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Abstract
We address the challenge of multi-agent cooperation, where
agents achieve a common goal by cooperating with decen-
tralized agents under complex partial observations. Exist-
ing cooperative agent systems often struggle with efficiently
processing continuously accumulating information, manag-
ing globally suboptimal planning due to lack of considera-
tion of collaborators, and addressing false planning caused
by environmental changes introduced by other collaborators.
To overcome these challenges, we propose the RElevance,
Proximity, and Validation-Enhanced Cooperative Language
Agent (REVECA), a novel cognitive architecture powered by
GPT-4o-mini. REVECA enables efficient memory manage-
ment, optimal planning, and cost-effective prevention of false
planning by leveraging Relevance Estimation, Adaptive Plan-
ning, and Trajectory-based Validation. Extensive experimen-
tal results demonstrate REVECA’s superiority over existing
methods across various benchmarks, while a user study re-
veals its potential for achieving trustworthy human-AI coop-
eration.

Introduction
Digital agents collaborating with humans are crucial in
games, educational platforms, and virtual universes. Com-
monly referred to as Non-Player Characters, these agents
play a crucial role in enhancing user immersion in com-
mercial applications, where they assist users in achieving
desired objectives. However, these agents operate on pre-
scripted behaviors, limiting their adaptability to complex
scenarios and rich conversations with humans. Inspired by
the reasoning and communication capabilities of Large Lan-
guage Models (LLMs) (Li et al. 2023b), we aim to create
agents that use LLMs for more effective cooperation in com-
plex environments and improved communication with hu-
mans, surpassing traditional methods relying on static, learn-
able models or reinforcement learning (RL).

This paper introduces REVECA, a RElevance, Proxim-
ity, and Validation-Enhanced Cooperative Language Agent,
an LLM-based agent framework addressing decentralized
control, costly communication, complex tasks, partially ob-
servable environments, and noisy settings. Similar to prior
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work (Zhang et al. 2023b), we mainly focus on Virtual-
Home (Puig et al. 2018), the multi-objective household tasks
using well-constructed virtual settings. Specifically, we fo-
cus on two decentralized agents cooperating on a multi-
objective, long-horizon household task under complex par-
tial observations. Additionally, continuous communication
incurs time costs, and irrelevant dummy objects add noise,
complicating the environment.

The primary advancements of REVECA over previous
works are threefold. Firstly, REVECA significantly reduces
both the computational complexity and memory demands of
the planning by prioritizing information based on its rele-
vance to the task objectives. This allows the agent to focus
on the most pertinent data, thereby maintaining robust per-
formance even in noisy environments typical of real-world
scenarios. Information relevance is assessed at the point of
acquisition, utilizing the reasoning capabilities of LLMs.
Previous research (Zhang et al. 2023b; Li et al. 2023d) stored
all scene information in memory, but this led to performance
issues due to the fixed context window of LLMs. Some stud-
ies (Zhang et al. 2023a, 2024) used queues to retain recent
K pieces of information, but this led to suboptimal planning
due to limited historical data.

Secondly, REVECA enhances plan optimality by incorpo-
rating the relative proximity between collaborators and task
objectives. This relative proximity is assessed by inferring
potential interaction between collaborators and task objec-
tives, utilizing LLMs and agent’s observation data. Previous
research on distributed cooperation within partially observed
environments (Zhang et al. 2023b,a) has shown that individ-
ual agents may be unable to determine whether their optimal
plan aligns with the group’s best outputs, often leading to
suboptimal collective outcomes.

Lastly, REVECA mitigates the occurrence of false plans
by implementing a cost-effective plan validation process. In
partially observable environments with multiple task objec-
tives, a collaborator’s task completion may not be immedi-
ately updated in the agent’s memory, leading to the creation
of redundant plans. To address this, REVECA estimates the
likelihood that a collaborator has already completed a given
task by inferring potential interaction trajectories. This in-
ference is based on LLMs and historical observation data
to predict the collaborators’ trajectories, spanning from the
last retrieval of the collaborator’s information to the current
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time. Traditional methods (Li et al. 2023c) rely on constant
communication for updates, which is costly and prohibitive
when cooperating with humans.

