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ABSTRACT

The remarkable progress in Large Language Models (LLMs) opens up new av-
enues for addressing planning and decision-making problems in Multi-Agent Sys-
tems (MAS). However, as the number of agents increases, the issues of halluci-
nation in LLMs and coordination in MAS have become increasingly prominent.
Additionally, the efficient utilization of tokens emerges as a critical consideration
when employing LLMs to facilitate the interactions among a substantial number
of agents. In this paper, we develop a modular framework called LLaMAC to
mitigate these challenges. LLaMAC implements a value distribution encoding
similar to that found in the human brain, utilizing internal and external feedback
mechanisms to facilitate collaboration and iterative reasoning among its modules.
Through evaluations involving system resource allocation and robot grid trans-
portation, we demonstrate the considerable advantages afforded by our proposed
approach.

1 INTRODUCTION

Relying on training from massive datasets to capture extensive common knowledge and having
demonstrated certain reasoning capabilities, Large Language Models (LLMs) have been widely
applied and explored across various domains, rapidly emerging as powerful tools Brown et al.
(2020); Kojima et al. (2022); Ruan et al. (2023a); Yang et al. (2023). The utilization of prompt-
ing techniques, such as chain-of-thought (CoT) Wei et al. (2022), has played a pivotal role in further
augmenting the reasoning and planning capabilities of LLMs. This approach eliminates the need
for training from scratch by providing an acceptable initial strategy based on common knowledge.
Examples of such applications include question-answering systems Mallen et al. (2023), common-
sense reasoning Hao et al. (2023), programming Tian et al. (2023), and embodied intelligence Driess
et al. (2023).

Recently, in the fields of natural language processing (NLP) and multi-agent systems (MAS), numer-
ous research endeavors are dedicated to exploring the collaborative task-solving potential facilitated
by the cooperation of multiple agents grounded in LLMs. These efforts leverage the role-playing Li
et al. (2023) and debate Chan et al. (2023) to facilitate synergy and effective coordination among the
agents involved. However, most existing works focus on coordinating a limited number of agents as
shown in Table 1. The application of LLMs for effective coordination in large-scale agent scenarios
has received limited attention. This is attributed mainly to the significant increase in complexity and
difficulty associated with applying LLMs to large-scale multi-agent decision-making tasks.

In this paper, we direct our attention to the following key challenges: (1) As the number of agents
increases, the joint action space grows exponentially, amplifying the difficulty of exploration and
exploitation in complex MAS. (2) The limitations of LLMs themselves, as highlighted by the issue
of hallucinations Zhang et al. (2023e), can affect the reliability of decision-making. (3) Effectively
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Table 1: Comprehensive comparison of LLM-based multi-agent methods. All approaches rely on
either multi-agent debate or role-playing to accomplish decision-making tasks and solve NLP prob-
lems (task solver), or simulate collective behavior (community simulator).

Type Method Target Agent Configuration Agents Num.

Muti-Agent
Debate

Debate (Du et al.)
Task Solver

2 debaters 2
MAD (Liang et al.) 1 judge + 2 debaters 3
ChatEval (Chan et al.) multi debaters 5

Role Playing

CAMEL (Li et al.)

Task Solver

1 assistant + 1 user 2
AgentVerse (Chen et al.) 1 role assigner + 2-4 experts + 1 evaluater 6
Proagent (Zhang et al.) 2 cooks 2
LLaMAC (ours) 3 critic + 1-50 actors 50
Generative Agents (Park et al.) Community

Simulator

25 agents 25
Werewolf Agents (Xu et al.) 7 players 7
ReCon (Wang et al.) 6 players 6

managing tokens or communication resources presents a substantial challenge in scenarios involving
large-scale LLM-based agents. We prioritize these challenges due to their inherent and widespread
nature in large-scale settings, and the absence of comprehensive solutions. By focusing on these
general challenges, we try to contribute insights and solutions that hold broad relevance, offering a
foundational framework for tackling intricacies in diverse real-world scenarios.

To this end, we present Large Language Model-based Actor-Critic (LLaMAC), a novel framework
for achieving a comprehensive decision-making process in collaborative tasks involving large-scale
LLM-based agents, drawing inspiration from the classical actor-critic reinforcement learning (RL)
approach Konda & Tsitsiklis (1999). Within LLaMAC, we design a centralized critic which takes
on the role of a coordinator, making suggestions to each actor based on their decision memory.
Subsequently, the actors engage in interactions with the environment, receiving assigned tasks, con-
ducting analyses, and performing corresponding actions. Specifically, our primary contributions are
as follows:

• To attain a viable and robust initial strategy and tackle the exploration-exploitation trade-off
inherent in the decision-making process, we introduce the TripletCritic structure, which is
inspired by the distributional code for value in the brain Dabney et al. (2020). This architec-
ture effectively coordinates multiple critics with shared objectives but varying preferences
through internal feedback, thereby providing dependable action suggestion for each actor
involved.

