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Abstract001

Effective real-world multi-agent collaboration002
requires not only accurate planning but also the003
ability to reason about collaborators’ intents–a004
crucial capability for avoiding miscoordination005
and redundant communication under partial ob-006
servable environments. Due to their strong007
planning and reasoning capabilities, large lan-008
guage models (LLMs) have emerged as promis-009
ing autonomous agents for collaborative task010
solving. However, existing collaboration frame-011
works for LLMs overlook their reasoning po-012
tential for dynamic intent inference, and thus013
produce inconsistent plans and redundant com-014
munication, reducing collaboration efficiency.015
To bridge this gap, we propose CoBel-World,016
a novel framework that equips LLM agents017
with a Collaborative Belief World–an internal018
representation jointly modeling the physical019
environment and collaborators’ mental states.020
CoBel-World enables agents to parse external021
open-world knowledge into structured beliefs022
via a symbolic belief representation module,023
and perform zero-shot Bayesian-style belief024
updates through LLM reasoning. This allows025
agents to proactively detect potential miscoor-026
dination (e.g., conflicting plans) and commu-027
nicate adaptively. Evaluated on challenging028
embodied benchmarks (i.e., TDW-MAT and029
C-WAH), CoBel-World significantly reduces030
communication cost by 64-79% and improves031
task completion efficiency by 4-28% compared032
to the strongest baseline. Our results show that033
explicit, intent-aware belief modeling is essen-034
tial for efficient and human-like collaboration035
in LLM-based multi-agent systems.036

1 Introduction037

In recent years, large language models (LLMs)038

have demonstrated remarkable capabilities in rea-039

soning, planning, and decision-making (Liu et al.,040

2024a; OpenAI, 2023; Comanici et al., 2025; Wu041

et al., 2025a,b), highlighting their growing poten-042

tial to act as autonomous agents in collaborative043

problem-solving. While these advances are promis- 044

ing, the effectiveness of existing LLM-based col- 045

laboration frameworks has been largely confined 046

to simple text-based domains with high environ- 047

mental certainty (Hong et al., 2023; Qian et al., 048

2024; Li et al., 2023a). Real-world collaboration, 049

by contrast, requires agents to coordinate actions 050

under uncertainty and adapt to dynamic, partially 051

observable environments characterized by incom- 052

plete and misaligned information (Bernstein et al., 053

2000; Foerster et al., 2019). In such scenarios, com- 054

munication becomes essential for synchronizing 055

internal states, sharing observations, and aligning 056

intents across agents (Pan et al., 2025; Chan et al., 057

2023; Han et al., 2024; Chen et al., 2025). 058

As shown in Figure 1, recent approaches have 059

explored various communication protocols to en- 060

able information sharing and consensus in multi- 061

agent systems. However, these methods typically 062

rely on predefined collaboration schemes and fixed 063

communication protocols-such as step-by-step mes- 064

sage generation (Zhang et al., 2023), dense discus- 065

sion (Mandi et al., 2024), or event-triggered multi- 066

round discussion (Liu et al., 2024b). Crucially, they 067

lack the ability to dynamically identify potential 068

miscoordination and communicate adatively. As a 069

result, repetitive communication and inconsistent 070

planning frequently occur, leading to high commu- 071

nication costs and redundant physical actions. 072

We argue that this limitation stems from the lack 073

of explicit belief modeling. In multi-agent systems, 074

beliefs refer to the agent’s internal representation of 075

the world, including the external environment and 076

mental states (e.g., intents, knowledge) of collab- 077

orators (Kominis and Geffner, 2015; Geffner and 078

Bonet, 2013). In decentralized multi-agent rein- 079

forcement learning (DEC-MARL), belief modeling 080

has proven critical for collaboration under partial 081

observation, enabling agents to infer and align with 082

others’ internal states (Pritz and Leung, 2025; Wen 083

et al., 2019; Zhai et al., 2023). With accurate be- 084
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Figure 1: Comparison of existing communication protocols for multi-agent collaboration with our work. From
left to right: (a) CoELA (Zhang et al., 2023): Fixed templates for step-by-step message generation and planning.
(b) CaPo (Liu et al., 2024b): Event-driven multi-round discussion. (c) CoBel-World (ours): Belief modeling and
adaptive collaboration. Our method enables consistent planning and effective communication.

lief estimation, agents can selectively communicate085

only the valuable information to achieve efficient086

communication and reach consensus, thus promot-087

ing consistent collaboration.088

Despite its advantages, belief modeling for LLM089

agents faces two fundamental challenges. First,090

LLM agents operate in open-ended physical en-091

vironments featured with high-dimensional, com-092

positional action space and free-form natural lan-093

guage communication. These characteristics make094

it difficult to ground linguistic instructions into095

structured, explicit belief representations. Sec-096

ond, collecting real-world interaction trajectories097

to fine-tune LLMs for inferring others’ intents is098

prohibitively expensive and often infeasible. Con-099

sequently, LLM agents must construct and update100

beliefs in a zero-shot manner, without access to an-101

notated interaction data during pretraining or down-102

stream adaptation.103

To address these challenges, we propose CoBel-104

World, a novel framework that equips LLM agents105

with a Collaborative Belief World–an internal rep-106

resentation of the external environment and mental107

states of collaborators. By leveraging the advanced108

reasoning capabilities of LLMs, CoBel-World en-109

ables agents to reason about the internal states110

of collaborators and predict the future states of111

the environment, thus facilitating more efficient112

and human-like collaboration. Specifically, CoBel-113

World incorporates two core components. First,114

inspired by symbolic planning languages such as115

PDDL (Fox and Long, 2003; Fabiano et al., 2021),116

we introduce a symbolic belief representation mod- 117

ule to translate natural language descriptions of the 118

open-ended world into symbolic, structured repre- 119

sentations of beliefs. Agents then can use these 120

symbolic beliefs to derive belief rules that guide 121

task execution through a collaborative propose-and- 122

revise process. Second, we design a Bayesian be- 123

lief collaboration protocol that operates in the spirit 124

of Bayesian filter. This protocol harnesses LLM 125

reasoning to predict possible beliefs and detect po- 126

tential miscoordination in a zero-shot manner, with- 127

out requiring additional data for LLM fine-tuning. 128

CoBel-World uses this protocol to dynamically up- 129

date each agent’s belief world model, ensuring con- 130

sistent multi-agent collaboration even in partially 131

observable environments. 132

To summarize, this work makes the following 133

contributions: 134

• We propose CoBel-World, a novel framework 135

that integrates a collaborative belief world into 136

LLM agents, enabling efficient communica- 137

tion and consistent planning. 138

• We design a symbolic belief representation 139

module to represent the world knowledge in 140

a structured and explicit form to guide col- 141

laboration. We further design a Bayesian be- 142

lief collaboration protocol in a Bayesian filter 143

manner, demonstrating how to leverage LLM 144

reasoning capabilities to predict beliefs and 145

detect miscoordination in a zero-shot manner. 146
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• We evaluate CoBel-World on challenging em-147