To demonstrate REVECA’s contributions, this paper
presents the results of comparative analysis, ablation stud-
ies, and user studies conducted in three multi-room simu-
lation environments: Communicative Watch-And-Help (C-
WAH) (Zhang et al. 2023b), ThreeDWorld Multi-Agent
Transport (TDW-MAT) (Zhang et al. 2023b), and Noisy-
C-WAH. Noisy-C-WAH, a variant of C-WAH with dummy
obstacles that are interactive but unrelated to the task objec-
tives, was used to evaluate REVECA’s performance in noisy
conditions. To further assess the generalization capability of
our architecture in a fully observable environment without
any modification, the Overcooked-AI (Carroll et al. 2019)
environment is also included in the experiments. Results
demonstrate that REVECA outperforms recent approaches
in terms of success rates, efficiency, and robustness.

Related Work
Cooperative Agents with RL
Research on cooperative agents has a long history (Stone
and Veloso 2000; Gronauer and Diepold 2022). The tradi-
tional cooperative agent has been studied across various di-
rections, mainly leveraging RL techniques to enable coop-
eration with diverse collaborators and adapt to dynamic en-
vironments (Misra et al. 2018; Amato et al. 2019; Jaderberg
et al. 2019; Strouse et al. 2021; Yu et al. 2022; Zhao et al.
2023; Li et al. 2023e, 2024; Zhong et al. 2024). These ap-
proaches have facilitated the development of agents that can
autonomously learn to cooperate by maximizing cumulative
rewards through trial and error in various simulated settings.
Notable studies have explored aspects such as mapping state
spaces to actions effectively (Misra et al. 2018) and enhanc-
ing the robustness of learning algorithms in multi-agent sys-
tems (Amato et al. 2019).

To evaluate these approaches, some other researchers
have aimed to develop platforms that can test the perfor-
mance of cooperative agents (Lowe et al. 2017; Savva et al.
2019; Xiang et al. 2020; Puig et al. 2020; Padmakumar et al.
2022; Li et al. 2023a; Zhou et al. 2024). These provide stan-
dardized environments to benchmark the performance and
generalization capabilities of the agents.

Planning and Decision Making with LLMs
Despite the various studies aimed at developing coopera-
tive agents, a major limitation of previous work has been
the lack of natural language-based communication between
agents (Das et al. 2018; Carroll et al. 2019; Jaderberg et al.
2019; Puig et al. 2020). Effective language-based communi-
cation is crucial for enhancing collaboration, particularly in
complex multi-agent environments and when collaborating
with humans (Lazaridou, Peysakhovich, and Baroni 2016).

Recently, the advanced reasoning and natural language
processing capabilities of LLMs have significantly enhanced
agents’ decision-making (Li et al. 2022; Wang et al. 2023;
Huang et al. 2023; Yuan et al. 2023) and planning abili-
ties (Huang et al. 2022b,a; Li et al. 2023c; Wang et al. 2024).

The integration of LLMs has also significantly im-
proved the development of cooperative LLM-based embod-
ied agents (Zhang et al. 2023b,a; Li et al. 2023d; Zhang
et al. 2024). These agents utilize LLMs to understand the
environment, plan tasks, and facilitate communication with
both human users and other agents. However, existing stud-
ies encounter suboptimal performance due to inherent chal-
lenges associated with LLMs, such as performance degra-
dation when processing large volumes of input data (Levy,
Jacoby, and Goldberg 2024), and inadequate reasoning abil-
ities in handling complex reasoning tasks (Ullman 2023).
Furthermore, these studies struggle with the issue of false
planning in decentralized and dynamic multi-agent environ-
ments. One potential solution involves employing plan eval-
uation strategies (Madaan et al. 2024; Shinn et al. 2023);
however, they have primarily been explored within static,
single-agent environments. Another solution is to imple-
ment constant communication between collaborators (Li
et al. 2023c); however, this incurs substantial communica-
tion overhead, making it particularly impractical in scenar-
ios involving human collaborators (Zhang et al. 2023b).

To address the limitations of previous works, we intro-
duce REVECA, an LLM-based cooperative embodied agent
framework. REVECA facilitates efficient memory manage-
ment, optimal planning, and cost-effective prevention of
false planning by leveraging information relevance, relative
proximity, and plan validation.

