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Abstract001

Rationality is the quality of being guided by rea-002
son, characterized by decision-making aligned003
with evidence and logical rules. This quality004
is essential for effective problem-solving, as005
it ensures that solutions are well-founded and006
consistently derived. Despite the advancements007
of large language models (LLMs) in generat-008
ing human-like texts with remarkable accuracy,009
they present limited knowledge space, incon-010
sistency across contexts, and difficulty under-011
standing complex scenarios. Therefore, recent012
research focuses on building multi-modal and013
multi-agent systems to achieve considerable014
progress with enhanced consistency and relia-015
bility, instead of relying on a single LLM as016
the sole planning or decision-making agent.017
To that end, this paper aims to understand018
whether multi-modal and multi-agent systems019
are advancing toward rationality by surveying020
the state-of-the-art works, identifying advance-021
ments over single-agent and single-modal sys-022
tems in terms of rationality, and discussing023
open problems and future directions.024

1 Introduction025

Large language models (LLMs) have demonstrated026

promising results across a broad spectrum of tasks,027

particularly in exhibiting capabilities that plausi-028

bly mimic human-like reasoning (Wei et al., 2022;029

Yao et al., 2024; Besta et al., 2024; Shinn et al.,030

2024; Bubeck et al., 2023; Valmeekam et al., 2023;031

Prasad et al., 2023). These models leverage the032

richness of human language to abstract concepts,033

elaborate thinking process, comprehend complex034

user queries, and develop plans and solutions in035

decision-making scenarios. Despite these advances,036

recent research has revealed that even state-of-the-037

art LLMs exhibit various forms of irrational behav-038

iors, such as the framing effect, certainty effect,039

overweighting bias, and conjunction fallacy (Binz040

and Schulz, 2023; Echterhoff et al., 2024; Mukher-041

jee and Chang, 2024; Macmillan-Scott and Mu-042

solesi, 2024; Wang et al., 2024a; Suri et al., 2024). 043

Irrationality undermine the practical deployment 044

of LLMs in critical sectors like healthcare, finance, 045

and legal services (He et al., 2023; Li et al., 2023h; 046

Kang and Liu, 2023; Cheong et al., 2024), where 047

reliability and consistency are paramount. The 048

emerging concern about the factual accuracy and 049

trustworthiness of LLMs highlights an urgent need 050

to develop better agents or agent systems (Naka- 051

jima, 2023; Gravitas, 2023) with rational reasoning 052

processes. 053

A single LLM agent can fall into irrational be- 054

haviors because it cannot go beyond the language 055

model’s inner parametric representations of tex- 056

tual knowledge, lacking the real-world grounding 057

and feedback mechanisms necessary to develop 058

rationality (Bubeck et al., 2023; Sun, 2024). In 059

contrast, in real life scenarios, important decisions 060

are rarely made by individuals on their own, and 061

the complexity of problems often requires the col- 062

laboration of experts from different fields to en- 063

sure rationality (Eisenführ et al., 2010). In a simi- 064

lar vein, recent advancements in multi-modal and 065

multi-agent frameworks leverage the expertise of 066

different agents acting together towards a collective 067

goal. Multi-modal foundation models (Awadalla 068

et al., 2023; Liu et al., 2023a; Wang et al., 2023c; 069

OpenAI, 2023; Reid et al., 2024) enhance reason- 070

ing by grounding decisions in a broader sensory 071

context, akin to how human brains integrate rich 072

sensory inputs to form a more holistic base of 073

knowledge. Meanwhile, multi-agent systems intro- 074

duce mechanisms such as consensus, debate, and 075

self-consistency (Du et al., 2023; Liang et al., 2023; 076

Talebirad and Nadiri, 2023; Madaan et al., 2024; 077

Cohen et al., 2023; Shinn et al., 2024; Mohtashami 078

et al., 2023) to allow for refined and reliable out- 079

put through collaborative interactions. Such sys- 080

tems can also query external knowledge sources 081

or tools (Lewis et al., 2020; Schick et al., 2024; 082

Tang et al., 2023; Pan et al., 2024) to augment their 083
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reasoning capabilities for rational decision making.084

