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Abstract001

While Large Language Model-based Multi-002
Agent Systems (MAS) consistently outperform003
single-agent systems on complex tasks, their004
intricate interactions introduce critical reliabil-005
ity challenges arising from communication dy-006
namics and role dependencies. Existing Un-007
certainty Quantification methods, typically de-008
signed for single-turn outputs, fail to address009
the unique complexities of the MAS. Specifi-010
cally, these methods struggle with three distinct011
challenges: the cascading uncertainty in multi-012
step reasoning, the variability of inter-agent013
communication paths, and the diversity of com-014
munication topologies. To bridge this gap, we015
introduce MATU, a novel framework that quanti-016
fies uncertainty through tensor decomposition.017
MATU moves beyond analyzing final text outputs018
by representing entire reasoning trajectories as019
embedding matrices and organizing multiple020
execution runs into a higher-order tensor. By021
applying tensor decomposition, we disentangle022
and quantify distinct sources of uncertainty, of-023
fering a comprehensive reliability measure that024
is generalizable across different agent struc-025
tures. We provide comprehensive experiments026
to show that MATU effectively estimates holistic027
and robust uncertainty across diverse tasks and028
communication topologies.029

1 Introduction030

While multi-agent systems (MAS), where multiple031

LLM-based agents collaborate, consistently outper-032

form single-agent systems on complex tasks, their033

complex interactions introduce critical and MAS-034

specific reliability challenges (Li et al., 2023; Wu035

et al., 2024; Wang et al., 2025; Zhang et al., 2024).036

Uncertainty in these systems emerges not from037

a single agent’s isolated error, but from the com-038

plex dynamics of communication, role dependen-039

cies, and consensus-building. A minor, early mis-040

take can irrevocably cascade through the collabora-041

tion. Therefore, Uncertainty Quantification (UQ)042

for MAS is critical, especially when MAS is ap- 043

plied to high-stakes domains such as scientific dis- 044

covery (Lu et al., 2024), healthcare decision sup- 045

port (Kim et al., 2024; Tang et al., 2023), and au- 046

tonomous planning (Silva and Macharet, 2025). 047

For example, in a medical context, an initial agent’s 048

misdiagnosis can steer the entire pipeline toward a 049

confidently asserted but dangerously flawed treat- 050

ment plan and a reliable UQ method could help to 051

mitigate such risks. 052

Uncertainty estimation itself is not a new con- 053

cern in machine learning. For decades, it has been 054

a fundamental part of supervised learning tasks 055

such as regression (Ye et al., 2024) and classifi- 056

cation (Gal and Ghahramani, 2016; Sensoy et al., 057

2018). However, the landscape changes dramat- 058

ically in the era of Large Language Models and 059

their deployment as agents. Unlike traditional su- 060

pervised tasks, LLMs must generate free-form text. 061

This generative nature introduces new uncertainty 062

factors that go beyond classical classification or 063

regression. Recent work has therefore proposed 064

specialized UQ methods for LLMs, focusing on se- 065

mantic consistency such as semantic entropy (Kuhn 066

et al., 2023) and graph-based methods (Lin et al., 067

2023; Da et al., 2024). All these methods rely 068

on natural language inference (NLI) models (Mac- 069

Cartney, 2009) to capture the similarity between 070

the answers. While these techniques have proven 071

useful, most of them concentrate on single-turn 072

outputs from a standalone model. 073

In contrast, the setting of LLM-based agents, es- 074

pecially multi-agent systems, raises a new class of 075

challenges: (1) Multi-step reasoning: Many cur- 076

rent UQ frameworks measure uncertainty by as- 077

sessing outputs’ semantic consistency with NLI 078

models (Kuhn et al., 2023; Lin et al., 2023). This 079

approach fails in the context of multi-step reason- 080

ing for two key reasons. First, applying it only to 081

the final output ignores the rich uncertainty infor- 082

mation embedded in the reasoning process. Second, 083
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a naive attempt to fix this by concatenating entire084