bodied collaboration benchmarks TDW-MAT148

and C-WAH with open-ended environments149

(Zhang et al., 2023). Results show that CoBel-150

World reduces the average communication151

cost by 64-79% while improving the aver-152

age task completion efficiency by 4-28% com-153

pared to state-of-the-art methods, demonstrat-154

ing the efficacy of belief-driven collaboration.155

2 Related Work156

LLM-based multi-agent collaboration. Recent157

efforts such as MetaGPT (Hong et al., 2023) and158

ChatDev (Qian et al., 2024) have explored the use159

of LLMs for collaborative task solving. In particu-160

lar, CoELA (Zhang et al., 2023), CaPo (Liu et al.,161

2024b), and RoCo (Mandi et al., 2024) integrate162

LLMs with perception and action modules to sup-163

port collaborative embodied tasks in open-ended164

environments. However, these approaches typically165

rely on fixed communication protocols, such as tep-166

by-step message generation (Zhang et al., 2023),167

event-driven multi-round discussion (Liu et al.,168

2024b), or dense discussion (Guo et al., 2024),169

leading to excessive communication overhead and170

poor scalability under partial observability. In con-171

trast, our work introduces a belief-driven commu-172

nication mechanism that enables LLM agents to173

dynamically identify and exchange only the most174

valuable information, significantly reducing com-175

munication redundancy while improving collabora-176

tion efficiency.177

Belief modeling in multi-agent systems. In decen-178

tralized partially observable Markov decision pro-179

cess (DEC-POMDP), belief modeling is central to180

enabling agents to maintain and update probabilis-181

tic estimates over hidden states and other agents’182

intents (Kominis and Geffner, 2015; Moreno et al.,183

2021). Techniques such as Bayesian reasoning (Fo-184

erster et al., 2019) and probabilistic recursive rea-185

soning (Wen et al., 2019) allow agents to infer un-186

observed variables and align internal states through187

belief estimation. More recent approaches lever-188

age pretrained belief models (Zhai et al., 2023;189

Pritz and Leung, 2025), achieving improved col-190

laboration in cooperative games such as Hanabi191

and Overcooked. Wu et al. (2020) leverages in-192

verse planning to infer collaborators’ beliefs, al-193

lowing agents to dynamically switch between task194

division and joint collaboration. Jha et al. (2024)195

enables agents to perform higher-order belief mod-196

eling with significantly reduced computational cost. 197

Cao et al. (2024) incorporates logical rules to in- 198

fer human goals and beliefs from demonstrations, 199

thereby guiding hierarchical human–AI collabora- 200

tion. While promising, these methods are largely 201

limited to low-dimensional, discrete-state environ- 202

ments with handcrafted features or require exten- 203

sive training data. Our work bridges this gap by 204

leveraging the zero-shot reasoning capabilities of 205

LLMs to construct and update structured belief rep- 206

resentations in high-dimensional, open-ended phys- 207

ical environments without environment-specific 208

training. 209

Recent works (Yi et al., 2025; Zhang et al., 2024) 210

attempt to incorporate belief modeling into LLM- 211

based multi-agent systems to guide decision and 212

strategy selection. However, these works primarily 213

operate under communication-free settings, which 214

limits their scalability in real-world partially ob- 215

servable environments. In contrast, CoBel-World 216

leverages structured belief modeling to guide com- 217

munication behaviors. Agents with such collabora- 218

tive belief world can proactively determine when, 219

who and how to communicate. 220

3 Method 221

In this section, we present CoBel-World, a prin- 222

cipled framework leveraging belief modeling to 223

mitigate communication redundancy and collabo- 224

rative misalignment in multi-agent systems. Fol- 225

lowing the paradigm of belief modeling in tradi- 226

tional MARL, we decompose CoBel-World into 227

two seamlessly integrated components: symbolic 228

belief representation (detailed in §3.1) for belief 229

construction and Bayesian belief collaboration 230

(detailed in §3.2) for belief update. The overall 231

framework of CoBel-World is depicted in Figure 2. 232

3.1 Symbolic Belief Representation 233

In this section, we delve into the detailed design of 234

symbolic belief representation, which consists of a 235

symbolic belief language for structured belief rep- 236

resentations and a collaborative belief initialization 237

scheme for belief construction. 238

Symbolic belief language. Inspired by classical 239

planning languages (Fox and Long, 2003; Fabiano 240

et al., 2021), we formalize beliefs as tuples con- 241

sisting of entities, attributes, and predicates. In 242

particular, since beliefs are inherently higher-order 243

(e.g., “Bob believes that Alice believes the apple 244

is in the living room”), we explicitly introduce a 245
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Figure 2: Overview of CoBel-World. Cobel-World comprises two key components: (1) Symbolic belief represen-
tation: All agents are organized in a collaborative reasoning process to analyze the requirements of the task and
summarize the rules in a structured format. The resulting consensus set of belief rules forms the collaborative belief
world. (2) Bayesian belief collaboration: After the belief world is constructed, each agent updates it through belief
update and belief prediction, both of which are facilitated by LLM reasoning. Adaptive collaborative decisions
will be made based on the beliefs.

recursive belief predicate to capture the collabo-246

rators’ mental states. Specifically, we design the247

symbolic belief language as follows:248

Atomic state:249

s ::= ⟨ei, PRED, ej⟩ | ⟨ei, PROP, v⟩, (1)250

Zero-order belief:251

b0 ::= ni BEL s, (2)252

First-order belief:253

b1 ::= ni BEL (nj BEL s), (3)254

where entity e ∈ E and E denotes the set of entities255

including all agents (e.g., Alice) and objects (e.g.,256

apple); PRED represents relational descriptors257

(e.g. In, Hold); PROP denotes entity properties258

(e.g., exploration status); and v ∈ V defines the259

discrete values (e.g., part, all). The operator260

BEL serves as a connective representing an agent’s261

mental state, mapping an agent ni ∈ N to a state s262

or another belief b. Here, N denotes the set of all263

agents, with ni, nj representing specific instances.264

Figure 3 provides a concrete example for our be-265

lief representations. When agent Alice observes the266

other agent Bob holding a banana, Alice constructs267

a zero-order belief as: Alice BELIEVE Bob268

Hi, Alice. I find apple in 
the bedroom. 

Alice BELIEVE Bob 
BELIEVE apple IN bedroom
BELIEVE Alice HOLD banana
BELIEVE Alice AT livingroom

Hi,Bob. I’ holding a 
bread in the living room.

Alice BELIEVE 
Bob AT bedroom
Bob HOLD banana
Bedroom EXPLORED PART

Alice

Bob

Zero order beliefs

Alice’s View

First order beliefs

Bob

Communication

Figure 3: Examples of the transformation from unstruc-
tured observations to structured beliefs.

HOLD banana. When Alice receives the mes- 269

sage “I found an apple in the bedroom” from Bob, 270

this information is interpreted as a first-order be- 271

lief: Alice BELIEVE Bob BELIEVE apple 272

IN bedroom. 273

Collaborative belief initialization. Solely relying 274

on the agent itself to construct beliefs is prone to 275

hallucination issues. Hence, we introduce a collab- 276

orative belief initialization mechanism where all 277

agents collaborate on belief construction. Specif- 278

ically, rather than constructing beliefs indepen- 279

dently, agents jointly refine a shared set of symbolic 280
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belief rules through iterative proposal and cross-281

agent review. These rules encode task constraints,282

agent capabilities, and logical dependencies. The283

resulting consensus set of belief rules forms the284

collaborative belief world that lays the foundation285

for the subsequent Bayesian update process.286

3.2 Bayesian Belief Collaboration287

In DEC-POMDP, belief modeling follows a288

Bayesian filter (Chen et al., 2003) paradigm (de-289

tailed in Appendix B): a update step that incor-290

porates posterior observation, followed by a pre-291

diction step based on prior beliefs. We adopt this292

well-grounded mathematical structure for CoBel-293

World. In the update phase, the agent updates its294

beliefs in response to partial observations. In the295

prediction phase, we leverage the reasoning capa-296

bilities of LLMs to predict the potential states of297

the external environment and infer collaborator’s298

intents. The design details are elaborated as fol-299

lows.300

Belief update. Given the belief world which con-301

sists of a set of belief rules R constructed in the302

first phase, the agent updates two levels of beliefs303

via LLM reasoning.304

b0t = LLMupdate_zero(R, ot), (4)305

b1t = LLMupdate_first(R, oc), (5)306

where ot = (ov, oc) is the partial observation ac-307

quired from the environment and collaborators, ov308

represents the ego-centric visual perception (e.g.,309

object positions), and oc denotes the communica-310

tion message explicitly transmitted by other agents.311

Notably, during the update of first-order beliefs, we312

employ theory-of-mind (ToM) reasoning (Li et al.,313

2023b; Ma et al., 2023; Strachan et al., 2024) to314

prompt the agent to interpret messages from the315

collaborator’s perspective. This prevents the agent316

from confusing personal information with public317

information, ensuring a more accurate belief esti-318

mation (Shi et al., 2024; Zhang et al., 2025).319

Belief prediction. Based on the updated beliefs,320

the agent proactively predicts the possible beliefs321

in the future to maintain the knowledge about the322

external environment and the intents of collabo-323

rators. Specifically, the agent predicts the future324

zero-order belief to reason the possible states of325

environment (Wei et al., 2022). Based on these pre-326

dicted beliefs, agents then generate plans that max-327

imize task efficiency by prioritizing high-utility,328

low-uncertainty exploration or manipulation steps.329

This process is formally defined as: 330

b0t+1 = LLMreason(b
0
t , G, P ), (6) 331

πt+1 = LLMplan(b̄
0
t+1, G, P ), (7) 332

where b0t+1 represents the predicted zero-order be- 333

liefs, πt+1 represents the plan the agent will take, 334

G is the task goal and P is the description of task 335

progress which are both provided by the environ- 336

ment. 337

Next, the agent predicts the first-order beliefs to 338

infer the intents of collaborators and then reasons 339

about their possible plans to avoid conflicts and 340

miscoordination. 341

b1t+1 = LLMreason(b
1
t , G, P ), (8) 342

π̄t+1 = LLMplan(b
1
t+1, G, P ), (9) 343

where b1t+1 represents the predicted first-order be- 344

liefs, π̄t+1 represents the predicted possible plans 345

of collaborators. 346

Adaptive collaboration. After updating and pre- 347

dicting the collaborative belief world, each agent 348

obtains an estimation about the external world, and 349

thus can adaptively decide the collaboration strate- 350

gies. For example, when potential miscoordina- 351

tion (e.g. conflicting plans) is detected, they send 352

context-aware messages to promote consensus and 353

consistent planning among collaborators. In con- 354

trast, when serious conflicts are unlikely to occur, 355

agents can prefer directly executing actions to im- 356

prove overall efficiency. 357

To be specific, we implement the adaptive col- 358

laboration scheme with two steps. First, we prompt 359

the agents to explicitly reason over two key aspects: 360

i) belief misalignment (e.g., only Bob knows the 361

apple’s location), and ii) potentially conflicting ac- 362

tions (e.g., Alice and Bob plan to explore the same 363

room). Second, if agents detect the potential mis- 364

coordination, they construct a message with the 365

misaligned beliefs and share their intents. Based 366

on this reasoning analysis, agents autonomously 367

adjust their collaboration strategies, thus achieving 368

efficient, adaptive, and intent-aware collaboration. 369

Details are illustrated in Figure 2. 370

4 Experienment 371

4.1 Setup 372

Benchmarks. Recent efforts have established sev- 373

eral benchmarks to evaluate LLM-based multi- 374

agent systems in open-ended environments (Chang 375

et al., 2024; Zhang et al., 2023). To demonstrate 376
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Table 1: Performance comparison on TDW_MAT benchmark. “↑/↓” means higher/lower is better. Results in pink
and underlined denote the best and second-best performance in each LLM group, respectively, Subscripts ± indicate
standard deviation across three independent trials.