This survey provides a unique lens to reinterpret085

the underlying motivations behind current multi-086

modal and/or multi-agent systems by drawing in-087

sights from cognitive science. In Section 2, we088

outline four essential requirements for rational de-089

cision making. Section 4 then examines how vari-090

ous research areas within the multi-modality and091

multi-agent literature are advancing towards ra-092

tionality based on these criteria. We argue that093

these advancements surpass the limitations of sin-094

gle language-model agents and narrow the gap be-095

tween the behavior of agent systems and the expec-096

tations for rational decision making. Lastly, Sec-097

tion 5 highlights the lack of sufficient evaluation098

metrics and benchmarks in the existing literature099

to adequately measure the rationality of LLMs or100

agent systems. We hope this survey can inspire101

further research at the intersection between agent102

systems and cognitive science.103

2 Defining Rationality104

A rational agent, in short, should respect the reality105

of the world in which it operates and avoid reaching106

contradictory conclusions in decision-making pro-107

cesses. Drawing on foundational works in rational108

decision-making (Tversky and Kahneman, 1988;109

Hastie and Dawes, 2009; Eisenführ et al., 2010),110

this section adopts an axiomatic approach to de-111

fine rationality, presenting four substantive axioms112

that we expect a rational agent or agent systems to113

fulfill:114

Grounding The decision of a rational agent is115

grounded on the physical and factual reality. For116

example, a video generation agent should adhere to117

the laws of physics in a world model and a forecast-118

ing assistant ought to estimate likelihoods obeying119

the law of probability.120

Orderability of Preferences When comparing121

alternatives in a decision scenario, a rational agent122

can rank the options based on the current state and123

ultimately select the most preferred one based on124

the expected outcomes. This orderability consists125

of several key principles, including comparability,126

transitivity closure, solvability, etc. with detailed127

defined in Appexdix A.128

Independence from irrelevant context The129

agent’s preference should not be influenced by in-130

formation irrelevant to the decision-making prob-131

lem at hand.132

Invariance The preference of a rational agent re- 133

mains invariant across equivalent representations of 134

the decision problem, regardless of specific word- 135

ings or modalities. 136

3 Scope 137

Unlike existing surveys (Han et al., 2024; Guo et al., 138

2024; Xie et al., 2024a; Durante et al., 2024; Cui 139

et al., 2024; Xu et al., 2024b; Zhang et al., 2024a; 140

Cheng et al., 2024; Li et al., 2024a) that focus on 141

the components, structures, agent profiling, plan- 142

ning, communications, memories, and applications 143

of multi-modal and/or multi-agent systems, this 144

survey is the first to specifically examine the 145

increasingly important relations between ratio- 146

nality and these multi-modal and multi-agent 147

systems, exploring how they contribute to enhanc- 148

ing the robustness in decision-making processes. 149

We emphasize that rationality, by definition, is 150

not equivalent to reasoning (Khardon and Roth, 151

1997; Huang and Chang, 2022; Zhang et al., 2024a; 152

Qiao et al., 2022), although deeply intertwined. Ra- 153

tionality involves making logically consistent deci- 154

sions grounded with reality, while reasoning refers 155

to the cognitive process of drawing logical infer- 156

ences and conclusions from available information, 157

as illustrated in the following thought experiment: 158

Consider an environment where the in- 159

put space and the output decision space 160

are finite. A lookup table with consis- 161

tent mapping from input to output is in- 162

herently rational, while no reasoning is 163

necessarily present in the mapping. 164

Despite this example, it is still crucial to ac- 165

knowledge that reasoning typically plays a vital 166

role in ensuring rationality, especially in complex 167

and dynamic real-world scenarios where a sim- 168

ple lookup table is insufficient. Agents must pos- 169

sess the ability to reason through novel situations, 170

adapt to changing circumstances, make plans, and 171

achieve rational decisions based on incomplete or 172

uncertain information. 173

4 Towards Rationality through 174

Multi-Modal and Multi-Agent Systems 175

This section surveys recent advancements in multi- 176

modal and multi-agent systems under different re- 177

search categories as depicted in Figure 1. Each 178

category, such as knowledge retrieval or neuro- 179

symbolic reasoning, addresses one or more fun- 180

damental requirements for rational thinking. These 181
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Figure 1: The evolutionary tree of multi-agent and/or multi-modal systems related to the four axioms of rationality.
Many proposed approaches strive to address multiple axioms simultaneously. The bold font marks works that
involve multi-modalities. This tree also includes some foundational works to provide a clearer reference of time.

rationality requirements are typically intertwined:182

an approach that enhances one aspect of rational-183

ity often inherently improves others simultaneously.184

Meanwhile, the overall mechanism of current multi-185

agent system in achieving rationality can catego-186

rized into two key concepts: deliberation and ab-187

straction. Deliberation encourages a slower, itera-188

tive reasoning process, while abstraction refers to189

abstracting the problem into its logical essence.190

Most existing studies do not explicitly base their191

frameworks on rationality in their original writ-192

ings. Our analysis aims to reinterpret these works193

through the lens of our four axioms of rationality,194

offering a novel perspective that bridges existing195

methodologies with rational principles.196

4.1 Towards Grounding & Invariance197

Multi-modal approaches aim to improve informa-198

tion grounding across various channels, such as lan-199

guage, vision, and beyond. By incorporating multi- 200

modal agents, multi-agent systems can greatly ex- 201

pand their capabilities, enabling a richer, more ac- 202

curate, and contextually aware interpretation of the 203

environment. 204

Multi-Modal Foundation Models Grounding an 205

agent solely based on textual language can be chal- 206

lenging, as information can be represented much 207

more efficiently through other sensory modes. As a 208

picture is worth a thousand words, recent advances 209

in large vision-language pretraining have enabled 210

LLMs with robust language comprehension capa- 211

bilities to finally perceive the visual world. Multi- 212

modal foundation models, including but not limited 213

to CLIP (Radford et al., 2021), VLBERT and ViL- 214

BERT (Su et al., 2019; Lu et al., 2019), BLIP-2 (Li 215

et al., 2023d), (Open) Flamingo (Alayrac et al., 216

2022; Awadalla et al., 2023), LLaVA (Liu et al., 217
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2024c, 2023a), CogVLM (Wang et al., 2023c),218