reasoning trajectories into long documents makes085

it difficult for NLI models, which are typically de-086

signed for sentence-pair tasks and have context087

limitations. More importantly, in MAS, uncertainty088

is distributed across heterogeneous agents; an NLI089

model cannot distinguish whether a contradiction090

arises from an individual agent’s hallucination or a091

logical misalignment between two different agents092

during a handoff. (2) Inter-agent communication093

diversity: For the same query, agents may collab-094

orate through different sequences of interactions095

across runs. However, UQ methods that focus on096

semantic diversity are blind to this path diversity.097

(3) Communication topology diversity: Existing098

UQ methods are designed and validated for sin-099

gle models, which represent a fixed computational100

structure. In the MAS ecosystem, however, sys-101

tems are built with diverse communication topolo-102

gies. The effectiveness of a UQ method developed103

for a single model is highly unknown when applied104

to these varied and complex multi-agent structures.105

In this paper, we take a pioneering step toward106

uncertainty estimation for LLM-based multi-agent107

systems by introducing a novel UQ framework of108

Multi-Agent Tensor Uncertainty. To address the109

challenge of multi-step reasoning, MATU moves110

beyond analyzing only the final text, instead repre-111

senting each agent’s entire reasoning trajectory as112

an embedding matrix. To address the challenge of113

inter-agent communication diversity, we aggregate114

multiple runs of the same query to capture variabil-115

ity in how agents interact and exchange informa-116

tion. To address the challenge of communication117

topology diversity, MATU organizes all collected118

trajectories and runs into a higher-order tensor,119

which is inherently generalizable across different120

communication structures. This three-dimensional121

tensor, which is composed of agents, reasoning122

steps, and sampling runs, provides a holistic and123

generalizable way to represent the system’s behav-124

ior. We can then apply tensor decomposition to125

disentangle and quantify the distinct sources of126

uncertainty, offering a comprehensive reliability127

measure at both the response and system levels.128

• We provide the first systematic defini-129

tion of uncertainty quantification for LLM-130

based multi-agent systems, identifying unique131

sources of uncertainty introduced by tool us-132

age, multi-step reasoning, and inter-agent133

communication in MAS.134

• We design MATU, a tensor decomposition- 135

based framework that integrates multi-agent 136

uncertainty signals at both response and run 137

levels, enabling holistic uncertainty estima- 138

tion of multi-agent systems. 139

• We conduct extensive experiments across di- 140

verse tasks with or without tool-usage and 141

communication topologies, and further pro- 142

vide case analyses that illustrate how differ- 143

ent dimensions of uncertainty interact, demon- 144

strating the need for dealing with the new chal- 145

lenge of UQ in multi-agent systems. 146

2 Related Work 147

LLM-based Agents LLMs have evolved into 148

agents capable of solving diverse tasks, including 149

web search (Nakano et al., 2021; Deng et al., 2023), 150

software development (Wang et al., 2021; Yang 151

et al., 2024a), and complex reasoning (Gao et al., 152

2023; Chen et al., 2022), by leveraging tools and 153

historical memory (Yao et al., 2023; Park et al., 154

2023). While single agents are effective, multi- 155

agent systems (MAS) demonstrate superior per- 156

formance through collaboration (Li et al., 2023; 157

Wu et al., 2024). These systems employ varied 158

communication topologies, ranging from static de- 159

signs (Li et al., 2023; Qian et al., 2023; Hong et al., 160

2023; Holt et al., 2023; Zhou et al., 2023) to dy- 161

namic structures (Zhuge et al., 2024; Liu et al., 162

2023; Zhang et al., 2024; Wang et al., 2025). How- 163

ever, the complexity of these interactions poses new 164

challenges for trustworthiness, necessitating uncer- 165

tainty estimation methods that generalize across 166

diverse agent topologies. 167

Uncertainty for Large Language Model While 168

uncertainty quantification is established for tra- 169

ditional regression and classification (Ye et al., 170

2024; Amini et al., 2020; Sensoy et al., 2018; 171

Ovadia et al., 2019), LLMs’ open-ended gener- 172

ation requires distinct approaches. Semantic en- 173

tropy (Kuhn et al., 2023) addresses this but neces- 174

sitates access to token probabilities. For black-box 175

settings, recent works estimate uncertainty by an- 176

alyzing the semantic consistency of generated re- 177

sponses (Lin et al., 2023; Chen and Mueller, 2024; 178

Da et al., 2024; Gao et al., 2024; Hou et al., 2024). 179

These methods typically leverage NLI models to 180

construct similarity matrices and derive uncertainty 181

metrics from graph Laplacian eigenvalues (Lin 182

et al., 2023; Chen and Mueller, 2024; Da et al., 183

2024; Catak and Kuzlu, 2024), or by integrating 184
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multiple uncertainty sources (Chen et al., 2025).185

