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Abstract— A flurry of recent work has demonstrated that
pre-trained large language models (LLMs) can be effective
task planners for a variety of single-robot tasks. The planning
performance of LLMs is significantly improved via prompting
techniques, such as in-context learning or re-prompting with
state feedback, placing new importance on the token budget
for the context window. An under-explored but natural next
direction is to investigate LLMs as multi-robot task planners.
However, long-horizon, heterogeneous multi-robot planning
introduces new challenges of coordination while also pushing
up against the limits of context window length. It is therefore
critical to find token-efficient LLM planning frameworks that
are also able to reason about the complexities of multi-robot
coordination. In this work, we compare the task success rate and
token efficiency of four multi-agent communication frameworks
(centralized, decentralized, and two hybrid) as applied to
four coordination-dependent multi-agent 2D task scenarios for
increasing numbers of agents. We find that a hybrid framework
achieves better task success rates across all four tasks and
scales better to more agents. We further demonstrate the hybrid
frameworks in 3D simulations where the vision-to-text problem
and dynamical errors are considered. See our project website4

for prompts, videos, and code.

I. INTRODUCTION

Multi-robot systems have great potential as a tool for
operations that require the completion of many tasks, such
as warehouse management. Planning for these systems is
often challenging due to heterogeneous robot capabilities,
coordination during tasks requiring multiple robots, inter-
dependencies of separate tasks, and general safety considera-
tions (e.g. collision avoidance). Further, the difficulty scales
with the number of robots. Previous work has used algorithm-
based [1], [2], [3] or learning-based [4], [5] methods to control
multi-robot systems. Such approaches are typically tuned for
a specific scenario, requiring significant engineering effort
that limits generalization into novel tasks or scenarios.

Motivated by the ability of pre-trained large language
models (LLMs) to generalize to new task domains [6], [7],
there have been many recent efforts to use them for single-
agent task planning [8], [9]. Planning performance is signifi-
cantly improved through clever use of the context provided
to the LLM, whether via techniques for initial prompts
(e.g., in-context learning, chain-of-thought) or iterative re-
prompting with feedback (e.g., environment state changes,
detected errors). Given this success, there is new interest in
investigating LLMs as task planners for multi-robot systems
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[10], [11]. These recent efforts address systems consisting of
two or three robots; they assign an LLM to each robot and
have the models engage in collaborative dialogue rounds to
try to find good plans.

Scaling to systems of many robots and tasks with longer
horizons is an issue for approaches that assign each robot
its own LLM agent. First, both the number of possible coor-
dinating actions and the possible action inter-dependencies
grow exponentially with the number of agents, making the
reasoning more difficult for the language models. Second, the
context provided to each LLM contains the responses of each
other LLM for the current round of dialogue in addition to
the history of dialogue, actions, and states from prior rounds;
so, scaling the number of agents also scales the context token
length requirements toward their modern limits and increases
the runtime of LLM inference (and API costs). Moreover, the
immediately relevant information in the context can become
diluted in longer prompts. These limitations are beyond the
scope of prior work [10], [11].

Our goal is to preserve the generalizability of LLMs
as task planners for multi-robot settings while addressing
the challenges of scaling to many agents. We argue that
different frameworks for integrating LLM planners into
multi-robot task planning can improve both scalability and
task planning success rates. In this work, we compare four
different frameworks (Figure 3) of cooperative dialogue for
task planning among multiple LLMs for increasing numbers
of robots. For each, planning is performed incrementally in
which the LLMs collaborate to find the next action to take for
each agent in the system. The first approach (DMAS) uses a
decentralized communication framework in which each robot
is provided its own LLM agent and dialogue proceeds in
rounds of turn-taking. The second approach (CMAS) uses
a centralized framework in which a single LLM produces
the next action for all robots in the system. We also propose
two hybrid versions of these two approaches: (1) a variant of
DMAS that adds a central LLM responsible for providing an
initial plan to prime the dialogue (HMAS-1) and (2) a variant
of CMAS that gives each robot an LLM with which to provide
robot-local feedback to the central LLM planner. To further
address issues of token length due to historical dialogue and
planning context, we also propose a truncated prompt that
only includes state-action information from prior dialogue
rounds. We evaluate the performance of each approach in four
different task planning environments inspired by warehouse
settings. To further demonstrate LLMs as multi-robot planners,
we apply these approaches to a simulated 3D manipulation
task that requires coordination among the manipulators.
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To the best of our knowledge, this work is the first to
study the scalability of different LLM dialogue frameworks
for multi-robot planning. The proposed HMAS-2 framework
and state-action history method greatly improve the planning
success rates for situations under high robot numbers.