MiniGPT-4 (Zhu et al., 2023a), GPT-4 Vision (Ope-219

nAI, 2023) and GPT-4o (OpenAI, 2024), and Gem-220

ini 1.5 Pro (Reid et al., 2024) serve as the corner-221

stones for multi-modal agent systems to ground222

knowledge in vision and beyond.223

Invariance Across Modalities Achieving rep-224

resentation invariance across modalities is criti-225

cal: given adequate information grounding, agents226

should make consistent decisions across different227

modalities that share equivalent underlying logic.228

Multi-modal foundation models are particularly229

adept at promoting invariance by processing multi-230

modal data in an unified representation. Specif-231

ically, their large-scale cross-modal pretraining232

stage seamlessly tokenizes both vision and lan-233

guage inputs into a joint hidden embedding space,234

learning cross-modal correlations through a data-235

driven approach. In other words, image tokens are236

simply regarded as a foreign language (Wang et al.,237

2022a). Moreover, the cross-modal validation in-238

herent in multi-modal foundation models allows239

for reconciliation of data from different modali-240

ties, closing their distance in the hidden embedding241

space (Radford et al., 2021).242

The concept of invariance is the cornerstone of243

Visual Question Answering (VQA) agents (Chen244

et al., 2022; Jiang et al., 2024; Wang et al., 2023d;245

Yi et al., 2018; Wang et al., 2022a; Bao et al., 2022;246

Zhao and Xu, 2023). On one hand, these agents247

must grasp the invariant semantics of any open-248

ended questions posed about images, maintaining249

consistency despite variations in wording, syntax,250

or language. On the other hand, within a multi-251

agent VQA system, visual agents can provide cru-252

cial verification and support for language-based253

reasoning (Wang et al., 2023d; Jiang et al., 2024;254

Zhao and Xu, 2023), while language queries can255

direct the attention of visual agents, based on a256

shared and invariant underlying knowledge across257

vision and language domains.258

Information Grounding Multi-modalities help259

enhance the functionality of agent systems through260

more diverse information grounding. Web agents261

are a quintessential example of how multi-modal262

agents surpass language-only ones. Because263

HTML code is often lengthy, contains irrelevant264

information, and may be incomplete (Zheng et al.,265

2024a), web navigation grounded on the graphical266

user interface (GUI) offers higher information den-267

sity compared to solely HTML codes. As a result,268

using visual cues from the GUI leads to improved 269

navigation performance (Shen et al., 2024a; Yao 270

et al., 2022a; Deng et al., 2024; Gur et al., 2023). 271

Multi-modalities also help enhance the functional- 272

ity of agent systems through more diverse informa- 273

tion grounding. For example, RA-CM3 (Yasunaga 274

et al., 2022) augments baseline retrieval-augmented 275

LLMs with raw multi-modal documents that in- 276

clude both images and texts, assuming that these 277

two modalities can contextualize each other and 278

make the documents more informative, leading to 279

better generator performance. For other examples, 280

we refer the reader to Appendix B. 281

Knowledge Retrieval & Tool Usage Bounded 282

Rationality (March and Simon, 1958; Selten, 1990) 283

is a concept tailored to cognitively limited agents, 284

suggesting that decision-making is limited by the 285

resources available at hand, and any deviations 286

from the optimal are primarily due to insufficient 287

computational capacity and bounded working mem- 288

ory. In terms of LLMs, the parametric nature of 289

their existing architecture (Vaswani et al., 2017) 290

fundamentally limits how much information they 291

can hold. As a result, in the face of uncertainty, 292

LLMs often hallucinate (Bang et al., 2023; Guer- 293

reiro et al., 2023; Huang et al., 2023), generating 294

outputs that are not supported by the factual reality 295

of the environment. Retrieval-Augmented Genera- 296

tion (RAG) (Lewis et al., 2020) marks a significant 297

milestone in addressing such an inherent limitation 298

of LLMs. Broadly speaking, RAG refers to any 299

mechanism that provides external knowledge to 300

the input context of an LLM and helps it deliver 301

responses with up-to-date, factual, and grounded 302

information , especially in scientific and medi- 303

cal domains. Examples include Chameleon (Lu 304

et al., 2024), Chain-of-Knowledge (Li et al., 2023f), 305

WildfireGPT (Xie et al., 2024b), and Agent Hos- 306

pital (Li et al., 2024b). Specifically, Chain-of- 307

Knowledge (Li et al., 2023f) even discovers that 308

integrating multiple knowledge sources enhances 309

performance by 2.1% compared to using a single 310

source in its experiments. 311

Another line of systems construct large-scale 312

knowledge graphs (KGs) (Hogan et al., 2021) 313

from real-world sources to effectively expand their 314

working memory and improve their task perfor- 315

mance. Specifically, compared to language-only 316

models, MAVEx (Wu et al., 2022) improves sys- 317

tem’s scores by 9.5% compared to an image- 318

only baseline through the integration of knowl- 319
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edge from ConceptNet (Speer et al., 2017) and320