Task Category
Classic Agents Qwen3-32B Agents DeepseekV3.2 Agents GPT-4o Agents

RHP RHP+RHP CoELA CaPo CoBel-World CoELA CaPo CoBel-World CoELA CaPo CoBel-World

Transport Rate (↑)

Food-low-cap 50.00±0.00 75.00±0.00 73.89±3.47 62.22±1.92 84.44±4.19 61.67±2.89 58.89±2.51 86.11±0.96 79.44±3.47 79.44±4.20 87.22±4.20

Stuff-low-cap 50.00±0.00 75.00±0.00 73.89±4.19 58.33±4.41 85.00±0.00 59.44±5.85 50.56±5.09 76.11±1.92 77.22±2.55 75.56±7.88 80.00±0.00

Low-cap Avg 50.00±0.00 75.00±0.00 73.89±3.47 60.28±3.15 84.72±2.10 60.56±1.92 54.72±1.27 81.11±0.48 78.33±1.44 77.50±4.64 83.61±2.10

Food-high-cap 40.00±0.00 73.33±0.00 75.00±8.66 67.22±9.62 86.11±8.22 63.89±5.85 59.44±0.96 75.56±0.96 86.67±1.67 82.22±5.09 87.78±1.92

Stuff-high-cap 46.67±0.00 80.00±0.00 86.11±3.85 70.56±15.12 82.78±5.36 66.67±2.89 59.44±6.74 78.33±0.00 79.44±5.36 80.56±1.92 85.56±1.92

High-cap Avg 43.33±0.00 76.67±0.00 80.56±5.55 68.89±2.93 84.44±4.28 65.28±1.73 59.44±2.93 76.94±0.48 83.06±2.68 81.39±2.55 86.67±1.67

Total Average 46.67±0.00 75.83±0.00 77.22±1.05 64.58±3.00 84.58±1.10 62.92±1.10 57.08±1.44 79.72±1.05 80.69±1.05 79.44±2.06 85.14±1.05

Communication Cost (↓)

Food-low-cap — — 3921.33±384.22 7936.28±924.44 1537.00±124.25 3174.67±595.31 6902.06±779.59 616.22±75.44 2569.83±196.92 4572.03±932.33 937.44±75.13

Stuff-low-cap — — 3304.44±147.34 7424.33±703.84 1354.06±198.50 2901.06±138.85 6832.39±1297.08 809.67±232.38 2586.44±149.51 3950.36±844.17 833.11±15.42

Low-cap Avg — — 3612.89±238.95 7680.31±466.14 1445.53±88.19 3037.86±332.14 6867.22±466.80 712.94±153.91 2578.14±173.15 4261.69±888.25 885.28±43.62

Food-high-cap — — 3895.78±189.59 7786.89±800.99 1579.39±330.99 3331.56±884.38 7142.50±323.73 510.67±16.17 2523.83±118.60 4673.69±1140.50 937.67±178.62

Stuff-high-cap — — 3817.33±86.31 7697.72±875.93 1430.44±181.53 2593.67±20.89 7330.17±649.90 627.17±24.83 2366.89±249.92 4529.42±1065.67 894.83±148.18

High-cap Avg — — 3856.56±52.39 7742.31±807.86 1504.92±94.08 2962.61±446.63 7236.33±451.23 568.92±4.33 2445.36±175.10 4602.06±1103.08 916.25±162.25

Total Average — — 3734.72±112.63 7711.31±182.13 1475.22±35.22 3000.24±196.27 7051.78±158.52 640.93±74.79 2511.75±151.99 4432.71±995.67 900.76±86.77

CoBel-World’s efficiency in communication, we377

follow CoELA (Zhang et al., 2023) and adopt the378

two challenging embodied multi-agent benchmarks379

for our experiments: TDW-MAT (Zhang et al.,380

2023), and the C-WAH (Zhang et al., 2023). TDW-381

MAT is built on the general purpose virtual world382

simulation platform TDW (Gan et al., 2020), and383

requires agents to move objects to the destination384

by their hands or containers. In C-WAH, agents385

are requested to complete five types of household386

tasks, represented as various predicates with spe-387

cific counts that must be satisfied. By default, we388

use two agents for collaboration. More details389

about TDW-MAT and C-WAH environments are390

provided in Appendix C.1 and C.2, respectively.391

Metrics. Our evaluation metrics span two dimen-392

sions: task completion efficiency and communi-393

cation cost. For task completion efficiency, we394

use different metrics for the two benchmarks. On395

TDW-MAT, we adopt transport rates as the primary396

performance metric, which refers to the fraction397

of subtasks successfully completed within 3,000398

time steps (frames). Note that a single action step399

may span multiple time steps (e.g., arm resetting).400

On C-WAH, we report the average steps required401

to complete all tasks, which reflects the efficiency402

of collaborative coordination. For communication403

cost, we compute the average number of tokens404

generated by all agents per episode for communi-405

cation. Higher transport rates, fewer average steps,406

and fewer tokens indicate better performance.407

Baselines. We select two types of baselines for408

performance comparison: traditional LLM-free409

agents and LLM-based agents. The traditional 410

agents include: (i) MCTS-based Hierarchical Plan- 411

ner (MHP) (Zhang et al., 2023): A hierarchical 412

planning approach that features a Monte Carlo Tree 413

Search (MCTS)-based high-level planner and a 414

regression-based low-level planner. (ii) Rule-based 415

Hierarchical Planner (RHP) (Zhang et al., 2023): A 416

heuristic approach that uses a rule-based high-level 417

planner combined with an A-start-based low-level 418

planner for navigation. The LLM-based baselines 419

include: (iii) CoELA (Zhang et al., 2023): A collab- 420

oration framework based on step-by-step templated 421

message generation and planning. (iv) CaPo (Liu 422

et al., 2024b): A collaboration framework based on 423

event-driven multi-round discussions. 424

LLM selection. To comprehensively evalu- 425

ate the effectiveness of CoBel-World across dif- 426

ferent LLMs, we adopt three state-of-the-art 427

LLMs for CoBel-World and other LLM-based 428

baselines: Qwen3-32B (Yang et al., 2025), 429

DeepseekV3.2 (Liu et al., 2025) and GPT-4o (Hurst 430

et al., 2024). We set the temperature as 0.7, top-p 431

as 1, and maximum token limit as 512 for all LLMs. 432

433

4.2 Main Results 434

Performance. Table 1 and Table 2 compare the per- 435

formance of different methods on the TDW-MAT 436

and C-WAH benchmarks, respectively. Our CoBel- 437

World framework achieves superior task efficiency 438

over all baseline methods while significantly reduc- 439

ing communication cost. On TDW-MAT, CoBel- 440

World improves average transport rate by 4% over 441

the best baseline results; on C-WAH, it reduces 442
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Table 2: Performance comparison on C-WAH benchmark. “↑/↓” means higher/lower is better. Results in pink and
underlined denote the best and second-best performance in each LLM group, respectively, Subscripts ± indicate
standard deviation across three independent trials.