II. PROBLEM DESCRIPTION

This work focuses on task planning for multi-robot systems.
We consider a cooperative multi-robot task scenario with N
robots and M LLM agents. We assume that each LLM agent
has full knowledge of the environment and each robot’s
capabilities. The robot capabilities can be heterogeneous,
requiring the planners to assign tasks to robots accordingly.
In order to provide each LLM with the task goals and
observations, we manually define functions to translate them
into text prompts. We also define functions to map the output
of the LLM planners into pre-defined robot actions. Planning
is performed iteratively, choosing the next action for each
robot to take. At each iteration, the M LLM agents engage
in collaborative dialogue to find a consensus for the next
set of robot actions. Given the next action, the robots act in
the environment, and the resulting new state is provided as
context to the LLMs for the next planning iteration.

Fig. 1. Simplified prompt example of the HMAS-1 local agent. The
acquired ’Response1’ acts as the initial plan, or otherwise sent to the next
local agent for further discussion.

III. METHODS

Given the goal and the current environment state as text,
the LLM agents engage in dialogue per the communication
framework (Section III-B) in order to generate an initial set
of actions for the robots to take. Before execution, this action
set is checked by an external rules-based verifier for syntax

Fig. 2. Simplified prompt example of the HMAS-2 central agent. The
generated ’Response1’ is sent to local agents for feedback. Once the central-
local iteration terminates, the output plan is checked for syntactic correctness.

Fig. 3. Four LLM-based multi-agent communication frameworks compared
in this work. The circles represent robots that may have actions in the current
step and the ’LLM’ text represents each LLM agent. The overlap between
one circle and one ’LLM’ text means that the robot is delegated with one
LLM agent to express its special opinions to other agents. The ’LLM’ text
without the overlapped circle represents a central planning agent.

errors; any errors are provided as feedback to re-prompt for
correction. Given a syntactically correct set of actions, the
robots then execute those actions in the environment, resulting
in a new environment state. We show examples of the prompt
structure for the HMAS-1 and HMAS-2 approaches in Figure
1 and Figure 2 respectively. We describe the main components
of the initial prompt in the next subsection.

A. Main Components of LLM Prompt

We use the same basic structure to prompt each LLM
agent, but the specifics of the prompt depend on the individual
agent’s role. The prompt structure consists of the following
main components:

• Task Description: the requirements and constraints of
the task for the multi-robot system to accomplish.
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• Step History: the history of dialogue, environment states,
and actions from previous steps in the iterative planning
process. We describe this in more detail in Section III-C.

• Current State: the objects in the environment (boxes)
and their properties (position and volume).

• Robot State & Capability: the capabilities (available
actions) of each robot and their current locations. This
prompt part is synthesized by our pre-defined functions.
The available actions include possible collisions; it is
the responsibility of the planner to find safe plans.

• Agent Specialized Prompt: the prompt for each lo-
cal agent emphasizes its own state and indicates the
responses and initial plans of the other agents. For
frameworks with a central agent, the prompt for that
agent includes feedback from the local agents. Further,
each agent is provided a persona.

• Communication Instruction: the instruction for how
to respond to other agents & how to format the output.

• Plan Syntactic Checking Feedback: (optional) expla-
nation of syntax errors in the generated output. The
syntactic checking ensures that the output is formatted
correctly and uses available actions.