Wikipedia (Wikipedia contributors, 2004). It also321

improves the scores by 8.3% by using the image322

modality for cross-modal validations with an oracle.323

Thanks to the external knowledge base, ReAct (Yao324

et al., 2022b) reduces false positive rates from hal-325

lucination by 8.0% compared to CoT (Wei et al.,326

2022). For more examples, see Appendix C.327

Enabling agents to use tools also expands their328

bounded working memories, akin to retrieving ex-329

ternal knowledge. Toolformer (Schick et al., 2024)330

opens a new era that allows LLMs to use external331

tools via API calls following predefined syntax, ef-332

fectively extending their capabilities beyond their333

intrinsic limitations and enforcing consistent and334

predictable outputs. A multi-agent system can coor-335

dinate agents understanding when and which tool to336

use, which modality of information the tool should337

expect, how to call the corresponding API, and how338

to incorporate outputs from the API calls, which339

anchors subsequent reasoning processes with more340

accurate information beyond their parametric mem-341

ory. For example, VisProg (Gupta and Kemb-342

havi, 2023), ViperGPT (Surís et al., 2023), and343

Parsel (Zelikman et al., 2023) generate Python pro-344

grams to reliably execute subroutines. Gupta and345

Kembhavi (2023); Surís et al. (2023) also invoke346

off-the-shelf models for multimodal assistance. For347

more examples, see Appendix C.348

4.2 Towards Rationality through Deliberation349

Memory is one of the most fundamental cognitive350

processes that lead to reasoning, creativity, learn-351

ing, and even self-consciousness in humans (Solso352

and Kagan, 1979; Craik and Lockhart, 1972; Ley-353

desdorff and Hodgkin, 2017; Johnson-Laird, 1983;354

Laird, 2019; Sun, 2001). Any system that lacks the355

ability to retain information from previous interac-356

tions would struggle to make coherent and rational357

decisions in the long run. In a narrow sense, agent358

memory includes historical information within the359

same conversation (Zhang et al., 2024b). This al-360

lows for deliberation, which is the slower, iterative361

reasoning process to carefully consider information362

and options in order to arrive at more rational and363

well-reasoned decisions.364

Although deliberation may increase the likeli-365

hood of reaching more rational decisions, there is366

no inherent guarantee for rationality via this ap-367

proach. The quality of the decision ultimately368

depends on the accuracy and relevance of the369

grounded information, as well as the soundness370

of the reasoning process. Biases, incomplete infor- 371

mation, and flawed logic can still lead to irrational 372

conclusions even with deliberation. Nonetheless, 373

multiple works have shown that the increase in like- 374

lihood of rational decisions through deliberation 375

is significant and beneficial. For example, multi- 376

round self-reflection prompting strategies that en- 377

courage agents to critically evaluate their previous 378

responses (Shinn et al., 2024; Madaan et al., 2024; 379

Wang et al., 2022b; Zhong et al., 2024; Lu et al., 380

2023). 381

In a broader context, for multi-agent systems, 382

agent memory expands to include historical infor- 383

mation across multiple tasks and agents (Zhang 384

et al., 2024b). This shared memory enables collec- 385

tive deliberation among agents via collaboration, 386

cross-examination, and debates. By leveraging the 387

collective knowledge and experiences of multiple 388

agents, the system can arrive at more comprehen- 389

sive and robust solutions to complex problems. 390

LM vs LM (Cohen et al., 2023), FORD (Xiong 391

et al., 2023), Multi-Agent Debate (Liang et al., 392

2023; Du et al., 2023), DyLAN (Liu et al., 2023c), 393

and Khan et al. (2024) highlight the profound 394

impact of multi-agent collaboration through 395

cross-examination and debates. Specifically, 396

LM vs LM (Cohen et al., 2023) illustrates how 397

its multi-agent framework improves F1 scores 398

by an average of 15.7% compared to the single- 399

agent baseline (Yoshikawa and Okazaki, 2023). 400

FORD (Xiong et al., 2023) reports an accuracy 401

increase up to 4.9% compared to a single LLM. 402

Liang et al. (2023) indicates significant improve- 403

ments in accuracy — 17.0% for translation tasks 404

and 16.0% for reasoning tasks — by employing a 405

multi-agent strategy, effectively bridging the per- 406

formance gap between GPT-3.5 and GPT-4 by 407

harnessing multi-agents. Du et al. (2023) finds 408

that multi-agent debates not only enhance reason- 409

ing performance by 8.0-14.8%, but more impor- 410

tantly, increase factual accuracy by 7.2-15.9%. Dy- 411

LAN (Liu et al., 2023c) observes 3.5-4.1% in ac- 412

curacy improvements over single-agent execution. 413

All these approaches enhance the system’s capabil- 414

ity to capture initial errors, improve factuality in 415

reasoning, and achieve final consensus with fewer 416

inconsistencies. We discuss more examples in 417

Appendix D.1. We also talk about collaboration 418

against jailbreaking in Appendix D.2 and multi- 419

agent evaluation methods in Appendix D.3. 420
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4.3 Towards Rationality through Abstraction421

Independence from irrelevant contexts, invariance,422

and orderability of preferences can be achieved423

simultaneously through the use of tools and neuro-424

symbolic reasoning, because these approaches425

translate natural language queries into standardized426

formats like API calls or symbolic representations,427

which abstract away extraneous details, focus only428

on the underlying logic necessary for the task at429

hand, and enable consistent and deterministic pro-430

cessing of the input.431

Independence from Irrelevant Contexts In432

most cases, tools require translating natural lan-433

guage queries into API calls with predefined syntax.434

Once the APIs and their input arguments are deter-435

mined, the tools will ignore any irrelevant context436

in the original queries, as long as the queries share437

the same underlying logic necessary for the inputs.438

Take Multi-Agent VQA (Jiang et al., 2024) as an ex-439

ample. In this system, a language model provides440

only the relevant object names to the Grounded441

SAM (Ren et al., 2024) component, which func-442

tions as an object detector, rather than passing the443

entire visual question. Other similar examples are444

discussed in Appendix C.445

Neuro-symbolic reasoning is an approach that446

combines neural networks with symbolic systems,447

such as explicit knowledge representation and logi-448

cal reasoning. A multi-agent system incorporating449

symbolic modules can not only understand lan-450

guage queries but also solve them with a level of451

consistency, providing a faithful and transparent452

reasoning process based on well-defined rules that453

adhere to logical principles, which is unachievable454

by a single language model.455

Analogous to the external tool utilization, neuro-456

symbolic modules in a multi-agent system expect457

standardized input formats (Zelikman et al., 2023;458

Pan et al., 2023; Sclar et al., 2023b; Hsu et al.,459

2024; Fang et al., 2024; Yang et al., 2024; Sub-460

ramanian et al., 2024). The only relevant factor461

in this process is the parsed inputs into the prede-462

termined neuro-symbolic programs. For instance,463

Ada (Wong et al., 2023) introduces symbolic oper-464

ators to abstract actions, ensuring that lower-level465

planning models are not compromised by irrele-466

vant information in the queries and observations.467

Without the symbolic action library, a single LLM468

would frequently fail at grounding objects or obey-469

ing environmental conditions, resulting in a signifi-470

cant accuracy gap of approximately 59.0-89.0%.471

Invariance The abstraction provided by sym- 472

bolic representations also allows the multi-agent 473

system to solve language queries with invariance. 474

For example, Logic-LM (Pan et al., 2023) com- 475

bines problem formulating, symbolic reasoning, 476

and result interpreting agents, where the symbolic 477

reasoner empowers LLMs with deterministic sym- 478

bolic solvers to perform inference, ensuring a cor- 479

rect answer is consistently chosen. Its multi-agent 480

framework also encourages self-refinement that 481

modifies logical formulation errors using error mes- 482

sages from the symbolic reasoner as the feedback. 483

For more examples, see Appendix E. 484

Orderability of Preferences In explicit scenar- 485

ios, logical modules can directly compare the or- 486

der of options represented as variables—such as 487

“left" or “right" in relational logic (Hsu et al., 488

2024)—rather than relying on a single LLM to 489

generate responses indeterministically within the 490

natural language space. In more complex situa- 491

tions, systems like Binder (Cheng et al., 2022), 492

Parsel (Zelikman et al., 2023), LEFT (Hsu et al., 493

2024), and Fang et al. (2024) decompose tasks into 494

planning, parsing, and execution, where the sym- 495

bolic reasoning agents can help maintain a coherent 496

order of preferences among symbolic options in the 497

system outputs. By skipping the symbolic module, 498

Parsel (Zelikman et al., 2023) observes a substan- 499

tial performance drop of 19.5%. LEFT (Hsu et al., 500

2024) also outperforms end-to-end baselines with- 501

out symbolic programs by 3.85% on average across 502

multiple experiments. 503

Recent work has also explored applying ex- 504

pected utility theory (Von Neumann and Mor- 505

genstern, 2007) to improve the decision-making 506

capabilities of language models. For example, 507

DeLLMa (Liu et al., 2024e) decomposes complex 508

decision problems into subtasks, assigns utilities to 509

different outcomes, and selects actions that maxi- 510

mize expected utility. 511

5 Evaluating Rationality of Agents 512

The amount of studies for testing rationality in 513

multi-modal and multi-agent systems remains 514

scant, despite the growing interest in the field. 515

While there are numerous reasoning benchmarks 516

available (Talmor et al., 2019; Liu et al., 2021; Yang 517

et al., 2018; Hendrycks et al., 2021), they do not 518

directly measure rationality. Many of these bench- 519

marks fail to prove whether reasoning is actually 520

used in solving the tasks, leaving no guarantee that 521
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these tasks will be solved consistently when gener-522