Problem Definition
The problem setting of our work is an extension of the
decentralized partially observable Markov decision process
(DEC-POMDP). Following previous conventions (Bern-
stein, Zilberstein, and Immerman 2000; Spaan, Gordon, and
Vlassis 2006; Zhang et al. 2023b, 2024), our problem is de-
fined as follows. In a state space S, N agents collaborate to
achieve a common goal G = {g1, . . . , gv}, which consists
of v sub-goals. M and A are the memory set and action set
of the agent. The memory structure is defined as M = Mo∪
Mc, where Mo is observation memory, containing object in-
formation Io prioritized based on its relevance to the G, with
relevance scores R = {Strong,Medium,Low,None}.
Strong, assigned by the agent at observation time, indicates
the highest priority. Mc is collaborator memory, contain-
ing collaborator information Ic. It consists of information
about collaborators, including both historical data extracted
from the conversation logs and directly observed informa-
tion in a decentralized, partially observable environment.
It encompasses a sequence of communication messages σi

from the respective collaborator, annotated with the corre-
sponding simulation step i. The Action set A = Ac ∪ Al

comprises Ac, which consists of actions related to the trans-
mission of a message σ to a collaborator, and Al, which con-
sists of pre-defined actions essential for task execution, as
specified in the low-level action skill book. For simulation
steps i = {1, . . . ,H}, the state transition function T governs
the transition from state si to state si+1 based on the action
ai, denoted as T (si+1, si, a) = p(si+1|si, ai). The proba-
bility of an agent taking action ai according to the plan πi in
state si is given by p(ai|si) = p(ai|πi, si)p(πi|si,Mi). The
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simulation runs for a maximum of H steps and will termi-
nate under any of the following conditions: the completion
of all sub-goals, reaching the step limit H , or the depletion
of viable actions for all agents.

REVECA Framework
Our framework comprises six modules: 1) Communication
Module, 2) Observation Module, 3) Memory Module, 4)
Planning Module, 5) Validation Module, and 6) Execution
Module. These modules incorporate three key processes:
Relevance Estimation, Adaptive Planning, and Trajectory-
based Validation.

Communication Module facilitates information sharing
between agents through natural language, leveraging the ad-
vanced capabilities of recent LLMs (Bubeck et al. 2023).

Observation Module is responsible for collecting and
categorizing environmental data into four levels of rele-
vance, based on what the agent can observe from its cur-
rent location. Note that the partial observation environment
restricts the agent’s observational scope.

Memory Module comprises four components: common
goal, observation memory, collaborator memory, and a low-
level action skill book. This module is responsible for stor-
ing, updating, and managing data critical to the agent’s
decision-making processes.

Planning Module retrieves K information data from the
Mo and adaptively generates the plan π, using relevance
scores and relative proximity.

Validation Module estimates the likelihood that a collab-
orator has already completed a given task goal by predicting
the collaborator’s trajectories. If the plan generated by the
Planning Module involves a task goal that has a high proba-
bility of being completed by a collaborator, the plan is iden-
tified as a false plan, prompting its reformulation.

Execution Module executes validated plans using the
pre-defined low-level action skill book, which are imple-
mented in Python. The skill book is provided by the bench-
mark framework.

These modules are invoked throughout REVECA’s iter-
ative workflow phases: Observation Time, Planning Time,
and Validation Time. Further details on the modular design
of REVECA are provided comprehensively in the supple-
mentary materials, and a demonstration is showcased in the
accompanying video.

Communication for Information Sharing
The Communication Module, which facilitates information
sharing through natural language, is invoked in four cases.
First, at the initiation of the simulation, all agents exchange
their initial positions and information regarding surrounding
objects. Second, when an agent requires another agent’s task
history for validation purposes. Third, when an agent needs
to provide its task history in response to a validation request.
Finally, when a sub-goal is completed, the achievement is
announced to all other agents.

Observation Time: Relevance Estimation
During the Observation Time, the Observation Module ac-
quires raw scene information and refines it into Io. Io en-

compasses details about objects such as their 3D positions,
object IDs and names, room IDs and names, available ac-
tions, and object states. In a multi-room environment, the
agent’s observations are restricted to objects and collabora-
tors within its current room; objects within closed containers
(e.g., cabinets or boxes) remain unobserved until accessed.
Io is assigned a R, evaluated by LLMs based on the G.
This relevance-based prioritization avoids the reference of
all memory entries and simplifies the LLM-based planning
process by focusing on the most pertinent information.

Ic is obtained either through direct observation of the
collaborator or via natural language communication with
other agents. After the communication session terminates,
Ic is refined by integrating relevant details extracted from
the conversation log using LLMs with information obtained
through direct observation. Ic includes the collaborator’s
held objects, current position, message, and the history of
completed plans.

Both Io and Ic are stored within the Memory Module as
Mo and Mc, respectively. An example of how the relevance
score is determined and how data is extracted from a com-
munication message is depicted in Figure 1(a).

