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Single Agent Prompt Templates
Think of yourself as one of the robots #ID(101, 606, 202, 203, or 204), and your available skills are:

Available Skills for Wheeled Robots:
- [#SKILL#] <#ROBOT#> (#ID) move to component location using RRT path

Your role: You are a #character skill description#

The list of available actions you can perform in your current environment is: #ACTIONLIST#

The instructions for the next step of the task is：#INSTRUCTION#

Please choose the best available action to achieve the goal as soon as possible.

Note: If there is an action in the available actionlist that can satisfy the instruction, the first 
sentence in the output needs to be "YES I CAN."

Note: if there is not an action in the available actionlist that can satisfy the instruction, then 
output the possible reasons, such as the agent does not have the ability to execute the current 
instruction and needs the assistance of other types of agents; or the current agent is not in the state 
of executing this instruction and an additional action needs to be performed as a prerequisite before 
the instruction can be executed; or the current state already meets the requirements of the task 
instructions and no other actions need to be performed. The first sentence in the output needs to be 
"SORRY I CANNOT."

Note: Think of yourself as #ROBOT#, generating content in a first-person conversation.

Let's think step by step, but you should strictly obey the rules above about the first sentence in the 
output, do not include "*" in the first sentence to affect output parsing.

Figure 4: Single Agent Prompt Templates. It illustrates the single-agent prompt templates, where
each template encodes the agent’s name, unique identifier, and action specification to ensure structured
and unambiguous command interpretation.

4. Execution verification (judge). A dedicated judge prompt J evaluates Cstruct for format, seman-
tic consistency, physical feasibility, and safety, producing the validation vector {v1, v2, v3, v4} or
a pass/fail decision; only commands that satisfy the judge’s criteria are forwarded to the execution
module.

Formally, V can be expressed as the composition of the pipeline operators,

V = J ◦ P ◦ S2 ◦ S1,

where S1 and S2 denote the capability-assessment and action-selection stages respectively, P is the
parsing operator, and J is the judge that yields {v1, v2, v3, v4}.

B.3 HUMANOID CARRY SKILL TRAINING

Humanoid robots generally possess greater degrees of freedom, enabling them to execute more
intricate tasks compared to other types of agents. Compared to the other two robotic types, the
humanoid boasts an expansive field of vision and can be trained for object manipulation, further
enabling it to navigate obstacles and replicate industrial scenarios. To train control policies that
enable humanoid robot to achieve high-level tasks in a natural and life-like manner, we adopt the
AMP framework Peng et al. (2021). While this framework aims to optimize the expected cumulative
task reward, it introduces a discriminator to encourage the character to produce behaviors similar to
those in the dataset by providing a style reward rS (st, st+1). The agent’s reward rt at each time
step t is defined by Peng et al. (2021):

rt = wGrG (st,gt, st+1) + wSrS (st, st+1) (1)

where wGand rG represent the task reward weights and associated reward functions, respectively,
while gt denotes the current target. Similarly, wS and rS correspond to the style reward weights
and respective functions. In developing our approach for humanoid box manipulation, inspired by
COOHOI Gao et al. (2024), initially developed for multi-agent collaborative object transportation,
we have adopted its AMP-based single-object manipulation training paradigm from COOHOI.
By employing style rewards to refine rapid postural dynamics such as quick standing and linear
locomotion, and leveraging target rewards to guide the execution of object manipulation tasks, the
humanoid agent is proficiently trained to perform these actions. Additionally, we meticulously
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refined the domain randomization parameters to enable the humanoid to adeptly navigate and execute
global-scale manipulation tasks.

To ensure the solvability of generated assembly scenarios within multi-agent systems while simulta-
neously posing challenges for LLMs, the current randomized configurations feature fixed placements
for both components and obstacles. Additionally, each agent operates solely on local observations;
for example, the AGV detects only dynamic obstacles within its immediate vicinity, whereas the
humanoid leverages AGV movement information to preemptively relocate potential obstructions,
thereby maximizing parallel execution efficiency.