alized to other representations or domains. Issues523

such as data contamination (Magar and Schwartz,524

2022; Dong et al., 2024; Sainz et al., 2023; Jacovi525

et al., 2023) further compound the problem, as526

some benchmarks may inadvertently include the527

training data of these LLMs, leading to inflated528

performance scores. Hence, even though solid rea-529

soning will imply rationality, existing approaches530

fall short in making the logic click. In this sec-531

tion, we point to several existing ingredients that532

can constitute the bread-and-butter of future gener-533

ations of evaluation approaches for rationality.534

Adapting Cognitive Psychology Experiments535

Recent works propose adapting vignette-based ex-536

periments borrowed from cognitive psychology to537

test whether LLMs are susceptible to cognitive bi-538

ases and fallacies. For instance, Binz and Schulz539

(2023) tested GPT-3 on the conjunction fallacy,540

finding that they exhibit human-like biases. How-541

ever, many of these approaches are informal and542

subjective, failing to scale in a way that allows for543

drawing statistically significant conclusions. More-544

over, LLMs may be subject to cognitive biases not545

existent in humans, such as the hypothetical "al-546

gorithmic bias" proposed by Bender et al. (2021),547

which could lead to unintended consequences in548

decision-making tasks. Further research is needed549

to uncover and characterize these potential biases.550

Testing against Hallucination Information551

grounding is usually evaluated by the level of552

hallucination (Bang et al., 2023; Guerreiro et al.,553

2023; Huang et al., 2023). Multiple evaluation554

benchmarks targeting language-only dialogue555

have been proposed, such as BEGIN (Dziri556

et al., 2022b), HaluEval (Li et al., 2023e),557

DialFact (Gupta et al., 2021), FaithDial (Dziri558

et al., 2022a), AIS (Rashkin et al., 2023), and559

others (Zheng et al., 2023b; Das et al., 2023;560

Cao et al., 2021). In contrast, benchmarks on561

multi-agent frameworks or those involving562

multi-modalities beyond language dialogue563

are very limited. We find that Liu et al. (2024a)564

moves beyond conversation to code generation,565

EureQA (Li et al., 2023a) focuses on reasoning566

chains, and TofuEval (Tang et al., 2024) evaluates567

hallucination in multi-domain summarization.568

Object hallucination (Rohrbach et al., 2018;569

Biten et al., 2022), POPE (Li et al., 2023g),570

and LLaVA-RLHF (Sun et al., 2023b) are the571

few examples evaluating multi-modal hallucina-572

tion. The community needs more hallucination 573

benchmarks to quantitatively evaluate the extent 574

to which multi-modal and multi-agents reduce 575

hallucinations in comparison with baselines. 576

Testing the Orderability of Preference There 577

are almost no benchmarks for evaluating whether 578

LLMs or agents have a consistent preference in 579

the selection of available options. The Multiple 580

Choice Problem (MCP) serves as a common test- 581

ing ground. Zheng et al. (2023a) shows that LLMs 582

are susceptible to changes in the positioning of 583

options. Since the underlying logic remains the 584

same, it also makes LLMs fail to pass the prop- 585

erty of invariance. Although there are many MCP 586

benchmarks (PaperswithcodeMCQA), they focus 587

on the accuracy of selections and overlook the con- 588

sistency of preference. However, Robinson et al. 589

(2023) highlights that the Proportion of Plurality 590

Agreement (PPA) offers a measure of order invari- 591

ance that does not depend on the model’s ability to 592

perform a task, suggesting a promising direction. 593

Testing the Principle of Invariance Recent 594

studies concerning data contamination investigate 595

whether LLMs can generate consistent responses 596

across different, yet inherently equivalent, framing 597

of the same task. These studies introduce pertur- 598

bations to the original task descriptions to assess 599

whether LLMs’ responses will change significantly. 600

Perturbation techniques include modifying instruc- 601

tion templates (Weber et al., 2023), paraphrasing 602

task descriptions (Yang et al., 2023; Ohmer et al., 603

2024), or altering the order of in-context learning 604

exemplars (Lu et al., 2021; Pecher et al., 2024). 605

For more details on these techniques, we refer the 606

reader to Appendix F.2. It is crucial to recognize 607

that these perturbations are superficial: the altered 608

task descriptions remain syntactically and semanti- 609

cally equivalent to their originals, although linguis- 610

tic expressions or narratives may vary substantially. 611

Methods that go beyond surface-level perturbations 612

are needed to evaluate the robustness and invari- 613

ance of LLMs across diverse problem framings and 614

modalities effectively. 615

Testing Independence from Irrelevant Context 616

Studies such as Shi et al. (2023), Wu et al. (2024), 617

Liu et al. (2024d), and Yoran et al. (2023) have 618

explored the phenomenon of “lost-in-context" by 619

introducing random or misleading sentences into 620

original problem statements. While earlier bench- 621

marks like those from Weston et al. (2015), Sinha 622

7



et al. (2019), Clark et al. (2020), and Webson and623

Pavlick (2021) have included irrelevant content,624

they have been predominantly limited to language625

modalities and single-agent systems. Recent bench-626

marks such as MileBench (Song et al., 2024), Me-627

mentos (Wang et al., 2024c), Seed-bench-2 (Li628

et al., 2023b), and DEMON (Li et al., 2023c) begin629

to evaluate multi-modal agents in long context or630

image sequences, where accurately responding to631

a specific question requires isolating only the rele-632

vant information from the long context window.633

6 Open Problems and Future Directions634

Inherent Rationality It is important to under-635

stand that the notion of multi-modal or multi-agent636

systems does not inherently imply rationality. Cur-637

rent methods are neither sufficient nor neces-638

sary, but they serve as instrumental tools that639

bridge the gap between an LLM’s response and640

rationality. These approaches enable multi-agent641

systems, which are black boxes from the user’s642

perspective, to more closely mimic rational think-643

ing in their output responses. However, despite644

these more rational responses elicited from multi-645

modal and multi-agent systems, the challenge of646

how to effectively close the loop and bake these en-647

hanced outputs back into foundation models them-648

selves (Zhao et al., 2024) beyond mere fine-tuning649

remains an open question. In other words, can we650

leverage these more rational outputs to inherently651

enhance a single foundation model’s rationality in652

its initial responses in future applications?653

More Comprehensive Evaluation on Rationality654

Section 4 thoroughly compares multi-modal and655

multi-agent systems over their LLM-based single-656

agent baselines. However, the choices of evalua-657

tion metrics are important (Schaeffer et al., 2024);658

these examples predominantly focus on the accu-659