B. Communication Frameworks for Sub-task Plan

We compare the four LLM-based multi-robot planning
frameworks shown in Figure 3. The Decentralized Multi-
agent System framework (DMAS) is shown in Figure 3(a)
and is the framework used in previous works on LLMs as
multi-robot planners [10], [11]. Each robot is assigned an
LLM planner and another agent to whom it should send
its comments. The agents use a turn-taking approach for
dialogue, as illustrated. The comments from prior agents in
the dialogue are concatenated and included as part of the
prompt for the next agent; thus, the prompt length increases
over the duration of the dialogue for the current planning
iteration. The dialogue ends once the current agent outputs
“EXECUTE" followed by the action for each agent.

The Centralized Multi-agent System framework (CMAS) is
shown in Figure 3(c). This approach incorporates only a single
LLM as a central planner that is responsible for assigning
the actions for each robot at each planning iteration.

We propose two Hybrid Multi-agent System frameworks,
HMAS-1 (Figure 3(b)) & HMAS-2 (Figure 3(d)), that are
variants of DMAS and CMAS respectively. In HMAS-1, a
central LLM planner proposes an initial set of actions for
the current planning iteration that is provided to each of
the robots’ LLM planners; the robots’ LLMs then proceed
as done in DMAS. In HMAS-2, a central LLM planner
generates an initial set of actions for each robot, as done in
CMAS; however, each robot has an LLM agent that checks its
assigned action and provides feedback to the central planner.
In the case of a local agent disagreeing with its assigned
action, the central agent will re-plan. This process repeats
until each robot’s LLM agrees with its assigned action. Note
that in both HMAS-1 and HMAS-2, only the agents that will
take an action participate in the dialogue, thus reducing the

duration of dialogue and the corresponding number of tokens
in the prompts.

C. Step History

Including the full history of the dialogue, environment
states, and actions rapidly exhausts the context token budget
for the LLM planners, constraining the performances. We
therefore compare three approaches in an ablation study of
the historical information included in the context: (1) no
historical information, (2) only state-action pair history (no
dialogue), and (3) the full history. We only include the results
for all three approaches in the ablation study; since we found
that (2) has the best trade-off between task performance and
token efficiency (see Section IV-C), all other experiments are
performed with only state-action pair history.

D. Token Length Constraint

We use gpt-4-0613 and gpt-3.5-turbo-0613 in this work,
with context token limits of 8192 and 4097, respectively. To
make sure the total token length (prompt + response) does
not surpass these limits, we employ a sliding context window
over the step history part of the prompt; the step history will
include as many of the most recent steps as possible without
surpassing a total prompt length of 3500 tokens.

Fig. 4. Four multi-robot task planning environments.

IV. EXPERIMENTS

A. Testing Environments

To compare the four different LLM-based planning frame-
works, we design four multi-robot task planning environments
inspired by a warehouse setting. In order to evaluate how these
frameworks scale to many robots, for BoxNet1 and BoxNet2,
we run trials of 4, 8, 16, and 32 robots. For Warehouse and
BoxLift, we run trials 4, 6, 8, and 10 robots. For each number
of robots in each environment, we perform 10 trials with
varied initial conditions.