Task / Obs. Classic Agents Qwen3-32B Agents DeepseekV3.2 Agents GPT-4o Agents

MHP MHP+MHP CoELA CaPo CoBel-World CoELA CaPo CoBel-World CoELA CaPo CoBel-World

Average Step (↓)

Prepare Sym. 155.67±7.37 94.00±2.50 87.17±13.66 98.50±2.18 94.00±8.67 84.83±8.39 72.67±1.04 62.33±7.09 79.50±6.08 85.00±3.50 64.50±10.40

tea Vis. 211.50±11.17 121.50±8.41 169.67±15.12 181.17±18.66 114.67±21.83 167.17±27.97 114.17±27.81 76.83±4.95 135.00±10.44 119.00±0.87 54.00±4.09

Wash Sym. 94.50±7.09 56.33±4.31 55.67±7.11 57.17±14.78 50.33±15.00 65.67±8.37 64.33±3.75 62.83±4.04 43.00±2.78 55.17±4.19 44.83±3.01

dishes Vis. 118.50±14.08 118.17±48.79 105.67±17.19 133.83±19.30 112.50±12.12 108.00±8.00 96.17±14.87 118.83±16.97 71.83±9.46 105.67±5.84 77.50±17.76

Prepare Sym. 105.83±1.26 67.33±5.58 63.33±10.26 71.67±1.53 59.67±0.29 69.50±5.89 63.83±16.43 44.00±4.00 57.33±9.57 50.33±5.75 50.00±6.50

meal Vis. 147.83±16.78 99.17±7.52 108.83±10.79 158.67±5.01 100.00±18.03 144.83±26.42 92.83±17.24 85.00±3.54 91.67±8.31 107.67±14.15 68.83±5.77

Put Sym. 112.50±0.50 72.33±4.86 81.83±5.03 72.33±20.31 52.17±1.53 71.33±7.91 57.50±6.26 56.00±4.44 63.17±7.01 53.50±2.18 54.67±1.89

groceries Vis. 158.17±9.00 89.17±10.20 118.83±11.00 146.00±25.24 76.17±11.27 144.50±17.41 112.67±6.53 67.33±7.07 105.67±30.71 89.50±12.26 83.83±3.88

Set up Sym. 85.67±6.93 54.50±8.53 68.50±4.09 64.33±3.55 55.17±5.75 59.67±4.04 51.00±1.00 53.33±0.58 59.67±3.62 55.50±5.00 47.67±1.04

table Vis. 109.17±9.70 80.17±9.46 98.50±30.74 130.17±18.11 93.00±17.26 110.83±6.66 119.83±15.33 84.00±4.24 90.67±14.74 71.50±12.13 72.17±5.25

Sym. Avg 110.83±1.97 68.90±4.06 71.30±2.70 72.80±0.61 65.07±1.88 70.20±1.39 59.07±1.12 55.70±0.78 60.53±2.25 59.90±2.55 52.33±1.56

Vis. Avg 149.03±5.88 101.63±1.39 120.30±3.34 149.97±7.11 99.27±5.23 135.07±7.35 107.13±9.13 86.40±1.41 98.97±3.91 98.67±2.10 71.27±1.26

Comm. Cost (↓)

Prepare Sym. — — 1137.83±140.59 5759.17±839.20 299.33±20.53 1248.67±493.40 6437.67±847.38 413.33±249.15 1089.67±55.25 13337.50±2432.89 303.50±44.27

tea Vis. — — 1657.50±371.05 5293.67±854.03 306.83±26.00 1639.33±638.09 4842.00±595.82 301.67±59.38 972.83±106.81 8291.83±1206.14 308.00±14.26

Wash Sym. — — 988.83±103.83 5649.83±993.33 277.50±13.76 1028.67±354.98 4304.83±742.29 241.67±4.75 683.00±113.51 11443.83±2119.44 336.50±43.08

dishes Vis. — — 1096.67±182.01 3298.83±1404.99 304.67±13.53 1629.50±439.98 2954.00±304.11 224.00±43.01 600.67±100.35 6814.83±552.12 281.33±6.79

Prepare Sym. — — 1667.33±356.22 9594.00±1986.36 292.00±14.00 1227.67±246.36 7686.50±1268.34 245.00±8.19 1116.67±62.50 15426.33±1687.59 305.83±43.54

meal Vis. — — 1651.83±114.86 7015.00±801.68 262.00±21.15 1988.33±692.49 5807.33±1464.37 255.00±11.72 1222.17±199.35 10131.33±4368.30 269.67±2.02

Put Sym. — — 1384.33±216.43 4791.00±850.51 322.83±34.16 922.00±86.64 4389.17±456.48 293.50±31.19 918.00±172.44 11486.67±1507.05 314.33±52.78

groceries Vis. — — 1415.83±196.08 5574.33±1574.59 316.00±50.47 1671.33±428.42 4898.83±356.46 253.17±21.01 904.17±115.67 5815.17±2296.64 314.00±25.10

Set up Sym. — — 1500.83±61.31 4931.50±1097.43 330.33±70.67 1126.50±420.35 3568.17±467.03 284.50±44.72 1157.50±148.05 4927.67±1020.22 307.83±47.81

table Vis. — — 1396.33±139.80 2163.83±768.13 302.83±32.20 1086.67±470.86 2944.17±607.16 271.67±27.19 956.00±258.02 4440.67±652.17 277.83±29.20

Sym. Avg — — 1335.83±96.90 6145.10±330.51 304.40±18.74 1110.70±153.74 5277.27±323.72 295.60±58.58 992.97±11.82 11324.40±699.15 313.60±16.48

Vis. Avg — — 1443.63±84.60 4669.13±72.39 298.47±17.85 1603.03±248.26 4289.27±343.18 261.10±14.46 931.17±65.02 7098.77±1241.07 290.17±10.42

average steps by 6-28% compared to the strongest443

baseline. In terms of communication cost, CoBel-444

World reduces token usage by 64-79% across all445

settings. These results indicate that belief-driven446

collaboration not only reduces redundant communi-447

cation but also enhances collaboration consistency.448

We also notice that LLM-based agents do not al-449

ways outperform traditional agents. When driven450

by small LLMs like Qwen3-32B, CaPo is surpassed451

by RHP on TDW-MAT and both CaPo and CoELA452

are surpassed by MHP on C-WAH. In constrast, un-453

like these methods that highly rely on LLMs capa-454

bilities, CoBel-World consistently achieves better455

performance, demonstrating its robustness.456

Qualitative analysis. Figure 4 illustrates the ad-457

vantages of CoBel-World over baselines in terms458

of collaboration consistency and communication459

efficiency. As shown in Figure 4 (left), at the initial460

stage of the task, agents will first make the plan.461

CoELA follows a fixed pipeline of communication-462

then-planning, which often fails to reach consensus463

with collaborators and leads to conflicting plans. In464

contrast, CoBel-World performs belief prediction465

to infer the collaborators’ intents, detect potential466

miscoordination, and proactively initiate commu-467

nication to reach consensus. For instance, Bob468

infers that Alice might explore his current room469

and thus proactively shares his intent and beliefs470

with her, enabling more consistent planning. CaPo 471

relies on event-triggered multi-round discussions 472

to reach consensus with collaborators. However, 473

when the triggering event provides little or no ben- 474

efit to collaboration, this mechanism incurs unnec- 475

essary communication cost. As illustrated in Fig- 476

ure 4 (right), CaPo’s discussions fail to yield better 477

plans, resulting in redundant communication. In 478

contrast, CoBel-World leverages belief modeling 479

to autonomously assess the necessity of communi- 480

cation and dynamically decides whether to commu- 481

nicate to inform intents or directly execute a plan 482

to maximize task efficiency. 483

4.3 Ablation Study 484

Effects of each component. We analyze the con- 485

tributions of two key components in Cobel-World 486

to collaboration: symbolic belief representation 487

(SBR) and Bayesian belief collaboration (BBC). As 488

shown in Table 3, after removing the SBR module, 489

Cobel-World exhibits a slight performance drop. 490

This indicates that representing beliefs using un- 491

structured natural language introduces redundant 492

information, impairing LLMs’ planning capabili- 493

ties. In contrast, emoving the BBC module leads 494

to a severe performance drop. This phenomenon 495

demonstrates that inferring collaborators’ intents 496

fosters more proactive collaboration. 497

Scaling to more agents. To validate the scal- 498
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Alice

Bob

Alice

conflict plans

Alice

Bob

consistent plans
Reasoning：
My plan: Explore cuirrent room.
Alice intents:
1. Go explore my current room.
2. Go check unchecked containers.
We may conflict, so:
Plan: Send a message to 
inform Alice

Reasoning：
To avoid conflict and maxium 
task execution efficiency. I plan:
Check the unchecked 
container in current room.

I’m in livingroom, and I’m 
holding nothing. ...... The 
bedroom is unexplored.
My plan:
Go explore bedroom.

Bob

Alice

Bob

I’m in bedroom, and I’m 
holding nothing. ...... The 
bedroom is unexplored.
My plan:
Go explore bedroom.

Explore the 
same room!

Fully divided to 
explore.

Alice

Event: Bob found wine. 

Bob

Old plan:
Bob explore livngroom.
Alice go check cabinet.

Alice

Bob

N-round 
discussion

New plan:
Bob grab wine.
Alice go check cabinet.

No valuable 
information for 
Alice!

Bob found wine.

Bob BELIEVE wine IN livingroom.
Reasoning:
I can grab the wine, no need to tell Alice.
Plan: Go grab wine.

Alice keep on checking the microwave.

adaptive communication

redundant communication

Belief Prediction

Belief Update

CoELA CaPo

CoBel-World CoBel-World

Save the communication cost.