racy of their final performance, ignoring the most660

interesting intermediate reasoning steps and the661

concept of rationality. Section 5 furthermore ac-662

knowledges that while there have been some efforts663

to assess the rationality of agent systems, the field664

still lacks comprehensive and rigorous evaluation665

metrics. Moreover, most existing benchmarks666

on rationality provide limited comparisons be-667

tween multi-agent frameworks and single-agent668

baselines, thus failing to fully elucidate the advan-669

tages multi-agent frameworks can offer.670

Future research should prioritize the develop-671

ment of more robust and scalable methods for eval-672

uating rationality, taking into account unique chal- 673

lenges and biases posed by agents. A promising 674

direction is to create methods specifically tai- 675

lored to assess rationality, going beyond existing 676

ones on accuracy. These new methods should 677

avoid data contamination and emphasize tasks that 678

demand consistent reasoning across diverse repre- 679

sentations and domains. There is a need for more 680

rigorous and large-scale studies on the principles 681

of invariance and orderability of preference, to- 682

gether with their applications to testing rationality 683

in agent systems. This would involve developing 684

more sophisticated perturbation methods that probe 685

the consistency of reasoning at a deeper level, as 686

well as designing experiments that yield statisti- 687

cally significant results. 688

Encouraging More Multi-Modal Agents in 689

Multi-Agent Systems Research into the integra- 690

tion of multi-modality within multi-agent systems 691

would be promising. Fields such as multi-agent de- 692

bate, collaboration, and neuro-symbolic reasoning, 693

as shown in Figure 1, currently under-utilize the po- 694

tential of multi-modal sensory inputs. We believe 695

that expanding the role of multi-modalities, includ- 696

ing but not limited to vision, sounds, and structured 697

data could significantly enhance the capabilities 698

and rationality of multi-agent systems. 699

7 Conclusions 700

This survey builds connections between multi- 701

modal and multi-agent systems with rationality, 702

guided by dual-process theories and the four ax- 703

ioms we expect a rational agent or agent systems 704

should satisfy: grounding, orderability of prefer- 705

ence, independence from irrelevant context, and 706

invariance. Our findings suggest that the ground- 707

ing can usually be enhanced by multi-modalities, 708

knowledge retrieval, and tool utilization. The re- 709

maining three axioms are typically intertwined, 710

and often simultaneously improved via deliberation 711

(slow, iterative thinking process) and abstraction 712

(distilling the logical essence). 713

Collaboration between the AI research commu- 714

nity and cognitive psychologists could be partic- 715

ularly fruitful. We need better evaluation bench- 716

marks on the rationality of agents, more explo- 717

ration to mitigate cognitive biases in multi-modal 718

and multi-agent systems, and deeper understand- 719

ing of how these biases arise and how they can 720

be mitigated, ultimately enhancing rationality in 721

decision-making processes. 722
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8 Limitations723

The fields of multi-modal and multi-agent systems724

are rapidly evolving. Despite our best efforts, it725

is inherently impossible to encompass all related726

works within the scope of this survey. Our discus-727

sion also possesses limited mention of the reason-728

ing capabilities, theory of mind in machine psychol-729

ogy, and cognitive architectures, all of which lie730

beyond the scope of this survey but are crucial for a731

deeper understanding of LLMs and agent systems.732

Furthermore, the concept of rationality in human733

cognitive science may encompass more principles734

and axioms than those defined in our survey.735
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A Orderability of Preferences. 1769

Comparability When faced with any two alternatives A and B, the agent should have at least a weak 1770

preference, i.e., A ⪰ B or B ⪰ A. This means that the agent can compare any pair of alternatives and 1771

determine which one is preferred or if they are equally preferred. 1772

Transitivity If the agent prefers A to B and B to C, then the agent must prefer A to C. This ensures that 1773

the agent’s preferences are consistent and logical across multiple comparisons. 1774

Closure If A and B are in the alternative set S, then any probabilistic combination of A and B (denoted 1775

as ApB) should also be in S. This principle ensures that the set of alternatives is closed under probability 1776

mixtures. 1777

Distribution of probabilities across alternatives If A and B are in S, then the probability mixture of 1778

(ApB) and B, denoted as [(ApB)qB], should be indifferent to the probability mixture of A and B, denoted 1779

as (ApqB). This principle ensures consistency in the agent’s preferences when dealing with probability 1780

mixtures of alternatives. 1781

Solvability When faced with three alternatives A, B, and C, with the preference order A ⪰ B ⪰ C, 1782

there should be some probabilistic way of combining A and C such that the agent is indifferent between 1783

choosing B or this combination. In other words, the agent should be able to find a solution to the decision 1784

problem by making trade-offs between alternatives. 1785

1786

One consequence of the orderability is the concept of dominance: If alternative A is better 1787

than alternative B in terms of one attribute and at least as good in terms of all other attributes, the 1788

dominant option A should be chosen. An example of a fallacy that violates dominance is the sunk cost 1789

fallacy, where an agent continues to invest in a suboptimal alternative due to past investments, despite the 1790

availability of better options based on future outcomes. 1791

B Information Grounding 1792

Web agents are a quintessential example of how multi-modal agents surpass language-only ones. In agents 1793

like Pix2Act (Shaw et al., 2024), WebGUM (Furuta et al., 2023), CogAgent(Hong et al., 2023b), and 1794

SeeAct (Zheng et al., 2024a), web navigation is grounded on graphical user interface (GUI) rather than 1795

solely on HTML texts (Shen et al., 2024a; Yao et al., 2022a; Deng et al., 2024; Gur et al., 2023). This 1796

method of visual grounding offers higher information density compared to HTML codes that are usually 1797

lengthy, noisy, and sometimes even incomplete (Zheng et al., 2024a). Supporting the importance of vision, 1798

ablation studies in WebGUM (Furuta et al., 2023) also reports 5.5% success rate improvement on the 1799

MiniWoB++ dataset (Shi et al., 2017; Liu et al., 2018) by simply adding the image modality. 1800

Multi-modalities also help enhance the functionality of agent systems through more diverse information 1801

grounding. For example, Chain-of-Action (Pan et al., 2024) advances the single-modal Search-in- 1802

the-Chain (Xu et al., 2023) by supporting multi-modal data retrieval for faithful question answering. 1803