We track whether each trial resulted in task execution. A
task is considered a failure in the following conditions: (1)
the dialogue among agents results in a context length beyond
the token limit, (2) the agents do not reach consensus before
a pre-specified limit of dialogue rounds, (3) the syntactic
checking iterates beyond a pre-specified limit, (4) the number
of planning iterations exceeds a limit before reaching the
goal, and (5) the plan results in a collision. Note that only
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BoxNet2 and Warehouse can have collision.
BoxNet1 Figure 4(a) shows the BoxNet1 environment. The
environment consists of cell regions, robot arms, colored
boxes, and colored goal locations (circles) for each box. The
goal is to move each box into its associated goal location in
the fewest time steps. The robot arms are confined to the cell
they occupy. Each arm has three possible actions: (1) move
a box within its cell to a neighboring cell, (2) move a box
within its cell to a goal location within its cell, and (3) do
nothing. We assume no collisions.
BoxNet2 Figure 4(b) shows the BoxNet2 environment,
which is similar to BoxNet1. In this environment, each box
can only be moved between cells by being placed at a corner
(red circles), and a given corner can only hold one box at
a time; we treat placing two or more boxes on the same
corner as a collision (and thus task failure). Each arm in this
environment has three possible actions: (1) move a box from
a corner to a different corner of the cell, (2) move a box
from a corner to a goal location within the its cell, and (3) do
nothing. The constraint on box movement and possibility of
collision makes this scenario more challenging than BoxNet1.
Warehouse Figure 4(c) shows the Warehouse environment.
In this environment, mobile manipulators are tasked with
moving all of the boxes (green) to the target region (blue)
in the fewest time steps. Each robot can only move between
permissible locations (red) by traveling along the gray paths;
in a single time step, a robot cannot move beyond an adjacent
permissible location. We treat two robots occupying the same
location as a collision, resulting in task failure. A robot can
pick up a box only when at a permissible location that is
immediately adjacent to it. Each robot has six possible actions:
(1) & (2) move left or right (if a permissible location exists),
(3) pick up an adjacent box, (4) place a box in the target
region, (5) move from the target region to any of the adjacent
permissible locations, and (6) do nothing.
BoxLift Figure 4(d) shows the BoxLift environment. In this
environment, robots are tasked to lift each box (green) in the
fewest time steps. The robots are able to lift different amounts
of weight, and the boxes have different sizes and weights.
In a single time step, multiple robots can be assigned to lift
the same box. The box is lifted if the total capability of the
robots lifting is greater than the box’s weight. As an additional
challenge, the LLM agents are only able to observe the size
of each box, not their weight. This is meant to simulate real
situations in which box size roughly correlates with weight.
The size and weight of each box is roughly proportional, but
we introduce some variability. The LLM agents are provided
feedback about whether or not the box was successfully lifted.

B. Metrics

To measure how well each framework is able to plan, we
report the average task success rate and average number of
steps per plan. To measure the token efficiency and API
usage, we also report the average number of tokens used
per plan and the average number of API calls per plan. The
average number of steps per plan, the average number of
tokens per plan, and the average number of API calls per

plan only include plans that were successful. We therefore
report normalized values for those three metrics. Let M be
the set of values for a given metric M , e.g. average API
calls, such that mi ∈ M is the value of metric M for the ith

framework. Let M̂ be the set of values for the normalized
metric M̂ such that the normalized metric value m̂i ∈ M̂
for the ith framework is:

m̂i =
mi

min(M)
(1)

The best value for the normalized metrics is 1.0. The
framework that performs best for one of those metrics will
thus have a value of 1.0.

C. Results

Table I shows the experimental results for the four LLM-
based multi-robot planning frameworks.
Communication Frameworks We note a few key results.
The HMAS-2 framework outputs plans with highest quality
since it achieves highest success rates and the fewest actions
per plan. The CMAS framework has the fewest API calls and
uses the fewest tokens; this is expected as it uses a single
LLM and only requires one API call to generate the plan
(assuming no syntax errors). The DMAS framework uses
the most API calls and tokens, and also has the lowest task
success rate. We observe that the LLM agents in DMAS often
take many rounds of dialogue per planning step to decide
to act, resulting in long dialogues. During the dialogue, the
agents often repeat what previous agents have said without
contributing anything new; or, agents will repeatedly propose
the same action, diluting the context of important information
[12]. HMAS-1, our hybrid variant of DMAS, primes the
dialogue with an initial plan from a central LLM planner.
This modification significantly improves the performance of
the dialgoue that follows. We hypothesize that the initial plan
serves as better starting point than DMAS, thus leading to
better performance metrics. However, HMAS-2 outperforms
HMAS-1 in all metrics. We show one example of HMAS-1
dialogue in Figure 5. It shows that the LLM agents can get
stuck on their proposed action, leading to inefficient dialogue.