However, research on UQ for agent systems re-186

mains sparse, with Kirchhof et al. (2025) identify-187

ing key gaps in interactive and underspecification188

uncertainties. Currently, SAUP (Zhao et al., 2025)189

stands as the primary approach, employing situa-190

tional weights for step-wise analysis. However, it191

treats steps independently, overlooking the holistic192

uncertainty of complete reasoning trajectories. In193

this paper, our work bridges this gap by integrating194

both response-level and run-level dynamics for a195

more reliable estimation of uncertainty196

3 Background197

Uncertainty Quantification (UQ) for LLM-based198

agents extends beyond single-agent settings. In199

a multi-agent system (MAS), a set of K agents200

{M1, . . . ,MK} collaboratively generate trajecto-201

ries through communication and multi-step reason-202

ing. For different agents, the model parameter θk203

could be the same or different according to differ-204

ent designs. For different collaboration styles, the205

input of agent Mi might also be different. For ex-206

ample, in a roundabout communication topology,207

the input might be the discussion contexts from208

other agents, while the input might be the assign-209

ment in a star communication topology.210

Considering previous UQ works on LLMs, re-211

peated generations are key for the black-box UQ.212

Therefore, here we also define the repeated genera-213

tions for MAS S. Given an input x, the j-th run of214

the MAS produces a trajectory τ (j) = {y(j,k)1:Tk
}Kk=1,215

where y
(j,k)
1:Tk

denotes the sequence of outputs216

from agent k during run j, and Tk is the number of217

steps taken by agent k. For one task x, everything218

will be fixed, including the role and parameters of219

agents and communication topology. Then, across220

N repeated runs of the MAS, we collect a set of221

trajectories T = {τ (1), τ (2), . . . , τ (N)}.222

Problem 1 (Multi-agent Uncertainty). Given an223

input x and a set of trajectories T generated by a224

MAS across N runs, the goal is to compute an un-225

certainty score U that reflects the variability across226

T . Formally,227

U = F(x, T ),228

where F is an aggregation functional that maps229

the input and the trajectory set to a scalar value230

measuring the overall uncertainty. A lower U in-231

dicates that the MAS consistently produces stable232

and reliable trajectories, while a higher U suggests 233

divergent reasoning, unstable communication, or 234

fragile collaboration among agents. 235

Note that in our definition, each trajectory τ (j) 236

consists of agent-specific sequences y(j,k)1:Tk
, where 237

the horizon length Tk may differ across agents and 238

runs. This variability captures the intrinsic chal- 239

lenges of multi-step reasoning, since errors made 240

in earlier steps can propagate differently depending 241

on the trajectory length, and it also reflects the di- 242

versity of communication topologies, where agents 243

may follow different interaction patterns. 244

4 Method 245

In this section, we present our method MATU in de- 246

tail. MATU is designed for uncertainty quantification 247

of any general multi-agent system in a black-box 248

setting by analyzing the embedding matrices from 249

running trajectories using tensor decomposition. 250

The overall pipeline of MATU can be found at Fig. 1, 251

and we start the introduction by embedding. 252

4.1 Embedding for Multi-step Reasoning 253

Multi-step reasoning poses a fundamental chal- 254

lenge in uncertainty quantification for multi-agent 255

systems. Unlike single-turn settings, where the 256

model outputs a single sentence, multi-agent rea- 257

soning unfolds as a sequence of intermediate steps. 258

Errors introduced in earlier steps can cascade 259

through subsequent ones, while different agents 260

may take trajectories of varying lengths depending 261

on their roles or communication topologies. This 262

variability makes it difficult to directly compare 263

trajectories across repeated runs. 264

To overcome these challenges, we encode each 265

intermediate output, whether a natural language 266

sentence or a tool call result, into a shared latent 267

space using pre-trained embedding models. In de- 268

tail, we treat tool call results as a string as well 269

and use a text embedding model such as Qwen3- 270

Embedding-0.6B. Formally, for the t-th step in 271

trajectory τ (j), we define e
(j)
t ∈ Rd, where d 272

is the embedding dimension. By concatenating 273

the embeddings across all steps in trajectory j 274

and agent k, we construct an embedding matrix 275

E(j,j) ∈ RTj,k×d, where Tj,k denotes the number 276

of steps in that trajectory and agent. This embed- 277

ding construction mitigates the core difficulties of 278

multi-step reasoning by mapping heterogeneous, 279

variable-length, and modality-mixed outputs to a 280

fixed-dimensional semantic space at the step level, 281
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Figure 1: The overall pipeline of MATU. As shown in the figure, MATU could be applied to multi-agent systems
with different communication topologies. We first collect trajectories for a fixed system and task, and then obtain
embedding matrices for each trajectory. Then, we form a ragged tensor by stacking all embedding matrices and
obtain the reconstructed tensor by conducting CP-2 decomposition. Finally, we use the reconstruction losses from
reconstructed tensors with different ranks as the final uncertainty.

thereby decoupling semantic comparability from282

surface form and length. Semantically similar steps,283

even when expressed with different wording or284

produced by different agents or tools, are brought285

closer in the embedding space. Besides, using ad-286

ditional embedding models facilitates step-wise ag-287

gregation without requiring token-level probabili-288

ties and establishes the foundation for subsequent289

tensor representations and decomposition.290

4.2 Tensor Representation for Inter-agent291

Communication292

The second challenge comes from inter-agent com-293

munication. Even when the agent system and the294

task input are fixed, MAS may produce distinct295

communication patterns. Agents can exchange in-296

formation in slightly different orders, generate in-297

termediate responses of different lengths, or invoke298

tools at different points.299

To capture such variability, we represent embed-300

ding matrices from repeated trajectories as a ragged301

tensor (Fegade et al., 2022). In run j ∈ {1, . . . , N},302

each agent k ∈ {1, . . . ,K} produces a trajec-303

tory of length Tj,k, which we embed into a matrix304

E(j,k) ∈ RTj,k×d. We define the ragged object as305

the doubly-indexed matrix collection306

X = {E(j,k) | j = 1, . . . , N ; k = 1, . . . ,K },307

where E(j,k) denotes the stacked embedding matrix308

of agent k in run j. Note that this matrix collection 309

is a three-dimensional ragged tensor. Unlike a stan- 310

dard tensor in RN×T×d that assumes a fixed T , the 311

ragged tensor X allows Tj to vary across runs: 312

E(j,k) ∈ RTj,k×d, Tj,k ̸= Tj′,k′ in general. 313

This representation enables us to aggregate 314

multi-run trajectories into a single mathematical 315

object without discarding the diversity of commu- 316

nication patterns. The variability of inter-agent 317

communication is thus encoded directly into the 318

structure of X , laying the groundwork for decom- 319

position methods that disentangle and quantify the 320

uncertainty it induces. 321

4.3 Tensor Decomposition for Communication 322

Diversity 323

The third challenge arises from communication 324

diversity across different system topologies. Multi- 325

agent systems may be organized in star (Wu et al., 326

2024), chain (Li et al., 2023), or dynamic com- 327

munication structures (Wang et al., 2025), and 328

each topology induces distinct statistical proper- 329

ties in the trajectories it generates. An uncertainty 330

quantification framework must therefore be gen- 331

eral enough to handle arbitrary topologies while 332

remaining sensitive to their structural differences. 333
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To address this, we apply the PARAFAC2 De-334