In accordance with previous studies on utilizing AMP training for single humanoid robots to trans-
port boxes Gao et al. (2024), we adopted the same reward function framework and corresponding
weightings. This includes task-specific rewards for walk rwalk , held rheld , and placement rtarget ,
as well as the AMP-styled reward detailed in Peng et al. (2021):

rS (st, st+1) = − log (1−D (st, st+1)) . (2)

The discriminator employs an identical configuration, utilizing data from the ACCAD sub-dataset
sourced from AMASS Mahmood et al. (2019), which encompasses actions such as locomotion,
lifting, carrying, and placement. The generator’s policy updates are executed using PPO Schulman
et al. (2017), primarily owing to its exceptional performance in contemporary control algorithms.

Table 8: Humanoid carrying skill training parameters.
Parameters Value

num envs 16384
episode length 600
discount factor 0.99

e_clip 0.2
horizon_length 32
minibatch_size 16384

amp_minibatch_size 4096
task_reward_weight 0.5
disc_reward_weight 0.5

Moreover, unlike COOHOI, we undertook extensive domain randomization—including object orien-
tation, human alignment, and object proximity—to cultivate a scenario that supports global transport.
We conducted training in IsaacGym headless mode on NVIDIA A100, followed by rendered deploy-
ment on a workstation with RTX 4060Ti. Our training environment’s hyperparameter configuration
is detailed in Table 8.

(a) (b) (c)

Figure 5: Ablation study comparing the AMP with and without domain randomization.

The training results are illustrated in Figure 5. We compared our approach against the AMP experi-
ment without domain randomization; by approximately 20k steps, the non-randomized AMP had
converged to a local optimum and failed to exhibit robust generalization. In contrast, the incorporation
of domain randomization consistently enhanced the task rewards, thereby demonstrating superior
practical applicability.
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Easy Assembly S1 Easy Assembly S2

Hard Assembly S1 Hard Assembly S2

Figure 6: Different Difficulty Scenarios. To evaluate the effectiveness of our method in facilitating
multi-agent cooperation, we design four heterogeneous agent transport scenarios under two difficulty
tiers, namely easy and hard.

B.4 CLIMBENCH EXPERIMENTS

Different Difficulty Scenarios. In our benchmark, we define two levels of task difficulty: easy and
hard, as shown in Fig. 6. The easy configuration assumes an obstacle-free AGV transportation process
with initial placements designed to eliminate collision risks with the humanoid agent. Conversely, the
hard configuration introduces environmental obstacles along the AGV trajectory and initializes agent
positions in a manner that entails potential collision risks with the humanoid.

Dynamic Grouping. As illustrated in Fig. 7, the grouping log records the decision process at each
step. At the beginning of the task, the environment is initialized and the LLM is invoked. The agents
are then partitioned into groups, with each group pursuing its designated sub-goal independently. As
the steps progress, the LLM dynamically reconfigures agent groupings based on each agent’s current
observation space, designated role, and remaining skills. The detailed evolution of these groupings is
illustrated in C. The LLM is invoked periodically every five simulation steps to produce high-level
decisions. During execution, agents performing tasks are subject to real-time collision checking and
continuous state feedback; task progress and completion events are recorded in the experiment log for
subsequent analysis. Thus, at the next LLM planning call, the agents can be dynamically regrouped
based on their current states and the feedback.

Experimental data description. As shown in B.2, we abstract the low-level physical simulation layer
of agent execution, such that the commands issued by the LLM can be interpreted as a concrete skill
list. This unified abstraction interface further enables seamless integration with different baselines.
For each task, we manually design the optimal sequence of execution steps as the ground truth. To
evaluate performance, we adopt the 2GT+1 success metric. Let T = {t1, t2, . . . , t|T |} denote the set
of critical sub-goals and C ⊆ T the set of sub-goals successfully completed. A task is considered
successful if