We also report the trend of task success rates as a function
of increasing numbers of agents, as shown in Figure 6. For
low numbers of agents, CMAS is competitive with HMAS-2;
however, CMAS scales significantly worse to more agents.
For more challenging tasks like Warehouse, CMAS performs
worse than HMAS-2 for all numbers of agents, indicating that
a single central LLM planner tends to generate unreasonable
plans for more complex multi-robot task scenarios. Unlike
CMAS, HMAS-2 is able to check and correct for errors
in plans, such as identifying actions that would result in a
collision. Figure 7 shows one example of dialogue correcting
the flawed plan via feedback from local LLM agents.
Step History Method In Table I, we report the results of
HMAS-2 for different step history prompts, as described in
Section III-C. The framework performs much worse when
provided no history of prior actions or dialogue rounds than
when provided with the state-action pair history; this is
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TABLE I
EVALUATION RESULTS ON FOUR TASKS. WE REPORT AVERAGE SUCCESS RATES (↑) OVER 40 RUNS ACROSS 4 AGENT NUMBERS PER TASK, AVERAGE

NUMBER OF STEPS PER PLAN (↓), AVERAGE API CALLS (↓), AND AVERAGE NUMBER OF TOKENS ACROSS ALL RUNS (↓). APART FROM SUCCESS RATE,
THE LATER THREE VALUES ARE NORMALIZED OVER SUCCESSFUL RUNS.

DMAS HMAS-1 CMAS HMAS-2 HMAS-2
w/o History

HMAS-2
w/ All History

CMAS
(GPT-3)

HMAS-2
(GPT-3)

BoxNet 1

Success 25.0% 52.5% 75.0% 82.5% 77.5% 75.0% 12.5% 27.5%
Steps 2.25 1.58 1.92 1.33 1.45 1.34 2.76 1.74
API Calls 16.00 5.06 1.89 4.62 4.61 4.41 3.21 6.33
Tokens 48.56 13.80 4.09 9.00 4.18 8.95 6.73 10.02

BoxNet 2

Success 0.0% 7.5% 27.5% 57.5% 27.5% 32.5% 0.0% 5.0%
Steps - 1.38 1.22 1.21 1.69 1.24 - 1.29
API Calls - 8.24 1.00 3.35 4.20 2.39 - 3.97
Tokens - 9.32 1.00 5.22 3.89 3.16 - 5.83

Warehouse

Success 0.0% 5.0% 15.0% 62.5% 45.0% 52.5% 0.0% 10.0%
Steps - 1.62 1.73 1.16 1.23 1.34 - 1.19
API Calls - 8.52 1.00 5.48 5.62 5.71 - 6.33
Tokens - 14.02 1.00 9.21 9.98 10.56 - 10.09

BoxLift

Success 52.5% 67.5% 90.0% 100.0% 0.0% 90.0% 12.5% 20.0%
Steps 1.42 1.33 1.99 1.11 - 1.17 2.82 1.65
API Calls 37.13 18.99 1.00 14.90 - 15.21 1.76 18.92
Tokens 50.34 24.54 1.00 21.52 - 28.02 2.04 25.42

Fig. 5. Simplified communication example of HMAS-1. The local agents
hesitate on possible actions, making the dialogue endless.

consistent with our intution that the past actions provide useful
information for future decisions. The framework performs a
bit worse when provided the full history than when provided
with the state-action pair history. We hypothesize that this is
a result of context dilution [12] from long dialogue histories.
GPT-3 Performance A common trend among pre-trained
LLM evaluations is that some capabilities do not emerge
until a model reaches sufficient size or is trained on sufficient
amounts of quality data [9]. We report the results of CMAS
and HMAS-2 when using GPT-3 as the LLM and find that
it performs significantly worse than GPT-4. It is a useful
reminder that the quality of LLM-based planners depends on
the quality and capability of the underlying LLM.

D. 3D Simulation

In addition to the 2D scenarios for our experiments, we
also perform experiments in a 3D environment simulated

Fig. 6. Success rate vs. robot number for CMAS and HMAS-2 methods
in four testing environments.

using Pybullet [13], as illustrated in Figure 8. The task
and environment are similar to BoxNet1 and BoxNet2. The
environment consists of colored boxes, colored bowls, and
robot arms. The goal is to move each colored box into its
associated bowl of the same color in the fewest actions. Each
arm is immobile and confined to actions within its workspace
(indicated by the dotted blue lines). Arms can only pick and
place boxes that are within its workspace or on the border.
Pick and place actions are executed via pre-defined motion
primitives. Unlike BoxNet2, boxes can be placed anywhere
that is reachable along the boundary, so collisions are possible
but unlikely. We again test the scalability to more agents and
instantiate the environment with either three or six arms (each
has its own workspace). The 3D environment has an additional
complexity of using an image-to-text model (ViLD [14]) to
provide bounding boxes and text descriptions for each object.
Further, the 3D simulation has a richer environment model
that permits action execution errors due to dynamical factors
(e.g., a box slips out of a gripper) that require re-planning.
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Fig. 7. Simplified communication example of HMAS-2. The local agents
detect the collision risk and report it to the central agent.