composition for Ragged Tensors (CP-2), a factor-335

ization method specifically designed to handle ir-336

regular tensor structures (Schenker et al., 2023;337

Perros et al., 2017). Unlike classical tensor decom-338

position, CP-2 operates directly on ragged tensors339

by aligning latent factors across dimensions of vary-340

ing lengths. This property makes CP-2 particularly341

well-suited to our settings with variable lengths.342

Formally, CP-2 seeks a low-rank approximation343

of the ragged tensor X in the form344

X ≈
R∑

r=1

λr u
(1)
r ⊗ u(2)r ⊗ u(3)r ,345

where R is the target rank, λr are scalar weights,346

and u
(1)
r , u

(2)
r , u

(3)
r are latent factors that are de-347

fined so as to respect the irregular lengths in X .348

Through this decomposition, CP-2 captures shared349

patterns across steps, agents, and runs, while pre-350

serving the diversity introduced by different com-351

munication topologies.352

To quantify uncertainty, we perform CP-2 de-353

composition under different ranks R. For each R,354

we reconstruct an approximation X̂R and compute355

the reconstruction loss LR = ∥X − X̂R∥.356

The sequence of losses {LR} reflects how com-357

pressible the set of trajectories is under low-rank358

factors. Higher losses indicate that trajectories can-359

not be explained by a small number of latent com-360

ponents, implying higher uncertainty. To obtain a361

single scalar score, we aggregate the reconstruction362

losses across all considered ranks, defining the final363

uncertainty value as364

U =

Rmax∑
R=1

LR,365

where Rmax denotes the largest rank examined366

during decomposition. This score summarizes the367

degree to which variability in trajectories resists368

compression across different model capacities, and369

thus serves as the overall uncertainty estimate for370

the multi-agent system. By grounding the analysis371

in CP-2 decomposition, our framework can utilize372

the information from ragged tensors and general-373

ize to arbitrary communication topologies while374

maintaining good uncertainty quantification.375

5 Experiments376

We conduct comprehensive experiments to evaluate377

the effectiveness of MATU. Our study is designed to378

answer the following research questions: 379

•RQ1: Does MATU provide more accurate uncer- 380

tainty quantification for multi-agent systems with 381

static design? 382

• RQ2: Does MATU provide more accurate uncer- 383

tainty quantification for multi-agent systems with 384

dynamic design? 385

• RQ3: Does MATU provide more accurate uncer- 386

tainty quantification for multi-agent systems with 387

tool integration? 388

Beyond the research questions, we also provide 389

a detailed case study to show why MATU could work 390

in Appendix C. 391

5.1 Experimental Setup 392

Dataset To comprehensively evaluate MATU, we use 393

four diverse datasets: MATH (mathematical reason- 394

ing) (Hendrycks et al., 2021), MoreHopQA (multi- 395

hop QA) (Schnitzler et al., 2024), MMLU (gen- 396

eral knowledge) (Hendrycks et al., 2020), and Hu- 397

manEval (code generation) (Chen et al., 2021). De- 398

tailed descriptions are provided in Appendix B.1. 399

Multi-agent System. We use multiple MAS with 400

different designs. In detail, we consider using 401

Camel (Li et al., 2023), which consists of an AI 402

User and an AI Assistant with round-robin conver- 403

sation, and AutoGen (Wu et al., 2024), which uses 404

a star agent that assigns tasks to all other agents. 405

Both frameworks use static design. On the other 406

hand, we use AnyMac (Wang et al., 2025), which 407

will dynamically choose the next agent based on 408

the progress as the dynamic multi-agent system. 409

Models For models behind agents, we are using 410

both open-source and closed-source models. For 411

the open-source model, we mainly use Qwen2.5- 412

7B (Bai et al., 2023) and Llama3.1-8B (Dubey 413

et al., 2024), which is the representative open- 414

source model. For closed-source models, we 415

mainly use GPT-4o from OpenAI. 416

Evaluation Metrics Effective uncertainty mea- 417

sures should correlate with response correctness: 418

higher uncertainty should indicate a higher like- 419

lihood of error. Following prior work (Lin et al., 420

2023; Da et al., 2024), we evaluate uncertainty esti- 421

mates by using them to predict whether a generated 422

answer is correct. We report Area Under Receiver 423

Operating Characteristic (AUROC) and Area Un- 424

der Accuracy Rejection Curve (AUARC) as evalua- 425

tion metrics, where a higher AUROC or AUARC 426

demonstrates better uncertainty measures. To 427

compute AUROC and AUARC, the accuracy of 428

each original response is required. To label re- 429

5



Table 1: Comparison of our methods with different base-
lines on various datasets and large language models on
Camel. Best performance has been highlighted.

Methods
GPT-4o Qwen2.5-7B Llama3.1-8B

AUROC AUARC AUROC AUARC AUROC AUARC

Dataset: MATH

Eigv(Agre)-final 0.5698 0.5216 0.5238 0.8466 0.5243 0.6170
Eigv(Agre)-Whole 0.5632 0.5218 0.6784 0.8963 0.5622 0.6346
P(true) 0.5825 0.5592 0.6351 0.8855 0.5421 0.6303
SAUP-Single - - 0.5597 0.8499 0.5244 0.6374
SAUP-Multiple - - 0.6078 0.8722 0.5258 0.6427
MATU 0.6797 0.6160 0.7089 0.9064 0.7354 0.7525