Success =
{
1, if |C| ≥ 2|T |+ 1,

0, otherwise,
(3)

and the overall success rate over N trials is computed as

Success Rate =
1

N

N∑
i=1

Successi. (4)
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Parallel Execution
Group 0: <humanoid>(101) - Sub-goal: Clear obstacles to ensure paths are clear for component transportation
Group 1: <mobile_car_1>(201) - Sub-goal: Transport the left wheel (405) to the assembly area
Group 2: <mobile_car_2>(202) - Sub-goal: Transport the right wheel (406) to the assembly area
Group 3: <mobile_car_3>(203) - Sub-goal: Transport the trunk (303) to the assembly area
Group 4: <robot arm>(606) - Sub-goal: Assemble the components by attaching the wheels to the trunk once all 
components are delivered
Processing group 0 message: Hello <humanoid>(101): Please use [carry] skill to clear obstacles.
####################
the first sentence is YES I CAN
####################
No more things to do!
Processing group 1 message: Hello <mobile_car_1>(201): Please use [move] skill to navigate to <left 
wheel>(405) location, then use [push] skill to transport it to the franka assembly area.
####################
the first sentence is YES I CAN
####################
[move] <mobile_car_1> (201) move to assigned component location using RRT path
Processing group 4 message: "Hello <franka>(606): Please use [check] skill to check <trunk>(303) for 
assembly readiness."
####################
the first sentence is YES I CAN
####################
[check] <franka> (606) check <trunk> (303)

Figure 7: Parallel Execution. To enhance task execution efficiency, agents within each group are
executed in parallel, as reflected in the execution log.

Figure 8: Simulation. It shows the assembly process in the dynamic simulation.

Parallel Execution. As illustrated in Fig. 8, the assembly process unfolds dynamically over time,
highlighting both the evolution of the environment and the reconfiguration of agent groupings as they
execute their assigned tasks. Meanwhile, during task execution, agents within a group collaborate to
achieve their sub-goals. For instance, the Humanoid clears obstacles while the AGV performs its
transportation tasks, and during the Franka assembly process, if a component is unreachable, the
AGV dynamically repositions to facilitate assembly.

C EXAMPLE LOGS AND PROMPTS

We show some examples of logs and prompts in all the figures below.
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Scene Dynamics Log
You are a structured output formatter for multi-agent task coordination. Your job is to convert a detailed 
grouping strategy into a precise, parseable format.

Step:0
Assemble robot components: attach left and right wheels to trunk
Group 0: <humanoid>(101) - Sub-goal: Clear obstacles to ensure paths are clear for component transportation
Group 1: <mobile_car_1>(201) - Sub-goal: Transport the left wheel (405) to the assembly area
Group 2: <mobile_car_2>(202) - Sub-goal: Transport the right wheel (406) to the assembly area
Group 3: <mobile_car_3>(203) - Sub-goal: Transport the trunk (303) to the assembly area
Group 4: <robot arm>(606) - Sub-goal: Assemble the components by attaching the wheels to the trunk once all 
components are delivered

Step:1
Assemble robot components: attach left and right wheels to trunk
Group 0: <humanoid>(101) - Sub-goal: Clear any obstacles that might prevent the mobile cars from reaching 
and transporting their components
Group 1: <mobile_car_1>(201) - Sub-goal: Transport the left wheel to the franka assembly area
Group 2: <mobile_car_2>(202) - Sub-goal: Transport the right wheel to the franka assembly area
Group 3: <mobile_car_3>(203) - Sub-goal: Transport the trunk to the franka assembly area
Group 4: <robot arm>(606) - Sub-goal: Assemble the components once delivered to the assembly area

Step:2
Assemble robot components: attach left and right wheels to trunk
Group 0: <humanoid>(101) - Sub-goal: Ensure all paths are clear for mobile cars to transport components
Group 1: <mobile_car_1>(201) - Sub-goal: Transport left wheel to the assembly area
Group 2: <mobile_car_2>(202) - Sub-goal: Transport right wheel to the assembly area
Group 3: <mobile_car_3>(203) - Sub-goal: Transport trunk to the assembly area
Group 4: <robot arm>(606) - Sub-goal: Assemble left and right wheels onto trunk when components are ready