DoraemonGPT (Yang et al., 2024) decomposes complex tasks into simpler ones toward understanding 1804

dynamic scenes, where multi-modal understanding is necessary for spatial-temporal videos analysis. 1805

RA-CM3 (Yasunaga et al., 2022) augments baseline retrieval-augmented LLMs with raw multi-modal 1806

documents that include both images and texts, assuming that these two modalities can contextualize 1807

each other and make the documents more informative, leading to better generator performance. The 1808

multi-modal capabilities also allow HuggingGPT (Shen et al., 2024b), Agent LUMOS (Yin et al., 2023), 1809

ToolAlpaca (Tang et al., 2023), and AssistGPT (Gao et al., 2023b) to expand the scope of tasks they can 1810

address, including cooperation among specialized agents or tools capable of handling different information 1811

modalities. 1812

Large world models is an emerging and promising direction to reduce multi-modal hallucinations. The 1813

notion is also mentioned in “Objective-driven AI" (LeCun, 2024), where agents have behavior driven by 1814

fulfilling objectives and they understand how the world works with common sense knowledge, beyond an 1815

auto-regressive generation. For example, Large World Model (LWM) (Liu et al., 2024b) and Sora (Brooks 1816

19



et al., 2024) develop insights from both textual knowledge and the world through video sequences.1817

Although these models both advance toward general-purpose simulators of the world, they still lack reliable1818

physical engines for guaranteed grounding in real-world dynamics. Ghost-in-the-Minecraft (Zhu et al.,1819

2023b) and Voyager (Wang et al., 2023a) have agents living in a well-defined game-world environment.1820

JEPA (LeCun, 2022) creates a recurrent world model in an abstract representation space.1821

C Knowledge Retrieval & Tool Usage1822

CuriousLLM (Yang and Zhu, 2024) presents ablation studies showing the effectiveness of KGs on1823

improving reasoning within the search process. MineDojo (Fan et al., 2022) observes that internet-scale1824

multi-modal knowledge allows models to significantly outperform all creative task baselines. Equipped1825

with world knowledge, RA-CM3 (Yasunaga et al., 2022) can finally generate faithful images from captions1826

compared to CM3 (Aghajanyan et al., 2022) and Stable Diffusion (Rombach et al., 2022). CooperKGC (Ye1827

et al., 2023) enables multi-agent collaborations, leveraging knowledge bases of different experts. It finds1828

that the incorporation of KGs improves F1 scores by 10.0-33.6% across different backgrounds, and adding1829

more collaboration rounds also enhance performance by about 10.0-30.0%. DoraemonGPT (Yang et al.,1830

2024) supports knowledge tools to assist the understanding of specialized video contents. SIRI (Wang et al.,1831

2023d) builds a multi-view knowledge base to increase the explainability of visual question answering.1832

A multi-agent system can coordinate agents understanding when and which tool to use, which modality1833

of information the tool should expect, how to call the corresponding API, and how to incorporate outputs1834

from the API calls, which anchors subsequent reasoning processes with more accurate information beyond1835

their parametric memory. For example, VisProg (Gupta and Kembhavi, 2023), ViperGPT (Surís et al.,1836

2023), and Parsel (Zelikman et al., 2023) generate Python programs to reliably execute subroutines. Gupta1837

and Kembhavi (2023); Surís et al. (2023) also invoke off-the-shelf models for multimodal assistance.1838

Foundation models are not specifically trained for object detection or segmentation, so BuboGPT (Zhao1839

et al., 2023) and Multi-Agent VQA (Jiang et al., 2024) call SAM (Kirillov et al., 2023; Ren et al., 2024)1840

as the tool. Besides, BabyAGI (Nakajima, 2023), Chamelon (Lu et al., 2024), AssistGPT (Gao et al.,1841

2023b), Avis (Hu et al., 2024), ToolAlpaca (Tang et al., 2023), MetaGPT (Hong et al., 2023a), Agent1842

LUMOS (Yin et al., 2023), AutoAct (Qiao et al., 2024), α-UMi (Shen et al., 2024a), and ConAgents (Shi1843

et al., 2024) harness compositional reasoning to enable generalized multi-agent systems with planning1844

and modular tool-using capabilities in real-world scenarios.1845

In most cases, tools require translating natural language queries into API calls with predefined syntax.1846

Once the APIs and their input arguments are determined, the tools will ignore any irrelevant context1847

in the original queries, as long as the queries share the same underlying logic necessary for the inputs.1848

Take Multi-Agent VQA (Jiang et al., 2024) as an example. In this system, a language model provides1849

only the relevant object names to the Grounded SAM (Ren et al., 2024) component, which functions1850

as an object detector, rather than passing the entire visual question. Similarly, the image editing tools1851

in VisProg (Gupta and Kembhavi, 2023) only receive a fixed set of arguments translated from user1852

queries to perform deterministic code executions. SeeAct (Zheng et al., 2024a) as a Web agent explores1853

vision-language models, ranking models, and a bounding box annotation tool to improve Web elements1854

grounding from lengthy and noisy HTML codes.1855

D Collective Deliberation among Agents1856

D.1 More Examples on Multi-Agent Collaborations1857

Corex (Sun et al., 2023a) finds that orchestrating multiple agents to work together yields better complex1858

reasoning results, exceeding strong single-agent baselines (Wang et al., 2022b) by an average of 1.1-10.6%.1859

Retroformer (Yao et al., 2023) equips the single-agent Reflexion (Shinn et al., 2024) algorithm with an1860

additional LLM to generate verbal reinforcement cues and assist its self-improvement, enhancing accuracy1861

by 1.0-20.9%. MetaAgents (Li et al., 2023i) effectively coordinate agents within task-oriented social1862

contexts to achieve consistent behavior patterns, and the implementation of agent reflection in this system1863

leads to a 21.0% improvement in success rates. Multi-agent debating in Khan et al. (2024) also leads to1864

more truthful answers, boosting single-agent baselines by 28.0%. Multi-Agent Collaboration (Talebirad1865
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and Nadiri, 2023), ChatDev (Qian et al., 2023), AgentCF (Zhang et al., 2023), AutoGen (Wu et al., 2023), 1866

Social Learning (Mohtashami et al., 2023), S3 (Gao et al., 2023a), Ke et al. (2024), and Chern et al. 1867