Dataset: MoreHopQA

Eigv(Agre)-final 0.5307 0.3374 0.5631 0.6529 0.5572 0.5644
Eigv(Agre)-Whole 0.5259 0.3319 0.5420 0.6342 0.5398 0.5585
P(true) 0.5480 0.3405 0.5766 0.6512 0.5313 0.5460
SAUP-Single - - 0.5103 0.6211 0.5083 0.5576
SAUP-Multiple - - 0.5386 0.6345 0.5668 0.5798
MATU 0.5555 0.3474 0.6529 0.7226 0.6320 0.6561

Dataset: MMLU

Eigv(Agre)-final 0.5365 0.3304 0.5537 0.8023 0.5161 0.7270
Eigv(Agre)-Whole 0.5341 0.3236 0.5420 0.7995 0.5940 0.7646
P(true) 0.5059 0.3183 0.6846 0.8585 0.6207 0.7964
SAUP-Single - - 0.5233 0.7749 0.5424 0.7361
SAUP-Multiple - - 0.5641 0.8100 0.5289 0.7330
MATU 0.5604 0.3384 0.7149 0.8656 0.7075 0.8427

Table 2: Comparison of our methods with different base-
lines on various datasets and large language models on
AutoGen. Best performance has been highlighted.

Methods
GPT-4o Qwen2.5-7B Llama3.1-8B

AUROC AUARC AUROC AUARC AUROC AUARC

Dataset: MATH

Eigv(Agre)-final 0.5898 0.5826 0.6355 0.4512 0.5912 0.3802
Eigv(Agre)-Whole 0.6015 0.5892 0.6111 0.4326 0.5761 0.3679
P(true) 0.6079 0.5931 0.6524 0.5102 0.6271 0.4571
SAUP-Single - - 0.5268 0.3990 0.6064 0.3830
SAUP-Multiple - - 0.5385 0.4090 0.6334 0.3933
MATU 0.6582 0.6220 0.7146 0.5334 0.7544 0.4687

Dataset: MoreHopQA

Eigv(Agre)-final 0.5311 0.4968 0.5331 0.6678 0.5395 0.5721
Eigv(Agre)-Whole 0.5218 0.4942 0.5323 0.6689 0.5279 0.5642
P(true) 0.5598 0.5033 0.5806 0.7031 0.5515 0.5827
SAUP-Single - - 0.5197 0.6445 0.5422 0.5782
SAUP-Multiple - - 0.5342 0.6708 0.5488 0.5877
MATU 0.5817 0.5237 0.6392 0.7374 0.5989 0.6117

Dataset:MMLU

Eigv(Agre)-final 0.5981 0.5649 0.7105 0.8617 0.5521 0.4288
Eigv(Agre)-Whole 0.5759 0.5438 0.6867 0.8516 0.5316 0.3762
P(true) 0.5802 0.5528 0.6556 0.8363 0.5775 0.4368
SAUP-Single - - 0.6484 0.8552 0.5138 0.3031
SAUP-Multiple - - 0.7193 0.8589 0.5018 0.2973
MATU 0.6277 0.5841 0.7315 0.8833 0.5954 0.4745

sponses as correct or incorrect, we use a reference430

LLM, GPT-5, to provide correctness scores to the431

final answer from MAS.432

Baseline We compare MATU against three433

baselines: P(true) (Kadavath et al., 2022),434

Eigv(Agr) (Lin et al., 2023), and SAUP (Zhao et al.,435

2024). For the Eigv(Agr), we use the final answer436

or every conversation to compute the entailment437

matrix (Bowman et al., 2015), resulting in two dif-438

ferent variants: Eigv(Agr)-Answer and Eigv(Agr)-439

Whole. SAUP is originally designed for one trajec-440

tory, while we collect multiple trajectories. There-441

fore, we use SAUP-Single, which uses the SAUP442

from the first trajectory, and SAUP-Multiple which443

uses the mean SAUP from all trajectories. Please444

note that SAUP is a white-box method so that it445

cannot be applied to closed-source models. More446

introduction can be found at Appendix B.2.447

Implementation Detail For the embedding mod-448

els, we use open-source Qwen3-embedding-0.6B449

to get the fast processing speed. For trajectories,450

we collect 10 trajectories for every task, and we451

use a temperature of 0.9 for every setting. All452

the experiments are conducted on a single Nvidia453

A100-80GB GPU or using an OpenAI API.454

5.2 Performance for Multi-agent System with455

Static Design (RQ1)456

Firstly, to explore how good MATU is for MAS with457

static design, we conduct experiments on Camel (Li458

et al., 2023) and AutoGen (Wu et al., 2024) and 459

three different datasets to demonstrate the perfor- 460

mance comprehensively. The results are shown in 461

Table 1 and Table 2. The results show that: 462

• MATU consistently outperforms all baselines by 463

capturing holistic system-level behavior rather than 464

just final output consistency. While traditional 465

methods like Eigv(Agre) focus on semantic sim- 466

ilarity and SAUP measures step-wise uncertainty 467

independently, MATU integrates the entire reasoning 468

trajectory and multi-run communication patterns 469

into a unified tensor. This approach allows it to 470

identify fragile consensus in the collaborative pro- 471

cess that response-level or single-trajectory mea- 472

sures fail to detect. 473

• MATU shows consistent reliability whether the 474

task involves challenging mathematical reasoning 475

in MATH, multi-hop question-answering in More- 476

hopQA, or broad knowledge synthesis in MMLU. 477

By mapping heterogeneous outputs into a shared 478

embedding space, the method provides a robust reli- 479

ability measure that remains effective regardless of 480

whether the MAS is performing logical deduction 481

or knowledge retrieval. 482

5.3 Performance for Multi-agent System with 483

Dynamic Design (RQ2) 484

To evaluate the performance of MATU in more com- 485

plex, adaptive environments, we extend our evalua- 486

tion to multi-agent systems with dynamic designs. 487
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Table 3: Comparison of our methods with different
baselines on various datasets and large language models
on AnyMac.