Planning Time: Adaptive Planning
The Planning Module begins by retrieving K pieces of Io
based on their relevance score and the agent’s relative prox-
imity to the associated objects. The relative proximity is cal-
culated as the current distance between the agent, the object
position stored in Io, and the most recent positions of the
collaborators stored in Ic. First, all instances of Io stored in
Mo are sorted in descending order according to their rele-
vance score R. For information entries with identical rele-
vance scores, prioritization is further refined by calculating
the relative proximity P . Although proximity is naturally
a continuous measure, we found that converting numerical
distance into corresponding natural language descriptions
(e.g. I’m closer than Bob, I’m farther than Bob) significantly
enhances LLMs performance. LLMs then utilize zero-shot
chain-of-thought prompting (CoT) (Kojima et al. 2022) to
generate the plan π by including the retrieved K pieces of Io,
relevance score, and relative proximity in the input prompt,
as illustrated in Figure 1(b). To facilitate this process, the
agent’s current information including the held object, cur-
rent position, and completed plan history is incorporated to
prompt as additional context.

This approach implicitly guides the Planning Module
in generating a globally optimal plan among collaborators
based on relevance scores and relative proximity.

Validation Time: Trajectory-based Validation
Even a well-constructed plan can become invalid due to en-
vironmental changes caused by collaborators during the in-
terval between observation and planning. In partially observ-
able environments, detecting such changes poses a signifi-
cant challenge for the agent.

A straightforward method to resolve this issue is to re-
visit the object’s location or query all collaborators about
their interactions. However, this can lead to inefficient path
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Observation Module

(a) Observation Time

K information

(b) Planning Time (c) Validation Time

Planning Module

Plan 𝜋
object name, ID

available interaction
relevance score

relative proximity

object name, ID
available interaction

relevance score
relative proximity

object name, ID
available action
relevance score

relative proximity

Validation Module

Example of prompt for Adaptive Planning 
Me and Bob should do household together. Our goal is 
'Find and put target objects 1 pudding, 1 juice, 1 apple, 
2 cupcakes onto the goal location <coffeetable> 
(268).’. 
I am in the bathroom, and I think Bob is presumably in 
the livingroom. 
I can hold up to 2 objects in my hand, and I am 
currently holding 0 objects. 
I have just done the following: ['[goexplore] 
<bedroom> (11)’]
I can perform the following actions:
A.  [gograb] <cupcake> (216) - relevance  score: 

Strong relevance, relative proximity: I'm closer than 
Bob

B. [gocheck] <kitchencabinet> (198) - relevance  
score: Medium relevance, relative proximity: I'm 
closer than Bob

C. [gocheck] <bedroomcabinet> (25) - relevance  
score: Medium relevance, relative proximity: I’m 
farther than Bob

Of the actions I can take, which are the most efficient 
to achieve the common goal? 

Example of prompt for Trajectory-based Validation
I want to do an [gograb] with <cupcake> (216). But I 
wonder if Bob did [gograb] with <cupcake> before me. 
The <cupcake> is in the kitchen. The [gograb] with 
this <cupcake> (216) has strong relevance for me in 
achieving the goal, and Bob would think so too.
I don't know if Bob visited the kitchen after the last 
time I saw that <cupcake> (216) in there. So, I can't 
tell if Bob did [gograb] with the <cupcake> (216) in 
the kitchen. 
This is the conversation log from Bob between the last 
time I saw that <cupcake> (216) in the kitchen and 
now: ["Hi Alice, I just wanted to share that we've 
completed one of our subgoals, <apple> (375). Great 
teamwork!"]
First, predict Bob’s trajectory between last time I saw 
<capcake>(216) and current time, and then choose 
from the two answers below.
Choose from the two answers below.
A. Bob's past trajectory wouldn't overlap with the 

kitchen at that time to [gograb] <cupcake> (216).
B. Bob's past trajectory would overlap with the kitchen 

at that time to [gograb] <cupcake> (216).

Example of prompt for conversation log extraction
Understand conversation log and transform it. Note that 
<object_name> (object_id) is the format.
Conversation log: [Bob's message: "Hi Alice, I just wanted to 
share that we've completed one of our subgoals, <apple> (375). 
Great teamwork!" ]

Example of  prompt for Relevance Estimation
I do household with my friend Bob. Our goal is 'Find and put 
target objects  1 pudding, 1 juice, 1 apple, 2 cupcakes onto the 
goal location <coffeetable> (268).’.
I found cupcake in kitchen. What relevance does this object 
‘cupcake' have to achieve the goal?
A. Strong relevance means that the object is one of the target 

object or included in achieving the goal. 
B. Medium relevance means that the object contributes to 

achieving the goal, but it is not critical. 
C. Low relevance suggests that the object has a minimal 

impact on achieving the goal. 
D. None relevance means that the object is not necessary to 

achieve the goal.