• We also establish an external feedback mechanism between the LLM-based actors (i.e.,
agents) and the TripletCritic. This mechanism serves to not only reduce the access cost
of the LLM but also allows each actor to maintain independent exploration and decision-
making capabilities.

• We propose a modular and token-efficient framework for augmenting the decision-making
capabilities of LLM-based agents in large-scale multi-agent environments. This framework
enables autonomous iterative cooperation among a large number of agents.

We first evaluate the performance of our method on a system resource allocation task to demonstrate
its ability to strike a balance between exploration and exploitation, as well as its capability in large-
scale multi-agent decision-making tasks. We further deploy our method in a more complex robot
grid transportation scenario to validate its planning and decision-making capabilities. Experimental
results demonstrate that our method outperforms existing approaches in terms of final performance,
token utilization efficiency, and policy stability. To the best of our knowledge, we are the first to
apply LLMs to large-scale multi-agent decision-making tasks involving more than 50 agents, as
indicated in Table 1.

2 RELATED WORK

2.1 MULTI-AGENT COOPERATION

Extensive research has been conducted to explore collaborative control among agents in MAS, with
the objective of acquiring optimal strategies to accomplish ultimate goals. Game theory and RL
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Figure 1: The overall framework of LLaMAC. The LLM-based agents achieve autonomous and
continuous decision-making and interaction through the utilization of the execution, memory, and
critic modules.

serve as essential theoretical and practical foundations for this research Yang & Wang (2020); Zhang
et al. (2021), leading to the development of several novel collaborative training frameworks that ef-
fectively address challenges such as equilibrium strategy solving Kuba et al. (2021); Zhang et al.
(2023a;b), credit assignment Zhou et al. (2020), non-stationarity of the environment, and partial
observability Rashid et al. (2020). Among these approaches, the Actor-Critic method Lowe et al.
(2017), widely recognized as one of the classical RL techniques, has found extensive application
within the context of MAS. Within this framework, a centralized critic estimates the value function
to evaluate the quality of policies, while decentralized actors employ gradient ascent based on these
assessments to improve their policies, thereby maximizing the expected cumulative return. However,
these methods often suffer from limitations in generalization and require exploration of a large num-
ber of irrelevant trajectories, resulting in low training efficiency. Moreover, strategies generated by
such black-box optimization methods often lack interpretability. In contrast, our approach enables
optimal strategy formulation through a stable and efficient framework based on natural language
interaction, providing a transparent and interpretable decision-making process.

2.2 PLANNING AND REASONING WITH LLM

Learning in massive corpora gives LLMs certain commonsense reasoning capabilities Kojima et al.
(2022). Although there are still challenges in solving complex decision tasks, a large amount of work
has proven that their methods can effectively improve the planning ability of LLMs Zelikman et al.
(2022); Creswell et al. (2022). One line of research focuses on decomposing complex queries into
sequential intermediate steps, known as Chain-of-Thought (CoT) Wei et al. (2022), to achieve ac-
curate solutions. Another direction involves incorporating feedback mechanisms, showcasing their
extensive capabilities in tackling complex decision-making challenges Wang et al. (2023b). More-
over, recent studies have begun to address this issue employing multiple LLMs. These approached
are enhanced in their planning capabilities through techniques such as debate Chan et al. (2023);
Liang et al. (2023) or role-playing Li et al. (2023); Hong et al. (2023). In the domain of decision-
making, a subset of research utilizes prompting techniques to construct comprehensive processes
covering perception, planning, and action, in cluding video games Zhang et al. (2023c), robot con-
tro l Zhang et al. (2023d); Mandi et al. (2023), and open-world tasks Zhu et al. (2023); Gong et al.
(2023). There are some studies about task planning and external tool usage Ruan et al. (2023b);
Kong et al. (2023). However, it is worth noting that the existing studies, as outlined in Table 1,
have predominantly concentrated on tasks involving a limited number of agents. The involvement
of a larger number of agents has primarily been observed in methods that analyze community sim-
ulations, wherein task-solving is not a requirement. In light of this observation, our work uniquely
emphasizes the application of language models in the realm of decision-making within large-scale
multi-agent systems.
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Figure 2: Internal Feedback within the TripletCritic (Left) and External Feedback mechanism from
actor to critic (Right).