Methods
GPT-4o Qwen2.5-7B Llama3.1-8B

AUROC AUARC AUROC AUARC AUROC AUARC

Dataset: MATH

Eigv(Agre)-final 0.6359 0.6133 0.6506 0.8212 0.6340 0.6059
Eigv(Agre)-Whole 0.6308 0.6115 0.6314 0.8081 0.6215 0.5953
P(true) 0.6226 0.6070 0.6602 0.8291 0.6581 0.6225
SAUP-Single - - 0.6261 0.7982 0.6339 0.6008
SAUP-Multiple - - 0.6396 0.8119 0.6477 0.6065
MATU 0.6675 0.6439 0.6966 0.8585 0.7121 0.6518

Dataset: MorehopQA

Eigv(Agre)-final 0.5257 0.3992 0.6079 0.6741 0.6110 0.6369
Eigv(Agre)-Whole 0.5203 0.4010 0.6021 0.6681 0.6034 0.6300
P(true) 0.5455 0.4121 0.6205 0.6853 0.6158 0.6416
SAUP-Single - - 0.6088 0.6770 0.5918 0.6277
SAUP-Multiple - - 0.6242 0.6914 0.6055 0.6322
MATU 0.5671 0.4336 0.6457 0.7029 0.6262 0.6493

Dataset: MMLU

Eigv(Agre)-final 0.5568 0.4952 0.5446 0.7650 0.5321 0.6586
Eigv(Agre)-Whole 0.5641 0.5049 0.5337 0.7433 0.5215 0.6512
P(true) 0.5594 0.4976 0.5552 0.7681 0.5297 0.6632
SAUP-Single - - 0.5048 0.7261 0.5340 0.6542
SAUP-Multiple - - 0.5382 0.7602 0.5382 0.6719
MATU 0.5925 0.5152 0.5821 0.7768 0.5500 0.6797

Unlike static topologies, dynamic systems such as488

AnyMac (Wang et al., 2025) adaptively select the489

next agent during execution based on the evolving490

context of the task. We conduct these experiments491

across the same datasets using both open-source492

models and closed-source architectures (GPT-4o).493

The results for the AnyMac system are detailed in494

Table 3, leading to the following observations:495

• MATU demonstrates superior adaptability to unpre-496

dictable communication sequences by leveraging497

higher-order tensor representations. In dynamic498

systems where the sequence of agent interactions499

varies significantly between runs, traditional se-500

mantic or step-wise baselines struggle to maintain a501

consistent reliability measure. By organizing these502

varied trajectories into a ragged tensor and apply-503

ing tensor decomposition, MATU successfully aligns504

latent factors across dimensions of varying lengths,505

allowing it to outperform the strongest baselines by506

a significant margin in AUROC and AUARC.507

• Comparative analysis of self-evaluation and prop-508

agation baselines underscores the necessity of509

multi-run structural ensembling. Considering all510

experimental results and the baselines, P (true)511

emerges as the most competitive, likely because it512

leverages the LLM’s intrinsic ability to reflect on513

its own non-linear reasoning process. Furthermore,514

the consistent superiority of SAUPMultiple over515

SAUPSingle confirms that a single interaction path516

is a poor proxy for the system’s overall reliability517

in a dynamic environment. 518

5.4 Performance for Multi-agent System with 519

Tool Integration (RQ3) 520

To explore whether MATU can effectively quantify 521

the reliability of collaborative agents when inte- 522

grated with external tools, we conduct experiments 523

on the HumanEval benchmark. This task requires 524

agents not only to reason linguistically but also 525

to synthesize executable code and interact with a 526

Python interpreter, which serves as a functional tool 527

within the multi-agent workflow. We conduct the 528

experiments on llama3, and the results can be found 529

at Fig. 3. The results show that MATU outperforms 530

other baselines on both AUROC and AUARC with 531

the Humaneval dataset, showing the robustness of 532

MATU with code environment and tool integration. 533

5.5 Ablation and Sensitivity Study 534

To further analyze the robustness and key compo- 535

nents of our framework, we conduct a series of 536

ablation and sensitivity experiments on the Camel 537

and the MATH dataset with GPT-4o. 538

Ablation with Input Variants To verify whether 539

raw embedding tensors are superior to traditional 540

distance-based representations, we compare MATU 541

against variants that use Earth Mover’s Distance 542

(EMD) and Cosine Similarity to construct the 543

similarity matrices for decomposition instead of 544

the step-level embedding matrices. As shown in 545

Fig. 2a, MATU consistently yields higher AUROC 546

and AUARC scores, while EMD and Cosine Sim- 547

ilarity fail to capture the granular latent signals 548

within agent trajectories. This confirms that apply- 549

ing tensor decomposition directly to reasoning em- 550

beddings preserves significantly richer multi-agent 551

dynamics than distance-based metrics. 552

Impact of Embedding Models We examine how 553

the choice of the underlying text embedding model 554

affects the precision of uncertainty estimation. We 555

evaluate three models of varying scales: GPT- 556

Embedding, Qwen-0.6B-Embedding, and Qwen- 557

4B-Embedding. The results are shown in Fig. 2b. 558

While larger models like Qwen-4B and GPT- 559

Embedding provide slight performance gains, the 560

difference compared to the Qwen-0.6B model is 561

minimal. We conclude that Qwen-0.6B offers the 562

optimal balance between computational efficiency 563

and accuracy, making it sufficient for UQ. 564

Sensitivity to Embedding Dimensions To deter- 565

mine the optimal latent space dimensionality for 566

representing complex reasoning steps, we evaluate 567
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Figure 2: Results for ablation study and sensitivity study. The results show that our design for MATU and our choices
of the hyperparameter are well-suited.
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Figure 3: Comparison of MATU and baselines on llama3
and the Humaneval dataset. The results show that MATU
can have better results even with tool integration, show-
ing the robustness of MATU.