LLM

LLM

relevance 
score

conversation log 

scene information

held objects
current position

completed plans
message

𝑰𝒄

𝑀
𝑜

LLM

𝑀
𝑐

Execution Module

Retrieve

3D position

object ID, name

room ID, name

available action

object state

…

𝑰𝒐
LLM

M
em

ory M
odule

Memory Module

If plan  𝜋 is false plan Next step Discard plan  𝜋 and associated information 

Associated information Plan 𝜋 +

Communication Module

or
B. "Trajectory  would 

overlap… "
A. "Trajectory  wouldn’t 

overlap… "

Figure 1: The REVECA process workflow ensures efficient memory management, optimal planning, and cost-effective preven-
tion of false planning through three phases: (a) Observation Time, (b) Planning Time, and (c) Validation Time.

planning and incur substantial communication costs, which
is particularly impractical when collaborating with humans.

To address this, REVECA’s Validation Module incorpo-
rates Trajectory-based Validation, which estimates the valid-
ity of a plan using both Mo and Mc. To validate a plan π gen-
erated by the Planning Module, the agent predicts each col-
laborator’s past trajectory τi, where 1 ≤ i ≤ N−1, covering
the period from the acquisition time of information used for
planning α to the Planning Time β, where 1 ≤ α ≤ β ≤ H .
To construct τi, all relevant information about collaborator i
is retrieved from Mc, along with the relevance scores and Io
from Mo, specifically focusing on the information stored be-
tween simulation steps α and β. Given the discontinuity in
the associated Io used in the plan, LLMs’ reasoning capabil-
ities are leveraged to infer the missing information, thereby
constructing trajectory τi.

Based on the plan validity check, if it is determined that
no collaborator is likely to have interacted with the object,
the agent assumes the plan is valid and proceeds with ex-
ecution. Otherwise, the agent first sends a message via the
Communication Module to the collaborator with the highest
interaction probability to confirm the prediction. If the col-
laborator confirms the interaction, it indicates that the cur-
rent plan π is a false plan. Consequently, the agent discards
both the π and associated Io used in its formulation and then
proceeds with a new planning process during the planning
time of the next step. If the collaborator denies the interac-

tion, the agent discards the corresponding τ and queries the
next collaborator with the second-highest interaction prob-
ability, repeating this process until no potential candidates
remain. If all collaborators deny the interaction, indicating
current plan π is not a false plan, the agent deems the plan π
valid and proceeds with its execution. It is important to note
that our environment assumes all agents share a G, possess
equal capabilities, and act cooperatively. Therefore, we do
not consider scenarios where an agent, despite being fully
capable, chooses not to interact with an object necessary for
achieving the G. An example of Trajectory-based Validation
is depicted in Figure 1(c).

Executing Navigation and Contextual Actions
Once the plan is finalized, the Execution Module retrieves
Io from the Mo to identify the target location. For efficient
pathfinding, the A-star search algorithm is employed to nav-
igate the agent toward the object. Upon approaching the ob-
ject, the agent retrieves an available action from the low-
level action skill book to execute the planned interaction.

Experiment
We conducted experiments performing multi-objective
household tasks using three types of indoor multi-room
simulation environments: C-WAH (Zhang et al. 2023b),
TDW-MAT (Zhang et al. 2023b), and Noisy-C-WAH—all
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of which are partially observable. Additionally, we used the
cooperative game simulation, Overcooked-AI (Carroll et al.
2019), which is fully observable, to further evaluate the
framework’s performance under conditions where complete
information is available.

In C-WAH and Noisy-C-WAH, we evaluate the agent per-
formance using Simulation Steps (SS) and Travel Distance
(TD) to measure the time cost to achieve the G and the
average distance traveled, respectively. We conducted 10
episodes, each with 3 to 5 sub-goals, across two environ-
ments, with H set to 250 steps.

In TDW-MAT, performance is evaluated based on the suc-
cess rate of transporting items, including the overall success
rate (TOTAL), and specific success rates for objects catego-
rized as Food (FOOD) and Stuff (STUFF). Each category
includes 10 target objects, and H is set to 3000 steps.

In Overcooked-AI, we evaluate the agent performance
based on the reward, where a reward of 20 points is obtained
each time the two agents successfully complete and serve a
dish. We conducted 5 different layouts and H is set to 400
steps. Layout images and detailed descriptions of all experi-
ment settings are provided in the supplementary materials.