3 LLAMAC

In this section, we formally present a systematic and modular framework designed for LLM-based
agents, namely Large Language Model-based Actor-Critic (LLaMAC), with a specific emphasis on
their suitability for large-scale decision-making contexts.

3.1 PROBLEM FORMULATION

This study focuses on the collaborative task solving of MAS, which can be formalized as a Goal-
Augmented Decentralized Partially Observable Markov Decision Process (GA-Dec-POMDP) Spaan
(2012). It is defined by a tuple: Γ ≜ ⟨I,S,G, {Oi}i∈I , {Ai}i∈I ,P, R⟩, where I, S, G, O, and A
represent the sets of agents, state space, goal space, observation space, and action space, respectively.
P : S ×A×S → [0, 1] denotes the dynamic transition function, and R : S ×A → R represents the
reward function. Within a given state s ∈ S , each agent i ∈ I possesses its own local observations
oi ∈ Oi within its field of view and performs action ai ∈ Ai accordingly. Formally, this problem
requires each agent i to learn a decision policy πi : Oi → Ai to solve the task with a goal, which is
equivalent to maximizing cumulative rewards.

3.2 OVERALL FRAMEWORK

As illustrated in Figure 1, LLaMAC introduces the Centralized Critic with Decentralized Actor
(CCDA) structure, where actors and critics are LLM-based agents. The system incorporates three
fundamental modules to facilitate a comprehensive decision-making process, enabling iterative rea-
soning, planning, and continuous interaction between the agents and the environment. The function-
alities of each module are as follows:

Execution Module. The execution module fulfills the vital function of converting the original state
information obtained from the environment into text-based descriptions that can be comprehended
and processed by the language model. The actions performed by each actor encompass a broad
spectrum, ranging from intricately detailed actions like adjusting the joint movement angles of a
robot to more abstract and higher-level actions such as issuing instructions for the utilization of a
specific tool.

Memory Module. The memory module serves to store crucial information needed during the
decision-making process to aid the accumulation of useful knowledge and enhance the agent’s
decision-making capabilities. Specifically, the short-term memory is used to store the most recent
state. In contrast, the historical trajectory and experiential information learned from interactions
are stored in the long-term memory. The memory module also incorporates a mechanism for fil-
tering redundant information. During long-term planning processes, it retains only the most recent
L steps of state transitions < st−L+1, at−L+1, rt−L+1, st−L+2, ..., st >. This assists the agent in
comprehending the relationship between actions and changes in environmental states.

Critic Module. The critic module assumes a central role within the workflow of LLaMAC. It
receives the present state and extracts pertinent details from the memory module, enabling evaluation
and learning from the actors’ historical trajectories. Functioning as a centralized coordinator, the
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critic module engages in reasoning and planning activities to formulate potential high-reward and
reliable plan suggestions. These suggestions then serve as guides for the interaction between the
actor and the environment.

Furthermore, we devise a comprehensive feedback mechanism along with a token-efficient solution
to address the challenges posed by the increase in the number of agents, such as exacerbation of
hallucinatory phenomena, escalation of the access cost, and the trade-offs involved in exploration
and exploitation. By coordinating the functionalities of each module and incorporating the feedback
mechanism, we have the coherent decision-making workflow:

(1) The environment produces a new state, denoted as s, which is presented in textual format
to enable processing by the language model-based agent.

(2) The critic receives the state and extracts the relevant information from the memory mod-
ule. Utilizing these inputs, it facilitates a three-critic dialogue (Internal Feedback) and
subsequently generates the textual suggestion denoted as su for each actor.

(3) Each actor is provided with the observation denoted as o from the environment, as well as
the suggestion su from the TripletCritic. Subsequently, actors engage in a process called
External Feedback.

(3.1) If all actors reach a consensus that the suggestion is correct, each actor generates
an action a based on the information < o, su > and executes the action a in the
environment. The environment provides a reward r to the agents, indicating the quality
of the action. The entire state transition process is stored in the memory module.
Subsequently, a new round of interaction commences, signifying a return to step (1).

(3.2) If an actor identifies that the suggestion is incorrect, an external feedback signal is
generated. Subsequently, the TripletCritic receives this external feedback information
and formulates a new suggestion for the actor based on the three-critic dialogue history
and the recently received feedback information. The TripletCritic then transmits the
revised suggestion to the respective actor, and the workflow resumes at step (3).