Fig. 8. 3D simulation environments: robot arms collaborate to move all the
boxes into the same colored bowls. Each robot arm has a limited workspace
and can only move within its assigned region (divided by the blue lines).

The iterative nature of the LLM-based planning frameworks
in this work naturally handles such instances of replanning.

We do ten runs for each scenario. Table II shows the results
of the experiments with three and six agents, respectively.
Both CMAS and HMAS-2 achieve 100% success rates.
CMAS used more action steps than HMAS-2 in the six
robot situation, consistent with our results from the 2D
environments that CMAS performs worse than HMAS-2 in
more complex tasks.

V. RELATED WORK

LLMs for Robotics A representative set of prior work
[15], [6], [16], [7], [17] uses LLMs to select actions from pre-
defined skill primitives and complete the tasks step by step
with texts or codes as the intermediate, such as SayCan [8],
Inner Monologue [18], Code-As-Policy [19], and ProgGPT
[20]. Regarding to connect task planning and motion planning,
prior work such as Text2Motion [21] and AutoTAMP [2]
studies integrating LLMs with traditional Task and Motion

TABLE II
EVALUATION RESULTS ON 3D SIMULATIONS. WE REPORT AVERAGE

VALUES OVER 10 RUNS. REPORTED NUMBERS OF ACTION STEPS, NUMBER

OF API CALLS, AND NUMBER OF TOKENS ARE NORMALIZED VALUES.

Three Robots Six Robots

Success Steps API
Calls Tokens Success Steps API

Calls Tokens

CMAS 100% 1.0 1.0 1.0 100% 1.39 1.0 1.18
HMAS-2 100% 1.03 3.45 3.28 100% 1.03 2.65 1.31

Planners. Other work explores querying LLMs to output
rewards of robot actions so that independent reward-based
planners can be connected. The reward formats can be real
values [22], [23], temporal logics [24], [2], [25], or patterns
[26]. The recent two work [10], [11] firstly extend LLMs
into multi-robot situations, while the robot number is limited
to two or three and the scalability of frameworks and step
history approaches is not considered. A recent work [27]
considers the scalability of LLM-based single-robot planning
in broader environments with more objects.
Dialogues and Debates of LLMs Outside the Robotics
domain, LLM-based multi-agent discussion has shown im-
pressive capability to promote the research in social behaviors
[28], [23], dialogue-based games[29], and software develop-
ment [30]. Recent work shows that discussion among multiple
LLM agents can improve factuality and accuracy[31], [32].
Prior work focuses more on understanding LLM behaviors
or improving the solution for a single question.
Multi-Robot Collaboration Multi-robot collaboration has
been extensively studied many decades, especially on multi-
arm and multi-drone motion planning [33], [34], [35]. The
traditional methods rely on sampling-based methods for
trajectory generation [36], or formal methods to optimize
Task and Motion Planning [37], [3], [35]. Recent work also
explored learning-based methods as alternatives [38], [39].

VI. CONCLUSION
Our work considers the scalability of LLM-based multi-

robot task planning for long-horizon tasks to systems with
many robots with heterogeneous capabilities. We propose
several new frameworks for collaborative LLM dialogue and
find that hybrid approaches with both central and local LLM
planners produce the most successful plans and scale best
to large number of agents. While the experiments focus
on warehouse related tasks, the efficient frameworks can
generalize to many other multi-robot collaboration situations.

Future work can explore more complex tasks with more
hierarchical frameworks of robot groups, e.g., each agent
for each specialized robot sub-group. The rapid arising of
multi-modal (particularly visual) models can change the com-
munication paradigm for large multi-agent problems, opening
up more research topics on agent framework optimization.
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