Step:3 
Assemble robot components: attach left and right wheels to trunk
Group 0: <mobile_car_1>(201), <mobile_car_2>(202), <mobile_car_3>(203) - Sub-goal: Reposition components if 
not in optimal position for assembly
Group 1: <robot arm>(606) - Sub-goal: Check readiness of left and right wheels (405 and 406) for assembly, 
then assemble onto trunk (303)
Group 2: <humanoid>(101) - Sub-goal: Clear any obstacles if necessary to ensure accessibility of assembly 
area

Step:4 
Assemble robot components: attach left and right wheels to trunk
Group 0: <robot arm>(606) - Sub-goal: Perform final check on right wheel readiness and assemble components 
when ready
Group 1: <mobile_car_2>(202) - Sub-goal: Push right wheel to within franka's operational range for 
readiness check
Group 2: <mobile_car_1>(201), <mobile_car_3>(203) - Sub-goal: Position left wheel and trunk within franka's 
operational range for assembly
Group 3: <humanoid>(101) - Sub-goal: Remain on standby to clear any unforeseen obstacles

Step:5 
Assemble robot components: attach left and right wheels to trunk
Group 0: <mobile_car_1>(201), <mobile_car_2>(202), <mobile_car_3>(203) - Sub-goal: Transport their 
designated components to the franka assembly area sequentially to avoid traffic and ensure all components 
are ready for assembly
Group 1: <robot arm>(606) - Sub-goal: Assemble the robot by attaching the left and right wheels to the 
trunk once all components are within its operational range
Group 2: <humanoid>(101) - Sub-goal: Remain on standby to clear any unforeseen obstacles that might arise 
during the transport of components

Step:6 
Assemble robot components: attach left and right wheels to trunk
Group 0: <robot arm>(606) - Sub-goal: Assemble the robot by attaching the left and right wheels to the 
trunk
Group 1: <humanoid>(101) - Sub-goal: Standby for path clearing and obstacle management if unforeseen 
obstacles appear

Step:7 
Assemble robot components: attach left and right wheels to trunk
Group 0: <humanoid>(101) - Sub-goal: Ensure clear paths for mobile cars
Group 1: <mobile_car_2>(202) - Sub-goal: Transport the right wheel to franka assembly area
Group 2: <robot arm>(606) - Sub-goal: Attach the right wheel to the trunk

Figure 9: Scene Dynamics Log. It illustrates the formation of sub-groups and the corresponding
sub-task for each sub-group.
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Humanoid Prompt
Think of yourself as humanoid (101), and your available skills are:

Available Skills for Humanoid (101):
- [walk] <humanoid> (101) move to selected area
- [carry] <humanoid> (101) carry <obstacles> (507)
- [wait] <humanoid> (101) wait

Your role: The humanoid robot has advanced bipedal locomotion and manipulation capabilities. You can 
walk around the assembly workspace, navigate between different areas, and handle obstacles. You 
specialize in mobility and can carry obstacles (507) to clear paths for other agents. You work 
collaboratively with wheeled robots and the franka arm to complete assembly tasks.

Note: To perform actions, you must first [walk] to the target area. For example, to carry obstacles, you 
must first walk to the area where the obstacles are located.

Note: Your primary function is obstacle management using the [carry] skill for <obstacles> (507). You 
work collaboratively with wheeled robots (202, 203, 204) for component transportation and with franka 
(606) for assembly operations.

Note: You can navigate complex terrain and access areas that wheeled robots might find difficult, making 
you valuable for clearing paths and removing obstructions.

Note: Use [wait] when you need to pause and coordinate with other agents or when your immediate 
assistance is not required.

Franka Prompt
Think of yourself as franka (606), and your available skills are:

Available Skills for Franka (606):
- [check] <franka> (606) check <trunk> (303)
- [check] <franka> (606) check <left wheel> (405)
- [check] <franka> (606) check <right wheel> (406)
- [pick] <franka> (606) pick and place <left wheel> (405) on <trunk> (303)
- [pick] <franka> (606) pick and place <right wheel> (406) on <trunk> (303)
- [wait] <franka> (606) wait

Your role: You are a fixed manipulator robot arm specialized in precise assembly operations. You can 
check components and perform pick-and-place operations to assemble the final robot. You work with 
components that are brought to your workspace by wheeled robots (202, 203, 204). Your primary task is to 
assemble wheels onto the trunk to complete the robot assembly.