REVECA and Baselines

In the comparative experiments conducted in partial obser-
vation, our REVECA was evaluated against three baselines:
the MCTS-based Hierarchical Planner (MHP), the Rule-
based Hierarchical Planner (RHP), and the Cooperative Em-
bodied Language Agent (CoELA). We compared REVECA
with MHP and CoELA in C-WAH, with RHP and CoELA
in TDW-MAT, and with CoELA in Noisy-C-WAH.

In the comparative experiments conducted in full ob-
servation Overcooked-AI, REVECA is evaluated against
six baselines: self-play (SP) (Tesauro 1994; Carroll et al.
2019), Population Based Training (PBT) (Jaderberg et al.
2017), Fictitious Co-Play (FCP) (Strouse et al. 2021), Maxi-
mum Entropy Population-based training (MEP) (Zhao et al.
2023), Cooperative Open-ended LEarning (COLE) (Li et al.
2023e, 2024), and the ProAgent (Zhang et al. 2023a).

We evaluate the robustness of cooperation between differ-
ent methods by generating 49 pairs of combinations using
our method, REVECA, and the six baselines. The order of
the first and second players was reversed for each combina-
tion to account for varying starting positions, resulting in the
full set of pairs.

To further evaluate the robustness across different ver-
sions of LLMs, we conducted experiments using gpt-4o-
mini-2024-07-18 (4o-mini), gpt-3.5-turbo-0125, and Meta-
Llama-3.1-8B-Instruct (Llama 3.1) on the C-WAH and
Noisy-C-WAH environments. For all other environments,
only 4o-mini was utilized. Additionally, we incorpo-
rated GPT-4-driven CoELA performance from the CoELA
manuscript (Zhang et al. 2023b) to facilitate a more com-
prehensive analysis of the capacities of different LLMs. De-
tailed descriptions of all baseline models and LLMs versions
are provided in the supplementary materials to ensure repro-
ducibility.

Method LLMs SS ↓ TD (m) ↓
MHP X 69.40 58.96
CoELA GPT-3.5 71.90 61.29
CoELA 4o-mini 65.50 53.64
CoELA GPT-4 57.00 /

REVECA Llama 3.1 56.00 47.13
REVECA GPT-3.5 48.90 40.34
REVECA 4o-mini 44.20 38.44

Table 1: Comparative experimental results in C-WAH envi-
ronment. The best result is highlighted in bold.

Method LLMs TOTAL↑ FOOD↑ STUFF↑
RHP X 0.79 0.83 0.76
CoELA 4o-mini 0.53 0.51 0.55
CoELA GPT-4 0.71 0.82 0.61

REVECA 4o-mini 0.87 0.87 0.87

Table 2: Comparative experimental results in TDW-MAT en-
vironment. The best result is highlighted in bold.
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Figure 2: Comparative results in the Noisy-C-WAH environ-
ment with varying dummy objects.

Comparative Results: In Partial Observation
Table 1 presents that REVECA outperforms other baseline
methods in the C-WAH environment. Notably, the REVECA
driven by various LLMs require fewer SS and less TD
to complete tasks compared to GPT-4, 4o-mini, GPT-3.5-
driven CoELA, and MHP, thereby demonstrating superior
efficiency. Interestingly, the performance of GPT-3.5-driven
CoELA falls below that of MHP, and GPT-4-driven CoELA
underperforms compared to the Llama 3.1-driven REVECA.
This demonstrates CoELA’s significant dependence on GPT-
4’s advanced reasoning capabilities.

Table 2 presents results from the TDW-MAT environ-
ment, where 4o-mini-driven REVECA outperforms all base-
lines, including GPT-4-driven CoELA, across all metrics
(TOTAL, FOOD, and STUFF).

In the Noisy-C-WAH environment, the experiment in-
cluded 10 or 20 additional dummy objects. As shown in
Figure 2, REVECA models driven by various LLMs outper-
form CoELA driven by GPT-3.5 and 4o-mini across all met-
rics. CoELA’s strategy of storing all acquired information
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in text form leads to a significant decline in reasoning per-
formance, a limitation that becomes even more pronounced
when weaker LLMs are used for reasoning. As the number
of dummy objects increases, the benefits of utilizing rele-
vance scores become increasingly evident.