Figure 4: Illustration of the advantages of CoBel-World in terms of planning consistency and communication
efficiency on C-WAH benchmark. All methods are powered by GPT-4o. The left part illustrates CoBel-World’s
superior planning consistency over CoELA, while the right panel highlights its reduced communication cost
compared to CaPo.

Table 3: Effects of the components in CoBel-World
using GPT-4o on C-WAH benchmark. Average steps
required to complete task are reported. “SBR” denotes
“symbolic belief representation” and “BBC” denotes
“Bayesian belief collaboration”.

Method Symbolic Obs (↓)

CoBel-World 52
CoBel-World (No SBR) 55
CoBel-World (No BBC) 68

ability of CoBel-World in scenarios with larger499

teams, we report its performance as the number500

of agents increases. As shown in Table 4, CoBel-501

World achieves significant performance gains when502

adding more agents, showing strong scalability.503

Cobel-World with heterogeneous agents. As504

shown in Table 5, a team comprising one CoBel-505

World agent and one CoELA agent substantially506

outperforms the homogeneous CoELA-CoELA set-507

ting, though it does not fully match the perfor-508

mance of the pure CoBel-World team. This demon-509

strates that CoBel-World’s structured belief mod-510

eling enables effective coordination with heteroge-511

neous partners, thereby supporting flexible collabo-512

rative scenarios.513

5 Concluding Remarks514

In this work, we introduce CoBel-World, a frame-515

work that equips LLM-based agents with a collab-516

Table 4: Benefits of increasing agent number in our
CoBel-World using GPT-4o on C-WAH benchmark. Av-
erage steps required for task completion are reported.

Method Symbolic Obs (↓)

CoBel-World×2 52
CoBel-World×3 47
CoBel-World×4 43

Table 5: Performance comparison of heterogeneous
agent collaboration on the TDW-MAT benchmark.

Method Food Stuff Total

CoELA + CoELA 63 63 63
CoELA + CoBel-World 75 71 73
CoBel-World + CoBel-World 81 79 80

orative belief world to enable efficient and con- 517

sistent multi-agent collaboration under partial ob- 518

servability. CoBel-World first uses a symbolic be- 519

lief representation module to translate linguistic 520

descriptions of open-ended world into structured 521

beliefs, then harnesses LLM reasoning to perform 522

Bayesian-style belief updates in a zero-shot manner. 523

With CoBel-World, LLM agents can proactively 524

infer teammates’ intentions, adaptively communi- 525

cate with others and detect potential miscoordi- 526

nation, thereby reducing redundant dialogue and 527

physical actions. Extensive experiments show that 528

CoBel-World reduces communication cost by 64- 529

79% while consistently improving task completion 530

efficiency over state-of-the-art baselines. 531
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6 Limitations532

Sensitivity to hallucinations. Since our frame-533

work uses LLM reasoning to perform zero-shot534

belief updates, hallucinations during the reasoning535

process may degrade performance. As shown in536

our failure analysis (Appendix D.3), hallucinations537

can lead to incorrect symbolic beliefs, which then538

influence the subsequent task execution. Future re-539

search may incorporate self-reflection or automated540

verification mechanisms to enhance the robustness541

of belief generation.542

Lack of multimodal reasoning. Although the543

evaluation benchmarks provide high-dimensional544

visual observations, CoBel-World adopts the com-545

mon practice in prior work–converting raw visual546

inputs into textual scene descriptions to serve as547

agent observations. While this abstraction simpli-548

fies reasoning, it fails to directly exploit the fine-549

grained visual cues. Future work could leverage550

multimodal LLMs to enable agents to perform be-551

lief updates directly from visual inputs to facilitate552

more effective collaborative behaviors in complex,553

open-world environments.554

7 Ethical Considerations555

In developing CoBel-World, we have considered556

several ethical points regarding the deployment of557

LLM-based agents:558

Potential for model bias: Since our framework559

relies on LLMs for intent inference, the agents may560

inherit social or behavioral biases from the mod-561

els’ pre-training data. We encourage developers to562

monitor these behaviors in human-robot interaction563

scenarios.564

Environmental impact: The use of large-scale565

LLMs for continuous reasoning and planning re-566

quires significant computational power. We suggest567

that future research explore the use of smaller, task-568

specific models to reduce the energy consumption569

and carbon footprint of these systems.570
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A Code Availability and Reproducibility 800

To facilitate the reproducibility of our results, we 801

provide the full source code and implementation 802

details of CoBel-World in the following anony- 803

mous repository: 804

https://anonymous.4open.science/ 805

r/CoBel_World 806

B Theoretical Analysis of CoBel-World 807

B.1 Multi-Agent Collaboration Formulation 808

We model the multi-agent collaboration task as a 809

decentralized partially observable Markov deci- 810

sion process (DEC-POMDP) (Oliehoek and Am- 811

ato, 2016; Bernstein et al., 2000; Spaan et al., 2006), 812

defined by the tuple: 813

M = ⟨I,S, {Ai}, {Oi}, T, {Oi}, R, h⟩, 814

where: 815

• N = {n0, n1, ...nm} is a finite set of m 816

agents; 817

• S is a finite state space representing the envi- 818

ronment; 819

• Ai is the action set of agent ni, with A = 820

×i∈IAi the joint action space; 821

• Oi is the observation set of agent ni, encom- 822

passing partial ego-centric visual inputs and 823

received messages; 824

• T (s′ | s,a) = p(s′ | s,a) is the transition 825

function, denoting the probability of transi- 826

tioning to state s′ ∈ S from s ∈ S under joint 827

action a ∈ A; 828

• Oi(oi | s′,a) = p(oi | s′,a) is the observa- 829

tion model for agent i, giving the probability 830

of observing oi ∈ Oi upon reaching s′ after 831

executing a; 832

• R(s,a) is the global reward function shared 833

by all agents; 834

• h is the finite planning horizon. 835

The objective is for the team to maximize the 836

expected cumulative reward E
[∑h−1

t=0 R(st,at)
]

837

through decentralized execution of a joint policy 838

π = {πi}i∈I , where each agent i selects actions 839

ati ∼ πi(· | τ ti ) based only on its local observation- 840

action history τ ti = (o0i , a
0
i , . . . , o

t
i). 841
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B.2 Belief Update with Bayesian filter.842

Due to partial observability, each agent ni main-843

tains a belief state bi : S → [0, 1], which represents844

its subjective probability distribution over the true845

state s ∈ S. The belief bti at time t is conditioned846

on the agent’s local history τ ti = (o0i , a
0
i , . . . , o

t
i).847

Upon executing action at ∈ A and receiving obser-848

vation ot+1
i ∈ Oi, agent i updates its belief using a849

Bayesian filter:850

b′i(s
′) ∝ Oi(o

′
i | s′,a)

∑
s∈S

T (s′ | s,a) bi(s),

(10)851

where bi is the current belief, b′i is the updated be-852

lief, a is the joint action, o′i is the new observation,853

and T and Oi are the transition and observation854

models, respectively. This update decomposes into855

two conceptually distinct stages:856

Prediction. The agent predict possible beliefs857

based on its current belief:858

bi(s
′) =

∑
s∈S

T (s′ | s,a) bi(s), (11)859

resulting in a prior belief bi that captures the ex-860

pected state distribution after the action. In our861

framework, this step is enhanced by theory of mind862

reasoning (Li et al., 2023b; Ma et al., 2023), en-863

abling agents to anticipate teammates’ intentions.864

Measurement update. The agent conditions the865

prior on the new observation o′i (including visual866

input and messages):867

b′i(s
′) ∝ Oi(o

′
i | s′,a) · bi(s′), (12)868

yielding a posterior belief b′i that incorporates direct869

evidence. This step enables rapid belief alignment870

through perception and communication.871

This Bayesian-style process–predicting future872

states and update based on observations–forms the873

theoretical foundation of CoBel-World.874

C Additional Environment Details875

Following CoELA (Zhang et al., 2023), we eval-876

uate our methods and baselines on two challeng-877

ing embodied multi-agent benchmarks with open-878

ended environments: ThreeDWorld Multi-Agent879

Transport (TDW-MAT) and Communicative Watch-880

And-Help (C-WAH). Detailed descriptions of these881

benchmarks are provided below.882

C.1 TDW-MAT 883

Tasks. The test set of TDW-MAT consists of 24 884

episodes, evenly divided into two task categories: 885

food transportation and object transportation. The 886

food transportation tasks involves: 887

• 6 types of target objects: apple, banana, or- 888

ange, bread, loaf, and burger. 889

• 3 types of containers: bowl, plate, and tea tray. 890

The object transportation tasks includes: 891

• 6 types of target objects: calculator, mouse, 892

pen, lighter, purse and iPhone. 893

• 3 types of containers: plastic, wooden, and 894

wicker baskets. 895

In each task instance, the environment contains 10 896

target objects and 2-5 containers. Scenes are instan- 897

tiated across four semantically coherent room types: 898

living room, office, kitchen, and bedroom, with ob- 899

ject placements adhering to real-world contextual 900

plausibility. Agents are required to maximize the 901

number of target objects delivered to a designated 902

goal location within a time budget of 3,000 simu- 903

lation frames. Containers serve as transport tools, 904

each capable of carrying up to three objects; With- 905

out a container, each agent can carry at most two 906

objects simultaneously. 907

Observation space. The embodied agent receives 908

a variety of observations, with the primary ones 909

being an egocentric RGB image and a depth image. 910

Additionally, there are several auxiliary observa- 911

tions. The observation space includes: 912

• RGB image. An ego-centric image captured 913

by a forward-facing camera, with a resolution 914

of 512 × 512 and a field of view of 90 degrees. 915

• Depth image. This image shares the same 916

camera intrinsic parameters as RGB image. 917

• Oracle perception (optional). An image 918

where each object ID is represented by a dis- 919

tinct color, using the same camera intrinsic 920

parameters as the RGB image. 921

• Agent position and rotation. The position 922

and rotation of the agent within the simulation 923

environment. 924

• Messages. Information sent by all agents. 925
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• Held objects. Information about the objects926