(2024) continue to push the frontier of a multi-agent system’s applications beyond daily conversation to a 1868

versatile set of real-world task completions. 1869

D.2 Collaboration Againt Jailbreaking 1870

LLMs are also sensitive to prompt perturbations due to token bias and noises (Sclar et al., 2023a). One of 1871

the most worrying examples are adversarial attacks (Gehman et al., 2020; Ganguli et al., 2022; Du et al., 1872

2022; Wei et al., 2024; Perez et al., 2022; Zou et al., 2023) through malicious prompt engineering. These 1873

attacks, also known as the Red Team Task, also named the Red Team Task, involve malicious prompt 1874

engineering designed to exploit vulnerabilities in the model. To combat this issue, Chern et al. (2024) 1875

propose a multi-agent debating approach involving agents with harmless, neutral, or harmful intentions. 1876

The authors demonstrate that engaging these agents in multi-round, multi-agent debate is more effective 1877

in improving the model’s robustness against adversarial prompt variations and perturbations compared to 1878

a single-agent with self-reflection prompts. 1879

D.3 Collaboration on LLM-based Evaluation 1880

LLM-based evaluation methods are popular in assessing open-ended language responses. Stureborg et al. 1881

(2024); Koo et al. (2023) point out LLMs often present cognitive biases in their evaluations, favoring certain 1882

types of responses over others regardless of the actual quality or relevance of the respective responses. 1883

To establish a more coherent preference orderability aligned with human preference. ChatEval (Chan 1884

et al., 2023) introduces a multi-agent debate framework to mimic human annotators collaborating in 1885

robust answer evaluations. Its multi-agent approach achieves greater alignment with human preferences 1886

compared to single-agent evaluations, enhancing accuracy by 6.2% for GPT-3.5 and 2.5% for GPT-4, and 1887

an increase of 16.3% and 10.0% in average Spearman and Kendall-Tau correlations (Zhong et al., 2022) 1888

with human judgements in GPT-4. 1889

D.4 The Orderability of Preferences Matters for LLM-based Evaluations 1890

This section talks about LLM-based evaluation rather than evaluating the rationality of LLMs discussed in 1891

Section 5. Recent research underscores a critical need for more rational LLM-based evaluation methods, 1892

particularly for assessing open-ended language responses. CoBBLEr (Koo et al., 2023) provides a 1893

cognitive bias benchmark for evaluating LLMs as evaluators, revealing a preference for their own outputs 1894

over those from other LLMs. Stureborg et al. (2024) argues that LLMs are biased evaluators towards more 1895

familiar tokens and previous predictions, and exhibit strong self-inconsistency in the score distribution. 1896

Luo et al. (2023); Shen et al. (2023); Gao et al. (2023c); Wang et al. (2023b); Chen et al. (2023); Chiang 1897

and Lee (2023); Zheng et al. (2024b); Fu et al. (2023); Liu et al. (2023b) also point out the problem with a 1898

single LLM as the evaluator, with concerns over factual and rating inconsistencies, a high dependency 1899

on prompt design, a low correlation with human evaluations, and struggles with the comparison. As a 1900

result, having a coherent orderability of preferences aligned with human preference becomes increasingly 1901

important. 1902

Multi-agent systems might be a possible remedy. By involving multiple evaluative agents from diverse 1903

perspectives, it becomes possible to achieve a more balanced and consistent orderability of preferences. 1904

For instance, ChatEval (Chan et al., 2023) posits that a multi-agent debate evaluation usually offers 1905

judgments that are better aligned with human annotators compared to single-agent ones. Bai et al. (2024) 1906

also finds decentralized methods yield fairer evaluation results. 1907

E Neuro-Symbolic Reasoning 1908

Logic-LM (Pan et al., 2023) combines problem formulating, symbolic reasoning, and result interpreting 1909

agents, where the symbolic reasoner empowers LLMs with deterministic symbolic solvers to perform 1910

inference, ensuring a correct answer is consistently chosen. Its multi-agent framework also encourages 1911

self-refinement that modifies logical formulation errors using error messages from the symbolic reasoner 1912

as the feedback. Besides, SymbolicToM (Sclar et al., 2023b) and KRISP (Marino et al., 2021) construct 1913
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explicit symbolic graphs and answer questions by retrieving nodes in the graph. Binder (Cheng et al.,1914

2022), Parsel (Zelikman et al., 2023), LEFT (Hsu et al., 2024), and Fang et al. (2024) decompose tasks1915

into planning, parsing, and execution, where the symbolic reasoning agents can help maintain a coherent1916

order of preferences among symbolic options in the system outputs.1917

F Evaluating Rationality1918

F.1 Benchmarks for Hallucination1919

Multiple evaluation benchmarks targeting language-only dialogue have been proposed, such as BE-1920

GIN (Dziri et al., 2022b), HaluEval (Li et al., 2023e), DialFact (Gupta et al., 2021), FaithDial (Dziri1921

et al., 2022a), AIS (Rashkin et al., 2023), and others (Zheng et al., 2023b; Das et al., 2023; Cao et al.,1922

2021). In contrast, benchmarks on multi-agent frameworks beyond language dialogue or those involving1923

multi-modalities are very limited. Liu et al. (2024a) moves beyond conversation to code generation;1924

EureQA (Li et al., 2023a) focuses on reasoning chains; and TofuEval (Tang et al., 2024) evaluates1925

hallucination in multi-domain summarization. Object hallucination (Rohrbach et al., 2018; Biten et al.,1926

2022), POPE (Li et al., 2023g), and LLaVA-RLHF (Sun et al., 2023b) are the few examples evaluating1927

multi-modal hallucination.1928

F.2 Perturbation Techniques1929

Perturbation techniques typically involve some versions of paraphrasing or permutation. Paraphrasing1930

includes changing the instruction templates (Weber et al., 2023), rewording task descriptions (Yang et al.,1931

2023; Ohmer et al., 2024; Wang et al., 2024b), translating the prompts into a different language (Ohmer1932

et al., 2023, 2024; Xu et al., 2024a) and then back to the original language (Yang et al., 2023), and making1933

subtle changes to entities in task descriptions without affecting the logical structure, like altering names1934

of the characters, numerical values in math problems, or locations of the events (Wang et al., 2024b).1935

Permutation also includes reordering in-context learning examples (Lu et al., 2021; Pecher et al., 2024)1936

and, in the case of multiple-choice questions, rearranging the options (Zong et al., 2023; Zheng et al.,1937

2023a).1938
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