Comparative Results: In Full Observation
Table 3 presents Overcooked-AI results, where REVECA,
driven by 4o-mini, exhibits high cooperative performance in
a fully observable environment, achieving comparable to the
state-of-the-art ProAgent, which also utilizes 4o-mini. No-
tably, our method is not specialized for fully observable en-
vironments, demonstrating REVECA’s versatility. This find-
ing suggests that REVECA is broadly applicable, not only
to household tasks but also to cooperative multi-agent game
environments governed by specialized game rules, without
requiring any modifications.

As presented in previous research (Zhang et al. 2023a;
Carroll et al. 2019), we further conducted comparative ex-
periments in Overcooked-AI by training behavior cloning
(BC) models using human data to simulate human users. In
this experiment, we tested all pairwise combinations of five
BC models and other methods, including REVECA.

As shown in Table 4, REVECA demonstrates supe-
rior performance in collaboration with various BC models
trained on human data, achieving the highest scores more
frequently than ProAgent. Specifically, in the Forced Coor-
dination layout, REVECA consistently achieved high per-
formance regardless of the starting positions. This demon-
strates REVECA’s robustness in specialized scenarios where
each worker is restricted to their designated workspace and
cannot substitute for others. This highlights its adaptability
and effectiveness in such unique environments.

Ablation Study Results
To demonstrate the significance of each component in our
framework, we conducted an ablation study within C-WAH
and Noisy-C-WAH environments, the latter augmented with
20 dummy objects. The results are presented in Table 5.

Initially, we tested REVECA in a fully observable set-
ting by enforcing communication before executing any ac-
tion (full observation). In this setting, each agent is forced to
broadcast its perceived information to all other agents before
executing any action. While this consumes SS for commu-
nication, the agents always maintain up-to-date information
and therefore do not generate false plans. One might ques-
tion whether forced communication is the most convenient
approach, but the subsequent user study reveals that this ap-
proach is not well-suited for collaboration with humans.

We also tested REVECA under three modified conditions:
without using CoT (w/o CoT), without considering relative
proximity (w/o proximity), and without using other agents’
information (w/o other info). These factors are critical to
the reasoning process in REVECA. The experimental results
showed a decline in both SS and TD, with the most pro-
nounced reduction occurring when relative proximity was
excluded. This finding indicates that the absence of relative
proximity impairs the generation of globally efficient paths
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Figure 3: User study results in C-WAH environment. The
mean scores and associated standard errors for responses to
four research questions.

for the embodied agent, as it fails to consider the collabora-
tor’s movements.

Next, we evaluated REVECA without using relevance
scores, instead employing a distance-based greedy search
approach (w/o relevance). While this approach only slightly
underperformed compared to REVECA in C-WAH, likely
due to the relatively small number of items, it resulted in the
lowest performance across all scores in Noisy-C-WAH, ex-
cept in the K = Inf setting. Additionally, we conducted an
experiment by removing the Validation Module (w/o vali-
dation), which led to increased SS and TD scores, indicat-
ing a performance decline. This decline is attributable to the
agent’s inability to prevent false plans, thereby hindering the
creation of efficient collaborative trajectories.

Lastly, we varied the number of plans K and relevance
levels R considered by the LLM planner. The default param-
eters of K = 3 and R = 4 yielded the optimal performance.
In this context, K = 1 corresponds to retrieving only a sin-
gle piece of information, while K = Inf represents bypass-
ing the retrieval process entirely, thereby imposing the max-
imum computational load on the LLM planner, as it must
directly reference the entire memory.

User Study Results
We conducted a user study to evaluate REVECA’s abil-
ity to collaborate seamlessly with humans to achieve G.
Twelve participants (nine men and three women) with an
average age of 23.67 years were recruited. The experiment
took place in the C-WAH environment using four methods:
REVECA, CoELA, REVECA with an “always ask before
action” approach (always ask), and REVECA without com-
munication (w/o comm).

Participants shared the same observation and action space
as the agents, interacting with the environment by selecting
actions from a predefined list. Each participant completed
five sub-goals with each method. After completing each
method, they answered a 7-point Likert scale (1: strongly
disagree, 7: strongly agree) questionnaire that addressed
four key research questions: 1) Did the agent respond ap-
propriately to your intentions? (Appropriateness), 2) Was
the interaction with the agent helpful in achieving the goal?
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Method Cramped Room Asymmetric Advantage Coordination Ring Forced Coordination Counter Circuit
Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑

SP 165.71 174.29 174.29 197.14 122.86 111.43 34.29 48.57 77.14 68.57
PBT 182.86 185.71 197.14 185.71 142.86 142.86 62.86 91.43 74.29 57.14
FCP 171.43 188.57 177.14 177.14 122.86 142.86 45.71 40.00 57.14 40.00
MEP 180.00 188.57 157.14 197.14 174.29 154.29 25.71 42.86 68.57 77.14
COLE 177.14 151.43 205.71 188.57 177.14 174.29 37.14 54.29 85.71 108.57
ProAgent 165.71 140.00 260.00 254.29 162.86 174.29 85.71 40.00 125.71 131.43

REVECA 157.14 171.43 262.86 234.29 174.29 177.14 88.57 62.86 120.00 125.71

Table 3: Comparative study results between REVECA and baselines in Overcooked-AI. The best result is highlighted in bold.