(4) The task concludes either when the goal is successfully achieved or when the maximum
iteration limit is reached, at which point the final task results are returned.

3.3 TRIPLETCRITIC WITH INTERNAL FEEDBACK

The increasing number of agents presents formidable challenges to the accuracy and efficiency of
task evaluation and planning conducted by the critic module. The expansion of coordinated action
spaces and the growing inter-dependencies in decision-making among agents significantly amplify
the complexity of decision-making for language models. Moreover, these factors intensify the al-
ready challenging issue of hallucinations.

To this end, we develop the TripletCritic, which incorporates an internal feedback mechanism. The
design of TripletCritic is inspired by the distributed encoding of reward and value by dopamine neu-
rons in the brain Dabney et al. (2020). Each dopamine neuron contains partial information about the
actual reward, and different dopamine neurons utilize different value predictions, enabling the brain
to model the value distribution of reward events. Similarly, as depicted in Figure 2, the TripletCritic
framework encompasses a dual-critic structure, each with the same objective but distinct prefer-
ences, alongside the third critic, called the assessor, who assumes the responsibility of reconciling
these preferences. One critic exhibits a proclivity for exploration, prioritizing long-term gains, while
the other gravitates towards exploitation, emphasizing short-term gains. The assessor fulfills two pri-
mary roles. Firstly, it makes Veracity Scrutiny to check the strategies employed by the dual-critic,
offering internal feedback in the event of errors. Secondly, it undertakes Belief Correction in or-
der to establish a harmonious equilibrium between exploration and exploitation within the planners.
Additionally, the assessor collaborates with the actors to transmit the final suggestion assignment,
informed by these assessments and corrections.

3.4 EXTERNAL FEEDBACK FROM ACTOR TO CRITIC

The TripletCritic provides each actor with a potential initial feasible solution. To facilitate the itera-
tive long-term planning process and achieve the ultimate goal, as well as to reduce the access costs
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Figure 3: Multi-agent task planning environments. Left: System resource allocation, exemplified by
addressing traffic congestion. Middle: Grid Transportation-Easy. Right: Grid Transportation-Hard.

Figure 4: The evaluation performance of LLaMAC in system resource allocation scenarios with
different number of agents.

of decision-making for a large number of intelligent agents, we additionally incorporate an external
feedback mechanism from actor to critic.

Initially, as depicted in Figure 2, the TripletCritic sends suggestions {sui}i∈I to each actor, and all
actors pass the proposed plans through an external Plan Confirmation to determine their feasibility.
If further improvements are deemed necessary, the corresponding LLM is accessed. The LLM takes
as input the agent’s observation oi and the corresponding suggestion sui, providing insights into the
underlying issues and potential enhancement strategies. Once feedback is received from all actors,
the information is aggregated and sent back to the Assessor within the TripletCritic. The Assessor
utilizes the internal feedback dialogue information and the actors’ external feedback to further up-
date the suggestions for actors with identified issues, returning new suggestions to the respective
actors. This iterative process continues until all actors determine that no further improvements are
necessary, at which point actions are executed directly.

The coordination among various modules is facilitated by both internal and external feedback, thus
forming a comprehensive and automated iterative planning process. TripletCritic enhances the via-
bility and robustness of the initial policy by incorporating an internal feedback mechanism and an
evaluation mechanism that balances different preferences. Additionally, it effectively reduces the
occurrence of hallucination issues. It is important to highlight that the reliability of TripletCritic
reduces the actors’ opportunity to provide external feedback, thereby minimizing access costs and
promoting the development of token-efficient solutions. The occasional external feedback process
further improves the performance of the ultimate strategy.

4 EVALUATION

In this section, we employ the state-of-the-art large language model, namely GPT-4 OpenAI (2023),
to conduct a comprehensive evaluation of the effectiveness of our method within two distinct cate-
gories of scenarios, as illustrated in Figure 3. Firstly, we examine system resource allocation sce-
narios to primarily assess the performance of the TripletCritic. Secondly, we explore robot grid
transportation scenarios to showcase the performance of LLaMAC in long-term iterative decision-
making throughout the entire process.

4.1 SYSTEM RESOURCE ALLOCATION

4.1.1 EXPERIMENTAL SETTINGS

System resource allocation HolmesParker et al. (2014) can be viewed as a single-step decision and
optimization problem that require mathematical reasoning capabilities of LLMs. It has numerous
practical applications, such as addressing traffic congestion. In this context, the primary objective is
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Figure 5: The final performance of different methods in system resource allocation scenarios with
different number of agents.
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function. To maximize rewards, it would be beneficial to explore slightly higher mean_actions 

to see if the reward continues to increase or starts to decrease.