the system’s performance across dimensions rang-568

ing from 32 to 512. The results in Fig. 2b indicate569

a sharp improvement in both AUROC and AUARC570

as the dimension increases to 256, after which the571

gains become marginal. Consequently, we select572

256 as our default embedding dimension to ensure573

comprehensive representation without incurring re-574

dundant computational overhead.575

5.6 Down-stream Task576

To evaluate the practical utility of MATU in real-577

world deployment, we conduct a backbone selec-578

tion task. This experiment explores whether uncer-579

tainty scores can serve as a reliable signal to select580

the most accurate answer from a pool of differ-581

ent MAS configurations. Specifically, for a given582

query, we generate multiple potential solutions583

across four distinct LLM backbones: Qwen2.5-584

7B (Yang et al., 2024b), Llama3.1-8B (Dubey585

et al., 2024), Qwen3-4B (Yang et al., 2025), and586

Gemma3-4B (Kamath et al., 2025). For each query,587

the system identifies the backbone that yields the588

lowest uncertainty score U and selects its response589

as the final output. We evaluate this routing strat-590

egy by comparing the resulting system accuracy591

when guided by MATU against selection based on592

P (true) 4, SAUP -Multiple, and a random selec- 593

tion baseline on the Camel framework and the 594

MATH dataset. The results are shown in Fig. 4. 595

The results show the superior performance improve- 596

ment using MATU, showing that MATU is a robust tool 597

for backbone selection, which indicates that MATU 598

offers a robust uncertainty value. 599
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50

55

60
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70
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80

85

Ac
cu
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 (%
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Figure 4: Comparison of backbone selection results. A
higher accuracy demonstrates a better selection strategy.
The results show that MATU has a superior performance
improvement on accuracy, indicating that MATU offers a
more robust uncertainty value.

6 Conclusion 600

In this work, we propose MATU, a pioneering frame- 601

work for quantifying uncertainty in LLM-based 602

multi-agent systems by leveraging tensor decompo- 603

sition to capture the holistic dynamics of multi-step 604

reasoning and inter-agent communication. By or- 605

ganizing reasoning trajectories into ragged tensors 606

and analyzing them via PARAFAC2 decomposi- 607

tion, our method effectively disentangles sources of 608

uncertainty across varying communication topolo- 609

gies and run lengths, overcoming the limitations of 610

traditional semantic or step-wise approaches. Ex- 611

tensive experiments on diverse benchmarks demon- 612

strate that MATU consistently outperforms exist- 613

ing baselines in both static and dynamic system 614

designs, while also proving its practicality in down- 615

stream tasks such as backbone model selection. 616
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Limitations617

While MATU demonstrates effectiveness in quanti-618

fying uncertainty for multi-agent systems, we ac-619

knowledge several limitations in our current work.620

First, the core mechanism relies on constructing621

a higher-order tensor from multiple reasoning tra-622

jectories (e.g., N = 10 runs in our experiments),623

meaning the inference cost scales linearly with624

the number of sampled trajectories. Although this625

multi-run paradigm is standard in black-box uncer-626

tainty estimation like Self-Consistency, it inevitably627

consumes more computational resources compared628

to single-pass methods. Second, since MATU de-629

couples semantic meaning from surface form by630

mapping reasoning steps into a latent space, the631

sensitivity and accuracy of our uncertainty quantifi-632

cation are bounded by the quality of the underlying633

embedding model. In highly specialized domains634

where general-purpose embedding models may fail635

to capture subtle semantic nuances, MATU’s per-636

formance might degrade unless domain-specific637

embeddings are employed.638
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A Code909