AGV Prompt
Think of yourself as one of the wheeled robots (202, 203, or 204), and your available skills are:

Available Skills for Wheeled Robots:
- [move] <wheeled robot1/2/3> (202/203/204) move to component location using RRT path
- [push] <wheeled robot1/2/3> (202/203/204) push selected component to franka area
- [wait] <wheeled robot1/2/3> (202/203/204) wait

Your role: You are a wheeled robot optimized for efficient component transportation around the assembly 
workspace. You can navigate to component locations using RRT path planning and push components like 
<trunk> (303), <left wheel> (405), and <right wheel> (406) to the franka assembly area. You work 
collaboratively with other wheeled robots, the humanoid, and the franka arm.

Note: Normally you must first use [move] skill to navigate to a component's location before you can 
[push] it. However, if your available actions only include [push] and [wait] (no [move] option), this 
means you have already completed the movement phase and are positioned at the component location. In 
this case, you can directly use the [push] skill to transport the component to the franka assembly area.

Note: You specialize in ground-level component transportation using RRT path planning. You cannot 
perform assembly operations - those require the franka (606) robot arm's assistance.

Note: When transporting components, coordinate with other wheeled robots to efficiently move all 
required components. Prioritize moving the <trunk> (303) first, then the wheels <left wheel> (405) and 
<right wheel> (406).

Note: Your [push] action transports components directly to the franka assembly area where the robot arm 
can access them for final assembly operations.

Note: Use [wait] when you need to pause for coordination with other agents or when your immediate 
assistance is not required.

Figure 10: Single Agent Prompts. It illustrates the single-agent prompt design for Franka, Humanoid,
and AGV, specifying their roles and available skills.

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Agent Grouping Vanilla Prompt

You are an intelligent task coordinator for multi-agent assembly systems. Your job is to analyze the 
current situation and develop a comprehensive strategy for grouping agents to accomplish the robot 
assembly task efficiently.

Given the following information:

These robot agents and their capabilities and action spaces are:
1. humanoid (101): The humanoid can walk around the environment and carry obstacles to clear paths for 
other robots. 
The humanoid has advanced mobility and can navigate complex terrain.
When other agents cannot reach component locations due to obstacles, humanoids can assist by clearing the 
path.
The humanoid can carry obstacles but cannot perform component assembly directly.
NOTE: The humanoid should focus on path clearing and obstacle removal tasks.

2. mobile_car (201/202/203): The mobile cars are wheeled robots optimized for component transportation.
Each mobile car is assigned to a specific component:
- mobile_car_1 (201): Responsible for left wheel transportation
- mobile_car_2 (202): Responsible for right wheel transportation  
- mobile_car_3 (203): Responsible for trunk transportation
The mobile cars can navigate to component locations using RRT path planning and transport components to 
the franka assembly area.
Mobile cars cannot perform assembly operations directly but are essential for component logistics.

3. franka robot arm (606): The franka is a fixed manipulator specialized for precise assembly operations.
The franka can check components, pick and place wheels on the trunk to complete the final assembly.
The franka can check trunk (303), left wheel (405), and right wheel (406).
The franka performs the final assembly by placing wheels on the trunk.
The franka cannot reach ground-level objects directly and relies on mobile cars to bring components to 
its workspace.

Available Agents: #AGENTS_INFO#
Task Goal: #TASK_GOAL#
Current Environment Observations: #OBSERVATIONS#

Previous Dialogue History: #DIALOGUE_HISTORY#
Pay attention to the dialogue history, because it records your conversations with different agents and 
the progress of the task execution. Depending on the content of the dialogue, you can avoid repeating 
actions that have been completed and make more informed grouping decisions based on what has already been 
accomplished.