Given the limited data, it's hard to infer a pattern or relationship between action and 

system_reward. It's suggested to explore a higher mean_action.
Step 0：

The system reward seems to peak at an average action of 6.4, with a corresponding 

reward of approximately 61.49. Both increases and decreases from this mean action value 

appear to result in lower rewards. Therefore, it seems that the optimal strategy is for all agents 

to choose actions that would result in an average value of around 6.4.
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Figure 6: The Assessor in system resource allocation scenario undertakes the crucial tasks of data
collection and cognitive analysis. The blue dashed line represents the reward function, while the red
dots indicate the explored actions.

to achieve effective system resource allocation among multiple traffic controllers acting as agents.
These agents play a crucial role in directing vehicles onto the main road, optimizing the utilization
of the main route while mitigating congestion.

In our experimental setup, the system objective function is defined as the Gaussian squeeze function:

R(x) = xe−
(x−µ)2

σ2 , where x =
∑

i∈I ai represents the sum of actions chosen by all agents, µ and
σ are inherent parameters of the system representing the mean and variance, respectively.

In this scenario, each agent is capable of selecting an integer between 0 and 9 as their action, with
no knowledge of the choices made by other agents. The objective for the agents is to synthesize
their experiences from multiple decision rounds and infer the allocation scheme that leads to the
maximum rewards. Centralized critic possesses the authority to access the actions taken by all
agents and the corresponding average values of these actions. This particular scenario is highly
suited for validating the capabilities of the TripletCritic.

Specifically, we consider scenarios with different numbers of agents, namely 3, 5, 10, 20, and 50.
As the number of agents increases, the difficulty of decision-making escalates. We examine sev-
eral comparative experimental setups, including the Multi-agent Debate method Chan et al. (2023),
which has recently been utilized in the field of NLP to alleviate hallucinations and enhance mathe-
matical reasoning abilities. Additionally, we explore the Only_Explore approach that solely utilizes
a critic biased towards exploration, the Only_Exploit approach that employs a critic biased towards
exploitation, and the Decentralization method where each agent independently makes decisions
based on its own observation history. Due to limitations in terms of access costs, we solely test the
Decentralization method for scenarios involving fewer than 20 agents.

4.1.2 RESULTS

As shown in Figure 4, it is evident that within a limited number of steps, LLaMAC demonstrates the
ability to explore and learn through continuous interaction with the environment. The final perfor-
mance of all methods is presented in Figure 5. The TripletCritic approach within LLaMAC exhibits
a similar structure to the Multi-agent Debate method, and compared to other approaches, these two
methods display relatively stable performance. However, debate-based methods often suffer from
excessive or insufficient exploration, resulting in a tendency to converge to local optima. On the
other hand, approaches that emphasize exploration and exploitation struggle to maintain stable per-
formance. The former exhibits significant oscillations due to excessive exploration, while the latter
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Table 2: Evaluation results under different grid settings in the Grid Transportation scenarios include
metrics such as the success rate (Success), time steps (Steps) taken to execute tasks, and the count of
feedback instances (Feedback). The values in parentheses correspond to a single standard deviation
over 10 trials.

Grid Transportation-Easy Grid Transportation-Hard
Success Steps Feedback Success Steps Feedback

2×2 HMAS-2 100% 9.9(2.74) 3.3(2.05) 80% 7.0(5.0) 6.0(9.74)
LLaMAC 100% 7.0(1.79) 2.0(1.26) 100% 4.7(1.35) 3.6(2.80)

2×4 HMAS-2 80% 15.5(6.09) 12.3(5.83) 20% 17.0(9.0) 24.0(20.0)
LLaMAC 100% 7.6(1.36) 4.3(1.42) 90% 7.44(2.95) 10.56(7.54)

4×8 HMAS-2 60% 30.6(9.70) 26.1(13.59) 0% - -
LLaMAC 100% 12.9(2.70) 10.7(3.35) 90% 8.44(1.57) 12.11(2.51)

prematurely converges to local optima after only a few simple exploratory steps, aligning with the
expected characteristics of these methods. Distributed approach incurs the highest access cost , as
each agent is required to independently access the LLM. Nevertheless, the lack of collaboration
among the agents still hinders the capture of true relationships.