currently held by the agent.927

• Opponent held objects. Information about928

objects held by another agent, if the agent is929

within view.930

Action space. In TDW-MAT, agents can perform931

7 distinct types of actions to interact with the en-932

vironment or communicate with each other. Each933

action spans multiple frames. The detailed action934

space is outlined below:935

• Move forward. The agent advances by 0.5m.936

• Turn left. The agent rotates left by 15 de-937

grees.938

• Turn right. The agent rotates right by 15939

degrees.940

• Grasp. The agent grasps an object, suc-941

cessfully performing this action only when in942

close proximity to the object. The object can943

be either a target or a container.944

• Put in. The agent places a target into a con-945

tainer, an action that is possible only when the946

agent is holding a target in one hand and a947

container in the other.948

• Drop. The agent releases the objects held in949

hand.950

• Send message. The agent sends a message951

to others, with a limit of 500 characters per952

frame.953

Extended TDW-MAT tasks. Building upon954

the classic TDW-MAT benchmark introduced by955

CoELA (Zhang et al., 2023), we extend the eval-956

uation along task difficulty dimension to enable a957

more comprehensive comparison between CoBel-958

World and various baselines. Specifically, tasks are959

categorized into low-capacity and high-capacity960

settings based on the number of containers avail-961

able to the agent in the environment. Each difficulty962

level comprises half of both the food-transportation963

and stuff-transportation tasks. Task details are pro-964

vided in Table 6.965

C.2 C-WAH966

C-WAH builds upon the Watch-And-Help chal-967

lenge (Puig et al., 2020) by incorporating the ability968

for agents to send messages to one another. Send-969

ing messages, like other actions, consumes one970

timestep and is subject to a maximum length con- 971

straint. 972

Tasks. C-WAH comprises five household-oriented 973

tasks: preparing afternoon tea, Washing dishes, 974

preparing a meal, putting groceries, and setting up 975

a dinner table. The test set contains 10 episodes, 976

including both symbolic and visual observation 977

settings. Each task involves multiple subtasks, ex- 978

pressed through predicates in the form “ON/IN(x, 979

y)”, which correspond to actions like “Place x 980

ON/IN y”. Detailed information is provided in 981

Table 7. The primary objective is to complete all 982

given subtasks within 250 timesteps, with each task 983

containing 3-5 subtasks. 984

Observation space. C-WAH provides two obser- 985

vation modalities: symbolic observation and vi- 986

sual observation. In symbolic observation, agents 987

have full access to all object-related information in 988

the same room, including object names, locations, 989

states, and relational attributes. In visual obser- 990

vation, agents receive ego-centric RGB and depth 991

images along with auxiliary observations. Detailed 992

observations include: 993

• RGB image. An ego-centric image from a 994

forward-facing camera, with a resolution of 995

256 × 512 and a field of view of 60 degrees. 996

• Depth image. An image with the same cam- 997

era intrinsic parameters as the RGB image. 998

• Oracle Perception. An image where each 999

object ID is mapped to a color, sharing the 1000

same camera intrinsic parameters as the RGB 1001

image. 1002

• Agent position. The agent’s position within 1003

the simulation world. 1004

• Messages. Information sent by all agents. 1005

• Held objects. Information about the objects 1006

currently held by the agent. 1007

• Opponent held objects. Information about 1008

objects held by another agent, if visible. 1009

Action space. The action space in C-WAH in- 1010

cludes: 1011

• Walk towards. Move towards an object in the 1012

same room or towards a specific room. 1013

• Turn left. Rotate left by 30 degrees. 1014

• Turn right. Rotate right by 30 degrees. 1015
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Table 6: TDW_MAT tasks extended with capacity dimension

Task Type Container Num Container Name

Food-low-capacity 2 tea tray, bowl, plate

Food-high-capacity 5 tea tray, bowl, plate

Stuff-low-capacity 2 wood basket, wicker basket, plastic basket

Stuff-high-capacity 5 wood basket, wicker basket, plastic basket

Table 7: Detailed description of C-WAH tasks

Task Name Oject Set

Prepare afternoon tea ON(cupcake,coffeetable), ON(pudding,coffeetable),
ON(apple,coffeetable), ON(juice,coffeetable),
ON(wine,coffeetable)

Wash dishes IN(plate,dishwasher), IN(fork,dishwasher)

Prepare a meal ON(coffeepot,dinnertable),ON(cupcake,dinnertable),
ON(pancake,dinnertable), ON(poundcake,dinnertable),
ON(pudding,dinnertable), ON(apple,dinnertable),
ON(juice,dinnertable), ON(wine,dinnertable)

Put groceries IN(cupcake,fridge), IN(pancake,fridge),
IN(poundcake,fridge), IN(pudding,fridge),
IN(apple,fridge), IN(juice,fridge),
IN(wine,fridge)

Set up a dinner table ON(plate,dinnertable), ON(fork,dinnertable)

• Grasp. Grasp an object, which can be suc-1016

cessfully performed only when the agent is1017

close to the object.1018

• Open. Open a closed container, performable1019

only when the agent is near the container.1020

• Close. Close an open container, performable1021

only when the agent is near the container.1022

• Put. Place held objects into an open container1023

or onto a surface, performable only when the1024

agent is near the target position.1025

• Send message. Communicate with others,1026

with a limit of 500 characters per message.1027

D Cobel-World Details1028

D.1 Belief Symbolic Representation1029

Prompt templates. We list the belief rules con-1030

struction prompts for the two agents Alice and Bob1031

in the benchmarks, as shown in Figure 5 and Fig-1032

ure 7, respectively.1033

Belief rules. Figure 8 illustrates the belief rules of1034

CoBel-World.1035

D.2 Bayesian Belief Collaboration1036

In this part, we list the prompts used in the1037

Bayesian belief collaboration module on TDW-1038

MAT benchmark. Figure 10 and Figure 12 illus- 1039

trate the prompts for zero-order belief update and 1040

prediction, respectively. Figure 9 and Figure 11 1041

illustrate the prompts for first-order belief update 1042

and prediction, respectively. Figure 13, Figure 14, 1043

Figure 15 and Figure 16 depict the prompts for 1044

adaptive collaboration, communication, planning 1045

and replanning, respectively. 1046

D.3 Failure cases 1047

The failures from CoBel-World primarily stem 1048

from inherent hallucinations in LLMs. Although 1049

our symbolic belief language substantially reduces 1050

such hallucinations, it cannot fully eliminate them. 1051

We give detailed failure cases in Figure 6. 1052
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Belief Rules Construction Prompt of Alice

Init Prompt: You are Alice, you and Bob are constructing beliefs rules to denote the zero and first
order belief of the world. You should first extract entity types and predicates in a specific domain
given a task description and the belief symbolic language below. After that you should use the
belief symbolic language to describe the possible belief types in this task domain and send to bob
for discussion.

Belief symbolic language: $BELIEF_LANGUAGE $

Task description: $TASK_DESCRIPTION$
Note that the zeroth-order belief denote my knowledge of the world, first-order belief denote my
knowledge of others belief.
DO NOT generate beliefs that go beyond the information specified in the task description. Consider
ONLY zero-order and first-order beliefs.
The belief rules should be in syntax format with entity represented with a "?" prefix, and without
any additional comment and analysis and explanation: You should output strictly in the format of
the following structure:

Entity and predicate reasoning:
Zero order belief rules:
First order belief rules:

Refine Prompt: You are Alice, you and Bob are constructing beliefs rules to denote the zero and
first order belief of the world. Given a task description and the belief symbolic language below,
you should refine the belief rules according to Bob’s suggestions.