Method Cramped Room Asymmetric Advantage Coordination Ring Forced Coordination Counter Circuit
Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑ Agent1 ↑ Agent2 ↑

SP 100.00 80.00 120.00 60.00 48.00 40.00 28.00 12.00 36.00 32.00
PBT 96.00 92.00 124.00 64.00 68.00 64.00 52.00 4.00 40.00 28.00
FCP 148.00 148.00 160.00 44.00 112.00 100.00 28.00 32.00 12.00 20.00
MEP 164.00 152.00 160.00 64.00 144.00 104.00 44.00 32.00 36.00 44.00
COLE 148.00 136.00 164.00 204.00 96.00 92.00 48.00 48.00 90.00 84.00
ProAgent 160.00 156.00 212.00 240.00 140.00 120.00 24.00 88.00 108.00 124.00

REVECA 132.00 140.00 216.00 208.00 132.00 128.00 52.00 96.00 112.00 112.00

Table 4: Comparative study results with BC Models in Overcooked-AI. The best result is highlighted in bold.

Method C-WAH Noisy-C-WAH
SS ↓ TD (m) ↓ SS ↓ TD (m) ↓

full observation 45.50 37.26 52.10 42.50

w/o CoT 48.90 43.47 63.90 55.17
w/o proximity 71.60 64.02 74.40 66.18
w/o other info 48.80 42.33 65.00 57.39

w/o relevance 46.20 38.84 82.10 68.52
w/o validation 45.80 40.02 54.60 47.27

K = 1 45.20 39.17 57.20 49.01
K = 2 45.60 39.91 63.60 53.69
K = 4 47.40 40.96 53.50 45.60
K = Inf 53.70 46.45 88.90 77.51

R = 3 47.20 40.20 68.30 57.94
R = 5 54.90 46.75 76.90 64.86

REVECA 44.20 38.44 53.40 45.96

Table 5: Ablation study results in the environments of C-
WAH and Nosiy-C-WAH augmented by 20 dummy objects.
The best result is highlighted in bold, with the exception of
full observation.

(Usefulness), 3) Did the agent’s performance help achieve
the goal quickly? (Efficiency), and 4) Did you feel a sense
of trust with the agent? (Trust) The “w/o comm” method
excluded questions on Appropriateness and Usefulness, due
to the lack of interaction. Following the questionnaire, par-
ticipants were interviewed to gather qualitative feedback on
each method.

As shown in Figure 3, REVECA scored highest across all
four questions, demonstrating its superior performance in

human-agent collaboration. Participants noted that CoELA
frequently produced messages focused on status reports and
planning, rather than directly addressing their questions,
which led to lower scores in Appropriateness and Useful-
ness. In the “always ask” condition, participants found the
agent’s repetitive questions, which were often of low rele-
vance to their current actions, to be disruptive and demo-
tivating Regarding trust, participants noted that the lack of
communication in the “w/o comm” method made it difficult
to understand the agent’s actions and situation, thereby hin-
dering trust-based collaboration. Further analysis of the user
study is provided in the supplementary materials.

Conclusion
In this paper, we introduced REVECA, an LLM-driven cog-
nitive architecture designed for multi-objective household
tasks, enabling efficient cooperation between decentralized
agents under complex, partially observable environments.
By leveraging Relevance Estimation, Adaptive Planning,
and Trajectory-based Validation, REVECA enhances agent
cooperation in dynamic settings while minimizing commu-
nication costs, making it well-suited for human collabo-
ration and effectively managing irrelevant dummy objects.
Furthermore, we demonstrate REVECA’s generalization ca-
pacity in a fully observable game environment. However,
REVECA has several limitations. Its effectiveness in open-
world outdoor settings with constantly changing remains to
be validated. Using low-level action skill book could be en-
hanced by integrating recent advancements in character an-
imation generation technologies. Addressing these limita-
tions could make future versions of REVECA even more
robust and applicable across a broader range of multi-agent
environments and tasks.
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