4.1.3 CASE STUDY

We explicitly depict the cognitive process of the assessor after continuous data collection, as illus-
trated in Figure 6. It can be observed that LLaMAC is capable of providing insightful recommen-
dations based on the current state of data collection, aiding in further inference of the relationship
between actions and rewards. At step 10, the collected data only reveals a positive correlation be-
tween actions and rewards. However, remarkably, the Assessor accurately identifies the non-linear
growth pattern of rewards and infers the existence of a potential peak in the objective function. Af-
ter 20 decision rounds, the Assessor successfully identifies the optimal value and conducts thorough
exploration near the peak to avoid getting trapped in local optima.

4.2 GRID TRANSPORTATION

4.2.1 EXPERIMENTAL SETTINGS

The robot grid transportation task is relatively more complex as it simulates the automatic control
system of robots in factory assembly line operations. It can be considered as a multi-step decision
problem that requires the spatial reasoning and logical reasoning capabilities of LLMs. Additionally,
it puts the long-term planning ability to the test. We consider two environmental configurations:

Grid Transportation-Easy. The environment consists of a grid of size N ×M , with one intelligent
agent assigned to each grid cell. Different types of objects and targets are unevenly distributed across
the grid. The objective of the intelligent agents is to transport all objects to their respective targets.
The available actions for each agent include moving an object to a horizontally or vertically adjacent
grid cell, or placing an object into the target location if both the object and target are in the same
grid cell.

Grid Transportation-Hard. The task goals are the same as in the easy scenario, with the key
difference being that objects can only move along the grid boundaries. Each robot’s available actions
include moving an object located at one of the four corners of its grid cell to one of the other three
corners, or to the target location if the object’s target position is within the grid. In this scenario, the
interdependent coordination among agents becomes more complex. Objects located at a particular
corner may be moved simultaneously by multiple agents, leading to conflicts. Additionally, adjacent
agents may attempt to move different objects to the same corner, resulting in collisions.

Our objective is to ensure the smooth execution of tasks and the successful accomplishment of goals
by LLM-based agents. When an agent experiences hallucinations that persist beyond the specified
iteration limit, the task is deemed unsuccessful. This includes instances where the output grammar
format fails to meet the requirements even after reaching the maximum number of iterations, when
the dialogue context exceeds the token length limit, and when the decision time steps surpass the
designated limit.
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4.2.2 RESULTS

Figure 7: Token usage of LLaMAC and HMAS-2 in the
Grid Transportation scenarios.

We conduct a comparative analysis
between our method and the state-
of-the-art solution, HMAS-2 Chen
et al. (2023b). For each scenario,
we conduct tests on grid configura-
tions of 2 × 2, 2 × 4, and 4 × 8, re-
spectively. Table 2 presents a com-
prehensive performance comparison
between the two methods, clearly
demonstrating the overall superiority
of our approach. In complex sce-
narios involving long-term iterative
decision-making, LLaMAC exhibits
a significantly higher success rate compared to HMAS-2. Furthermore, LLaMAC consistently
achieves task completion in fewer interaction steps, highlighting the performance advantages of
its employed strategies. Additionally, as shown in Figure 7 the TripletCritic facilitates the gener-
ation of superior initial suggestions, thereby reducing the need for feedback iterations and greatly
enhancing token utilization efficiency.

4.2.3 CASE STUDY
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Figure 8: The performance of LLaMAC and HMAS-2 in the
2x2 robotic grid transportation scenario. To enhance visu-
alization, non-essential objects and targets within the scene
are concealed.

During the experimental process, we
observe that LLaMAC effectively en-
hances the capabilities of LLM in
long-term planning and execution,
spatial reasoning, and learning from
interactions or errors. For example,
spatial reasoning poses a significant
challenge for LLMs, as they are more
prone to hallucinations when deter-
mining whether an object is closer to
the target. This issue becomes more
pronounced in the Hard scenario. As
shown in Figure 8, in the HMAS-2
method, agents often move objects to
positions far from the target and may
repeatedly move them between two particular locations. In contrast, in LLaMAC, such occurrences
are often corrected during the external feedback phase. The actor only needs to focus on its own
task, and when it receives suggestions from the critic, the difficulty of determining the effectiveness
of individual agent tasks is significantly reduced compared to joint policies. This makes spatial
reasoning errors more easily detected, reflected and corrected.