Belief symbolic language: $BELIEF_LANGUAGE$
Task description: $TASK_DESCRIPTION$
previous content: $PREVIOUS_CONTENT$
Bob’s suggestions: $SUGGESTIONS$

DO NOT generate beliefs that go beyond the information specified in the task description.
Consider ONLY zeroth-order and first-order beliefs.
Note that the zeroth-order belief denote my knowledge of the world, first-order belief denote my
knowledge of others belief.
Now try to refine your previous output according to Bob’s suggestions. The belief rules should be
in syntax formatwith entity represented with a ? prefix, and without any additional comment and
analysis and explanation: You should output strictly in the format of the following structure:

Reasoning:
Zero order belief rules:
First order belief rules:

Figure 5: Alice’s belief rules construction prompt
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Failure Cases

Failure type: belief update errors
Failure log:
Alice: low-level-plan: send a message: Hi Bob, I’ve explored
part of the <Office>(3000). My subplan is to continue exploring
the <Office>(3000) and transport objects to the bed.
belief_episode_0 - INFO - first belief update:
first-order beliefs:
Bob BELIEVE Alice BELIEVE <bed> IN <Office> (3000)
Analysis: In this case, LLM mistakenly associated bed and office (3000) in a sentence as
belief, and finally got the wrong belief.

Failure type: belief prediction errors
Failure log:
Bob predict_first: The <Kitchen> (5000) is commonly associated
with food items like oranges, breads, and bananas. Exploring
this room might yield a higher chance of finding the goal
objects.
Bob oppo_subplans:
- go to <Kitchen>(5000) - explore current room <Kitchen>(5000)
Analysis: LLM mistakenly used common sense as a priori knowledge to aid belief prediction, but
there is no setting in the experimental setting that "food is more likely to be in the kitchen", as a
result, LLM suggest go to kitchen first.

Failure type: action-selection errors
Failure log:
Alice intuitive_planning: The last time you saw **Bob was in
the <Office> (1000)**, which hasn’t been explored yet. It may
contain target objects or provide useful information for the
goal.
Answer: A. go to <Office> (1000)
Analysis: Although LLM believed that Bob is in the <office>(1000) , LLM still chose to go
to the <office>(1000) which is a redundant action.

Failure type: communication content generation error
Failure log:
Bob: low-level-plan:send a message: Hi Alice, I’ve explored
all of the <Kitchen> (5000) and the <Livingroom> (8000), finding
<orange> (556740) there. I’m holding <loaf_bread> (12849971).
My subplan is to put <loaf_bread> (12849971) into <orange>
(556740), grasp <orange> (556740), and transport to the bed.
Analysis: put <loaf_bread> (12849971) into <orange> (556740) is inconsis-
tent with common sense and the simulation environment ( Items are randomly initialized in each
room) , which is the hallucination of LLM.

Figure 6: Failure cases of CoBel-World.
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Belief Rules Construction Prompt of Bob

Discuss Prompt: You are bob, you and Alice are constructing belief rules to denote the zero and
first order belief of the world. You are required to check the belief rules made by Alice given the
challenge description below. Give your reasoning progress in the reasoning:. And then give your
comments: Satisfied or Unsatisfied. If Unsatisfied, you should give your suggestions to Alice on
how to refine the construction.

These suggestions may include:
Missing logical relationships among key beliefs, such as omitting the agent’s belief about its
position.
Formatting errors, failing to comply with the prescribed format of the belief language.

Belief symbolic language: $BELIEF_LANGUAGE$ Task description: $TASK_DESCRIPTION$
Alice content: $ALICE_CONTENT$ Check if Alice’s construction satisfy the need. Make
deletion advice when occurring repeat syntagma. DO NOT provide suggestions that go beyond the
information specified in the task description.
Consider ONLY zeroth-order and first-order beliefs.
Note that the zeroth-order belief denote my knowledge of the world, first-order belief denote my
knowledge of others belief.

You should output strictly in the format of the following structure:

Reasoning:
Suggestions:
Satisfied:(yes or no)

Figure 7: Bob’s belief rules construction prompt
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Belief Rules

zero-order belief rules:
?agent BELIEVE ?object IN ?room
?agent BELIEVE ?bed IN ?room
?agent BELIEVE ?container IN ?room
?agent BELIEVE ?agent HOLD ?object
?agent BELIEVE ?agent HOLD ?container
?agent BELIEVE ?container CONTAIN ?object
?agent BELIEVE ?room EXPLORED ?exploration_state
?agent BELIEVE ?agent AT ?room

first-order belief rules:
?agentA BELIEVE ?agentB BELIEVE ?object IN ?room
?agentA BELIEVE ?agentB BELIEVE ?bed IN ?room
?agentA BELIEVE ?agentB BELIEVE ?container IN ?room
?agentA BELIEVE ?agentB BELIEVE ?agent HOLD ?object
?agentA BELIEVE ?agentB BELIEVE ?agent HOLD ?container
?agentA BELIEVE ?agentB BELIEVE ?container CONTAIN ?object
?agentA BELIEVE ?agentB BELIEVE ?room EXPLORED ?exploration_-
state
?agentA BELIEVE ?agentB BELIEVE ?agent AT ?room

Figure 8: Illustration of belief rules.

18



Prompt for First-order Beliefs Update

Assume you are an expert in multi-agent theory-of-mind reasoning. You task is to analyze
and extract the information from a multi-agent dialogue. You should take the perspective of
$AGENT_NAME$ and reason that what information $OPPO_NAME$ can get from the dia-
logue, which is defined as the first-order beliefs and translate these information into structured form.

You should follow the steps: Firstly, extract the information from the dialogue:
- What information can $OPPO_NAME$ get from the dialogue history(which is defined as the
first-order beliefs)?
- What $OPPO_NAME$ plans to do?

Secondly, translate the extracted information (excluding $OPPO_NAME$’s plan) into structured
first-order beliefs in the form of belief rules without any additional explanation.

Notice:
1.Maintain the structured beliefs in the format of Belief Rules.
2.DO NOT generate information not be mentioned both in Dialogue.
3.All entitiess are denoted as <name> (id), such as <table> (712) except the agents’ names(e.g.
Alice, Bob).
4.The exploration state of rooms MUST be part/all/none.

Following are provided information for you:
Dialogue History: $MESSAGE$
Belief Rules: $RULE$

Answer strictly in this format:
$OPPO_NAME$ knows:
$OPPO_NAME$’s plan:
structured first order beliefs:

Figure 9: Prompt for the update of first-order beliefs.
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Prompt for Zero-Order Beliefs Update

Assume you are a expert good at analyze and extract information from dialogue history. You
task is to analyze and extract the information from a multi-agent dialogue and translate these
information into structured form.

You should follow the steps:
Firstly, extract the information from the dialogue:
- What information can $AGENT_NAME$ get from the dialogue history(which is defined as the
zero-order beliefs)?
- What $OPPO_NAME$ plans to do?

Secondly, translate the extracted information (excluding $OPPO_NAME$’s plan) into structured
zero-order beliefs in the form of belief rules without any additional explanation.

Notice:
1.Maintain the structured beliefs in the format of Belief Rules.
2.DO NOT generate information not be mentioned both in Dialogue.
3.All entitiess are denoted as <name> (id), such as <table> (712) except the agents’ names(e.g.
Alice, Bob).
4.The exploration state of rooms MUST be part/all/none.

Following are provided information for you:
Dialogue History: $MESSAGE$
Belief Rules: $RULE$

Answer strictly in this format:
$AGENT_NAME$ knows:
$OPPO_NAME$’s plan:
structured zero order beliefs:

Figure 10: Prompt for the zero-order belief update.
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Prompt for First-Order Beliefs Prediction

I am $OPPO_NAME$. I want to transport as many target objects as possible to the bed with the
help of containers.

First, please reason over $OPPO_NAME$’s state to answer the following question:
What the possible locations of goal objects which haven’t been transported based on the room
exploration state?
Goal objects is more likely to be in the rooms which are not fully explored. Put your reasoning
behind the ’reasoning:’. Give your analysis in at most two reasons.
Second, based on your reasoning, please generate the best three plans $OPPO_NAME$ will take
to transport goal objects as soon as possible.

The generated plans must meet following requirements:
- One single plan can be broken down into 1 to 3 actions.
- There are 5 allowed actions you can use to construct the plan.
1) ’go to’: move to a specified room. 2) ’explore current room <room>(id)’: explore current
room(is not fully explored) for underlying target objects. 3) ’go grasp’: go to grasp a specified
target object. 4) ’put’: Place an object into a specified container. 5) ’transport’: Transport holding
objects or containers to the bed and drop them on the bed.

Here is an example of a single plan:’go to <Livingroom>(4000), go grasp <apple>(5548447),
and transport holding things to the bed’, it can be broken down to 3 actions- ’goto <Livin-
groom>(4000)’, ’go grasp <apple>(5548447)’ and ’transport holding things to the bed’.