Please develop a comprehensive strategy for agent grouping and task coordination. Consider the following 
aspects:

1. **Situation Analysis**: Analyze the current environment state, what has been accomplished (based on 
dialogue history), and what still needs to be done.

2. **Spatial Analysis**: Consider the physical locations of agents and components, area layouts, and any 
spatial constraints that might affect agent coordination.

3. **Task Decomposition**: Break down the overall assembly task into logical sub-tasks that can be 
assigned to different groups.

4. **Grouping Strategy**: Explain your reasoning for how to group agents, considering:
   - Which agents can work simultaneously without interfering with each other
   - Which agents need to collaborate closely and should be in the same group
   - Spatial separation to avoid conflicts
   - Efficiency considerations
   - Remember that agents going to interact with the same component and in the same area should be in the 
same group.

5. **Sub-goal Assignment**: For each proposed group, describe:
   - What specific sub-goal they should accomplish
   - Why this sub-goal makes sense for this particular combination of agents
   - How this sub-goal contributes to the overall assembly task completion

6. **Coordination Strategy**: Explain how the different groups will coordinate with each other, if needed, 
and the sequence or timing of their operations.

7. **Risk Assessment**: Identify potential issues or conflicts that might arise and how your grouping 
strategy addresses them.

Please provide a detailed explanation on Grouping Strategy and Sub-goal Assignment part of your strategy 
while keeping the other parts brief. Focus on the reasoning and rationale rather than strict formatting. 
Be comprehensive in your analysis and make sure to address all aspects of effective multi-agent 
coordination.

Let's think step by step and develop the best possible strategy for this assembly situation.

Figure 11: Vanilla Agent Grouping Prompt. It illustrates the prompt to extract agent sub-groups
and their corresponding sub-tasks with the general proposal planner.
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Agent Grouping Prompt

You are a structured output formatter for multi-agent task coordination. Your job is to convert a 
detailed grouping strategy into a precise, parseable format.

Based on the comprehensive grouping strategy provided below, please extract and format the agent groups 
and their sub-goals according to the exact format requirements.

Grouping Strategy: #VANILLA_GROUPING_OUTPUT#

Available Agents: #AGENTS_INFO#

IMPORTANT FORMAT RULES:
1. Each group must be on a single line starting with "Group X:" where X is a number
2. List agents using EXACTLY this format: <agent_class_name>(id)
3. Separate multiple agents with commas
4. After listing agents, use " - Sub-goal: " followed by a clear, specific sub-goal
5. Sub-goals must be actionable and directly related to the task
6. Do not include any extra text, comments or explanations

Example correct format:
Group 1: <humanoid>(101), <mobile_car_1>(201) - Sub-goal: Transport trunk from area A to franka assembly 
area
Group 2: <franka>(606) - Sub-goal: Assemble left wheel onto trunk when components are ready

For agents that should not participate in this step:
Non-assigned Agent: <mobile_car_2>(202) - Reason: No tasks available at current location

INVALID FORMATS (DO NOT USE):
- Group 1 - The humanoid and mobile car will...
- First group: humanoid(101), mobile_car_1(201)
- Group 1: <humanoid>(101) will walk while <mobile_car_1>(201) moves
- **Group 1:** <humanoid>(101)
- Group 1: <humanoid>(101) - The agent should move to...

Remember:
- Use exact agent class names and IDs from the available agents list
- Keep groups spatially separated to avoid conflicts
- Only include agents that are actually needed for the current step
- Agents from all groups are expected to operate concurrently, so group them together if they need to 
act sequentially instead of act in parallel
- Provide clear, actionable sub-goals for each group
- Never assign the same agent to multiple groups
- Never include extra comments or explanations
- If previous plan failed, reflect and improve your plan by assigning sub-tasks to proper agent groups
- If part of the plan is already done, you don't need to assign that part of task again.
- Group agents together if they share similar subgoals (e.g. interacting with the same object)

Let's think step by step.

Figure 12: Agent Grouping Prompt. It illustrates the prompt to form agent sub-groups with a
general proposal with the general proposal planner.
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