5 CONCLUSION

In this study, we present a novel framework called LLaMAC to enhance the collaborative perfor-
mance of large-scale multi-agent systems based on Large Language Models. Building upon the
commonsense reasoning capabilities exhibited by LLMs, we effectively augment the planning and
coordination abilities among agents through stable reasoning mechanisms and comprehensive feed-
back mechanisms, facilitating continuous interaction between agents and the environment. LLa-
MAC demonstrates remarkable performance in coordinated scenarios involving a large number of
agents. Notably, it exhibits exceptional capabilities in long-term planning, mathematical reasoning
and optimization problems, spatial reasoning, and learning from mistakes. Additionally, LLaMAC
reduces the access costs associated with large-scale multi-agent collaboration. We believe that with
further enhancements in LLMs and the emergence of more collaboration frameworks, the field of
multi-agent collaboration will experience new opportunities for advancement.
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A ENVIRONMENT DETAILS

A.1 SYSTEM RESOURCE ALLOCATION

The system resource allocation environment can be regarded as an optimization problem or a single-
step decision problem, where the available actions of all agents are fixed at each decision-making
instance. The memory stores the observation history of the agents in the form of a dictionary:
[{action:[], system_reward:[]}, ..., {action:[], system_reward:[]}]. Additionally, we require the
decision-makers to simultaneously output thoughts and actions to enhance the reasoning capability
of the language model.

A.2 GRID TRANSPORTATION

Grid transportation tasks are inherently more complex and demand higher decision-making capa-
bilities. They involve language models assuming different roles to collaborate through continuous
dialogue and interaction, generating long-term action trajectories, and ultimately achieving the final
objectives.

In this environment, the Veracity Scrutiny within the Internal Feedback involves policy checks of the
joint strategy and is set to evaluate (1) whether the output grammar conforms to the specified format
and (2) whether the joint actions result in conflicts. The Plan Confirmation within the External
Feedback involves policy checks specific to each agent and is set to evaluate (1) the availability
of actions and (2) whether the suggestions result in a shorter Manhattan distance between objects
and targets. Taking the Hard scenario as an example, the variables utilized in the decision-making
process of the intelligent agents are depicted in Figure A.1.

Example of Environmental Information

{"0.5_0.5": ["target_blue", "target_green"], "0.5_1.5": ["target_red", "target_purple",
"target_orange"], "1.5_0.5": [], "1.5_1.5": [], "0.0_0.0": ["box_red"], "0.0_1.0": ["box_purple"],
"0.0_2.0": [], "1.0_0.0": ["box_orange"], "1.0_1.0": ["box_green"], "1.0_2.0": [], "2.0_0.0": 
["box_blue"], "2.0_1.0": [], "2.0_2.0": []}

State:

Action:
{"Agent[0.5, 0.5]":"move(box_green, target_green)", "Agent[0.5, 1.5]":"move(box_purple, 
target_purple)", "Agent[1.5, 0.5]":"move(box_orange, position[1.0, 1.0])"}

Observation & Available Actions:
Agent[0.5, 0.5]: I am in square[0.5, 0.5], I can observe ['target_blue'], I can do ['move(box_red, 
position(0.0, 0.0))', 'move(box_red, position(0.0, 1.0))', 'move(box_red, position(1.0, 1.0))', 
'move(box_blue, position(0.0, 0.0))', 'move(box_blue, position(0.0, 1.0))', 'move(box_blue, 
position(1.0, 0.0))', 'move(box_blue, target_blue)']
Agent[0.5, 1.5]: I am in square[0.5, 1.5], I can observe ['target_red'], I can do ['move(box_blue, 
position(0.0, 1.0))', 'move(box_blue, position(0.0, 2.0))', 'move(box_blue, position(1.0, 2.0))']
Agent[1.5, 0.5]: I am in square[1.5, 0.5], I can observe [], I can do ['move(box_red, position(1.0, 
1.0))', 'move(box_red, position(2.0, 0.0))', 'move(box_red, position(2.0, 1.0))', 'move(box_blue, 
position(1.0, 0.0))', 'move(box_blue, position(2.0, 0.0))', 'move(box_blue, position(2.0, 1.0))']
Agent[1.5, 1.5]: I am in square[1.5, 1.5], I can observe [], I can do ['move(box_blue, position(1.0, 
2.0))', 'move(box_blue, position(2.0, 1.0))', 'move(box_blue, position(2.0, 2.0))']

Figure A.1: Text description of states, observations, and actions in the grid transport environment.
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B IMPLEMENTATION DETAILS

B.1 PSEUDO-CODE

Algorithm 1 Execution Procedure for LLaMAC
Hyperparameters: Length of episode T , number of agents N , trajectory length of Memory L,
maximum number of internal and external feedback iterations IF,EF
Initialize: Memory M, Environmental initial state s0 and observation {oi0}i∈I , timestep t =
0