Actions take several steps to finish. It may be costly to go to another room or transport to the bed,
use these actions sparingly. It will be more efficient to use a container to hold more objects objects
and transport to bed at a time.
Notice: Represent objects, container and room strictly in the format <name>(id) like <livin-
groom>(1000) <wicker_basket>(5388017).

Following are provided information for you:
Goal: $GOAL$
State: $OPPO_PROGRESS$

What I can do:
I can hold two things at a time, and they can be objects or containers. I can grasp ONLY one
container at a time and put objects into the holding container to hold more objects at a time. With
a container, I can hold at most four objects (three in the container hold by one hand and one
object on the other hand). Note that a container can contain three objects, and will be lost once
transported to the bed. The room can be explored none/part/all.

Answer strictly in this format:
reasoning:
plans:
plan1:
plan2:
plan3:

Figure 11: Prompt for first-order beliefs prediction.
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Prompt for Zero-Order Beliefs Prediction

I am $AGENT_NAME$. I want to transport as many target objects as possible to the bed with the
help of containers.

First, please reason over $AGENT_NAME$’s state to answer the following question:
Goal objects is more likely to be in the rooms which are not fully explored. Put your reasoning
behind the ’reasoning:’. Give your analysis in at most two reasons.
Second, based on your reasoning, please generate one best plan $AGENT_NAME$ will take to
transport goal objects as soon as possible.

The generated plan must meet following requirements:
- This plan can be broken down into 1 to 3 actions.
- There are 5 allowed actions you can use to construct the plan.
1) ’go to’: move to a specified room. 2) ’explore current room <room>(id)’: explore current
room(is not fully explored) for underlying target objects. 3) ’go grasp’: go to grasp a specified
target object. 4) ’put’: Place an object into a specified container. 5) ’transport’: Transport holding
objects or containers to the bed and drop them on the bed.

Here is an example of a single plan:’go to <Livingroom>(4000), go grasp <apple>(5548447),
and transport holding things to the bed’, it can be broken down to 3 actions- ’goto <Livin-
groom>(4000)’, ’go grasp <apple>(5548447)’ and ’transport holding things to the bed’.

Actions take several steps to finish. It may be costly to go to another room or transport to the bed,
use these actions sparingly. It will be more efficient to use a container to hold more objects objects
and transport to bed at a time.

Notice: Represent objects, container and room strictly in the format <name>(id) like <livin-
groom>(1000) <wicker_basket>(5388017).

What I can do:
I can hold two things at a time, and they can be objects or containers. I can grasp ONLY one
container at a time and put objects into the holding container to hold more objects at a time. With
a container, I can hold at most four objects (three in the container hold by one hand and one
object on the other hand). Note that a container can contain three objects, and will be lost once
transported to the bed. The room can be explored none/part/all.

Following are provided information for you:
Goal: $GOAL$
State: $MY_PROGRESS$
Answer strictly in this format:
reasoning:
plan:

Figure 12: Prompt for zero-order beliefs prediction.
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Prompt for Adaptive Collaboration

I am $AGENT_NAME$. My teammate $OPPO_NAME$ and I want to transport as many target
objects as possible to the bed with the help of containers.

Please answer the following questions:
1. Is there any potential miscoordination between my plan and $OPPO_NAME$’s plans or between
$AGENT_NAME$’s state and $OPPO_NAME$’s state? Please analyze the miscoordination in
two aspects:
(1) conflicting plans: where my plan and $OPPO_NAME$’s plans may conflict in actions or
locations. Such as $OPPO_NAME$ and $AGENT_NAME$ both plan to explore the same
livingroom.
(2) important misaligned information: where some information my state and $OPPO_NAME$’s
state may misaligned which may lead to miscoordination.
Give your analysis in at most two reasons.

2. If there exists heavy miscoordination, please answer Yes; Otherwise, answer No. Allow for a
certain degree of information misalignment which can not leads to heavy miscoordination.

3. If yes, then please find the misaligned information between my state and $OPPO_NAME$’s
state. Please list these misaligned pieces of information item by item. Such as I know
<apple>(12123). Just list what I know, don’t need to list what $OPPO_NAME$ knows.

4. If no miscoordination, just answer NO.
Following are provided information for you:
$AGENT_NAME$’s state: $MY_PROPGRESS$
$OPPO_NAME$’s state: $OPPO_PROGRESS$
$AGENT_NAME$’s plan: $MY_SUBPLAN$
$OPPO_NAME$’s plan: $OPPO_SUBPLAN$
Answer in this format:
reasons:
answer:
misaligned information:

Figure 13: Prompt for adaptive collaboration.
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Prompt for Communication Module

I am $AGENT_NAME$. My teammate $OPPO_NAME$ and I want to transport as many target
objects as possible to the bed with the help of containers.

Please help me generate a message to inform $OPPO_NAME$ of the misaligned information
i know but he don’t know and inform $OPPO_NAME$ of my plan to achieve our shared goal
collaboratively. The message should meet following requirements:
1.The message has to be concise, reliable, and helpful for assisting $OPPO_NAME$ and me to
collaborate efficiently, and transport as many objects to the bed as possible.
2.The message must strictly contain two parts of contents : 1. information only $AGENT_NAME$
know and 2. my plan

Here is an example of generated massage for you:
Example:
Message:Hi $OPPO_NAME$, I’ ve explored all of the <kitchen>(2000) and found <apple>(12123)
there. I’m holding <banana>(12234). My plan is to grasp <apple>(12123) and transport holding
things to the bed.
Just send what $AGENT_NAME$ know, don’t need to send what $OPPO_NAME$ knows.

Following are provided information for you:
Misaligned information: $MISALIGNED INFORMATION$
My plan: $MY_SUBPLAN$

Figure 14: Prompt for communication module.
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Prompt for Planning Module

I am $AGENT_NAME$. My teammate $OPPO_NAME$ and I want to transport as many target
objects as possible to the bed with the help of containers. I can hold two things at a time, and they
can be objects or containers. I can grasp containers and put objects into them to hold more objects
at a time. Actions take several steps to finish.

Assume that you are an expert decision maker. Given our shared goal, my plan, my state and
previous actions, please analyze the previous action and plan, judge whether the plan has been
completed, and if so, respond with ’PLAN DONE’. If plan not be completed, please help me
choose the best available action to achieve the goal as soon as possible. Note that a container can
contain three objects, and will be lost once transported to the bed. If i’m holding nothing, just
grasp a object i found and then keep on exploring or grasping another object.

You MUST select a action from the action list.

Following are provided information for you:
Goal: $GOAL$
My plan: $MY_SUBPLAN$
Previous action: $PREVIOUS_ACTIONS$
My state: $PROGRESS$
Action list: $ACTION_LIST$

Answer strictly in this format:
’answer: your choice’

Figure 15: Prompt for planning module.
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Prompt for Replanning Module

I am $AGENT_NAME$. My teammate $OPPO_NAME$ and I want to transport as many target
objects as possible to the bed with the help of containers.

First, please reason over $AGENT_NAME$’s state to answer the following question:
What the possible locations of goal objects which haven’t been transported based on the room
exploration state?
Goal objects is more likely to be in the rooms which are not fully explored. Put your reasoning
behind the ’reasoning:’. Give your analysis in at most two reasons.

Second, based on your reasoning and the $OPPO_NAME$’s plan, please generate one best plan
$AGENT_NAME$ will take to transport goal objects as soon as possible while avoiding conflicts
with $OPPO_NAME$’s plan. The plan should collaborate with $OPPO_NAME$ to maximize
execution efficiency.

The generated plans must meet following requirements:
- This plans can be broken down into 1 to 3 actions.
- There are 5 allowed actions you can use to construct the plan.
1) ’go to’: move to a specified room. 2) ’explore current room <room>(id)’: explore current
room(is not fully explored) for underlying target objects. 3) ’go grasp’: go to grasp a specified
target object. 4) ’put’: Place an object into a specified container. 5) ’transport’: Transport holding
objects or containers to the bed and drop them on the bed.

Actions take several steps to finish. It may be costly to go to another room or transport to the bed,
use these actions sparingly.

It will be more efficient to use a container to hold more objects objects and transport to bed at a
time. If i’m holding nothing, just grasp an object i found and then keep on exploring or grasping
another object. Avoid transport only one object to bed which cost more time to transport all objects
except no more goal objects need to transport.

Notice: Represent objects, container and room strictly in the format <name>(id) like <livin-
groom>(1000) <wicker_basket>(5388017).

What I can do: I can hold two things at a time, and they can be objects or containers. I can grasp
ONLY one container at a time and put objects into the holding container to hold more objects at a
time. With a container, I can hold at most four objects (three in the container hold by one hand and
one object on the other hand). Note that a container can contain three objects, and will be lost once
transported to the bed. The room can be explored none/part/all.
Following are provided information for you:

Goal: $GOAL$
$OPPO_NAME$’s plan: $OPPO_SUBPLAN$
State: $MY_PROGRESS$

Answer strictly in this format:
reasoning:
plan:

Figure 16: Prompt for replanning module.
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