Sample code can be found at https://anonymous.910

4open.science/r/MATU-5864/README.md.911

B Detailed Experimental Settings912

B.1 Detailed Introduction to Datasets913

• MATH (Hendrycks et al., 2021): A dataset for914

mathematical reasoning that consists of chal-915

lenging competition-level problems across al-916

gebra, geometry and number theory.917

• MoreHopQA (Schnitzler et al., 2024): A918

widely used question-answering dataset re-919

quiring multi-hop text reasoning over920

Wikipedia passages.921

• MMLU (Hendrycks et al., 2020): The922

Massive Multitask Language Understanding923

benchmark, covering 57 subjects. It assesses924

broad knowledge and problem-solving abili-925

ties, making it a strong indicator of general-926

domain reasoning. To avoid the overlap be-927

tween the MATH dataset, when using MMLU,928

we exclude subjects about math.929

• HumanEval (Chen et al., 2021): A code gener-930

ation benchmark consisting of programming931

problems with unit tests. Models are required932

to synthesize correct and executable code solu-933

tions, and we provide a code environment for934

all multi-agent systems as a tool integration.935

B.2 Detailed Introduction to Baselines936

As far as we know, we are the first method that937

targets the uncertainty quantification for MAS. To938

compare our method, we mainly adopt the existing939

methods for LLM or single-agent to multi-agent set-940

tings. In detail, we consider using Eigv(Agr) (Lin941

et al., 2023), which is the sum of eigenvalues for942

graph normalized Laplacian matrix and the graph943

is formed by the entailment matrix (Bowman et al.,944

2015) and P(true) (Kadavath et al., 2022), which945

obtains the uncertainty by directly asking the LLM946

itself. For the Eigv(Agr), we use the final answer or947

every conversation to compute the entailment ma-948

trix, resulting in two different variants: Eigv(Agr)-949

answer and Eigv(Agr)-whole. Besides, we also950

use SAUP (Zhao et al., 2024), which is a white-951

box UQ method for a single agent by calculating952

the weighted sum of entropy for each step. We953

will treat the step from a different agent as each954

step in SAUP to transfer SAUP to a multi-agent set- 955

ting. SAUP is originally designed for one trajectory, 956

while we collect multiple trajectories. Therefore, 957

we use SAUP-Single which uses the SAUP from 958

the first trajectory, and SAUP-Multiple that uses 959

the mean SAUP from all trajectories. 960

C Case Study 961

To qualitatively demonstrate the robustness of 962

MATU against the structural variability of multi- 963

agent interactions, we analyze a representative ex- 964

ample from the MATH dataset with qwen2.5, as 965

illustrated in Table 4. In detail, we have: 966

Question: “What is the distance between the two 967

intersections of y = x2 and x+ y = 1?” 968

Ground Truth: “
√
10” 969

In this experiment, we collected 10 indepen- 970

dent reasoning trajectories. The multi-agent sys- 971

tem demonstrated perfect performance, achieving 972

a 100% accuracy rate by deriving the correct an- 973

swer
√
10 in all runs. However, the trajectories 974

exhibited significant diversity in their communica- 975

tion patterns. While some runs produced concise 976

and direct derivations (Type A), others involved 977

self-correction mechanisms where agents identified 978

and fixed calculation errors (Type B), or contained 979

heavy steps (Type C), resulting in varying trajec- 980

tory lengths with similar core logic when solving 981

the problem. We report the normalized uncertainty 982

values for all methods so that we might compare 983

the uncertainty directly. 984

Analysis of Baselines. Despite the consistency 985

in the final outcome, baseline methods failed to 986

accurately reflect the system’s reliability. SAUP 987

assigned a misleadingly high uncertainty score of 988

0.88. This false positive occurs because SAUP cal- 989

culates uncertainty by accumulating entropy step- 990

by-step. The heavy-step trajectories (Type C), de- 991

spite being logically sound, contained more inter- 992

mediate steps, which artificially inflated the cumu- 993

lative entropy. Consequently, SAUP misinterpreted 994

the surface-level verbosity, which is a byproduct 995

of the communication topology, as semantic insta- 996

bility. Similarly, Eigv-Whole yielded a moderate 997

uncertainty score of 0.35. This suggests that the 998

NLI models used for entailment checking struggled 999

to handle the long contexts and the noise introduced 1000

by self-correction steps, failing to fully recognize 1001

the logical entailment between the diverse reason- 1002

ing paths. 1003
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Case Info Agent Reasoning Trajectories (Key Steps Only) Uncertainty Quantifica-
tion

Problem:
Find the distance
between intersections
of y = x2 and
x+ y = 1.

True Answer:√
10

System Accuracy:
100% (10/10 runs
correct)

Trajectory Type A: Direct & Concise
• Determine intersection coordinates → Calculate distance
Assessment: Ideal path, minimal token generation.

SAUP (Baseline):
0.88 (High)
Issue: High cumulative entropy
from verbose steps.

Eigv-Whole (Baseline):
0.35 (Medium)
Issue: Long contexts dilute NLI
entailment accuracy.

MATU (Ours):
0.05 (Low)
Result: Correctly aligns semantic
intent across diverse paths.

Trajectory Type B: Self-Correction
• Determine coordinates → Correct y-axis calculation error → Get
correct coordinates → Calculate distance
Assessment: Agent successfully recovers from an error.

Trajectory Type C: Verbose (High Step Count)
• Determine coordinates → Get coordinates → . . . (intermediate
steps) . . .→ Calculate distance
Assessment: Logically identical to Type A, but higher step count
increases cumulative entropy.

Table 4: Case Study on Mathematical Reasoning. Despite diverse communication patterns, all agents consistently
reach the correct solution (

√
10). Baselines like SAUP fail due to sensitivity to trajectory length (step count), and

Eigv-Whole struggles with long-context entailment. MATU effectively disentangles surface-level variations from
semantic stability, correctly assigning low uncertainty.

Analysis of MATU. In contrast, MATU cor-1004

rectly quantified the system’s high reliability with1005

a low uncertainty score of 0.05. By leveraging ten-1006

sor decomposition on the reasoning embeddings,1007

MATU effectively disentangles surface-level vari-1008

ations from the underlying semantic content. The1009

tensor structure allows our method to align latent1010

factors across trajectories of different lengths, rec-1011

ognizing that the corrective steps in Type B and1012

the verbose explanations in Type C semantically1013

converge to the same reasoning path as the con-1014

cise Type A. This case highlights MATU’s unique1015

ability to filter out the noise caused by communica-1016

tion diversity, providing a more robust and holistic1017

uncertainty measure for multi-agent systems.1018
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