1: while t ≤ T do
2: TripletCritic receives the memory information mt and the current state st
3: Generate suggestion for all actors su = {sui

t}i∈I through Internal Feedback (Algorithm 2)
4: Genearate the joint action at = {a1t , a2t , . . . , ant } through External Feedback (Algorithm 3)
5: Execution the joint action at, obtain reward rit and environmental state st+1

6: Collect trajectories τ i, push transitions {(st, ait, rit, st+1} into M
7: end while

Algorithm 2 Internal Feedback
Input: Maximum number of internal feedback iterations IF , current iteration numberfi = 0, feed-
back informationFif = None, state st, memory mt

1: while fi ≤ IF do
2: for critic j = 1 to 2 do
3: Generate actions aj = {ait}i∈I corresponding to preference aj ∼

LLMcriticj (mt, st, Fif )
4: end for
5: Assessor makes Veracity Scrutiny, get results vs
6: if vs is True then
7: Assessor makes Belief Correction, generate final action suggestion for all actors su =

{sui
t}i∈I , where su ∼ LLMassessor(mt, st,a1,a2)

8: break
9: else

10: Generate feedback information Fif

11: end if
12: fi = fi + 1
13: end while

B.2 PROMPT EXAMPLE IN LLAMAC

As shown in Section B.1, the entire process of LLaMAC’s iterative decision-making is facilitated
by internal and external feedback mechanisms, enabling seamless collaboration among its modules
to accomplish decision tasks in large-scale intelligent agent systems. As shown in Figure B.1 and
Figure B.2, we demonstrate the core content of the prompt used by LLaMAC to access LLM during
the decision-making process.
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Algorithm 3 External Feedback
Input: Maximum number of Enternal feedback iterations IF , current iteration number fe = 0,
feedback information Fef = [], suggestion from TripletCritic su, observation {oit}i∈I , state
st

1: while fe ≤ EF do
2: for agent i = 1 to N do
3: Actor i makes Plan Confirmation
4: if Execute then
5: ait = sui

t
6: else
7: Generate actor feedback Information F i

ef ∼ LLMactori(o
i
t, su

i
t)

8: Fef = Fef + F i
ef

9: end if
10: end for
11: if Fef is not [] then
12: Assessor regenerates action suggestions su ∼ LLMassessor(mt, st, Fef )
13: else
14: break
15: end if
16: fe = fe + 1
17: end while

…
You're better at exploiting, more in line with the current benefits.
…
Now, plan the next step:

You are a central planner directing agents in a multi-agent system…
You're better at exploring the environment to find potentially high-reward actions, more far-
sighted and consistent with long-term benefits.
The previous state and action pairs at each step are:
{state_action_prompt}
Please learn from previous steps. Not purely repeat the actions but learn why the state changes or 
remains in a dead loop. Avoid being stuck in action loops.
The current state is {state}, with the possible actions:{available_actions}
Specify your action plan in this format:{available_actions}.Now, plan the next step:

You are a central assessor directing agents in a multi-agent system… 
Here are two plans that may be useful for you to consider. Among them, the Exploration critic 
prefers long-term benefits, and the Exploitation critic is more in line with the current benefits:
Exploration critic: {explore_plan}
Exploitation critic: {exploit_plan}
…
Please comprehensively analyze the given plan based on the current status and propose the best 
action suggestions. 
Now, specify your final action plan:

Prompt of Critic 1

Prompt of Critic 2

Prompt of Assessor

Figure B.1: Prompt for the large language model in the internal feedback mechanism.
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Prompt of Actor

You are an agent in a multi-agent system…
A central planner coordinates all agents to achieve the goal…Your previous observation and action 
pairs at each step are:
{observation_action_history}
The current state and possible actions of yourself are:
I can observe: {observation}
I can do: {available_action}
The suggestion from central planner for you is:
{suggestion}
The central planner's plan seems to have problems or fails to further achieve the goal. If so, 
briefly describe why and suggest a better option.
Your response:

…
This is the feedback from local agents:
Agent_i: {Agent_i_response}
…
Agent_j: {Agent_j_response}
If you find some errors in your previous plan, try to modify it. Otherwise, output the same 
plan as before. 
Do not modify the suggestion of agents that have not provided feedback.
Briefly describe your decision and why:

Prompt of Assessor

…

Figure B.2: Prompt for the large language model in the external feedback mechanism. Only actors
that are determined by the plan confirmation to be reused will execute this access.
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