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Abstract001

Communication is a central but underexamined002
design choice in multi-agent language systems.003
While prior work relies on fixed interaction pat-004
terns, it remains unclear how communication005
structure itself shapes reliability, efficiency, and006
explainability. We present a communication-007
centric analysis that isolates communication008
design within a fixed document-grounded meta-009
analysis pipeline. By varying communication010
topology, interaction protocol, and message011
constraints only during quality-control stages,012
we enable controlled comparison across task-013
compatible designs. Using task-grounded met-014
rics, we show that communication structure015
induces fundamental trade-offs. Highly con-016
nected interaction maximizes error correction017
but incurs high coordination cost and diffuses018
responsibility, whereas structured topologies019
such as committee-based and hierarchical ver-020
ification achieve competitive reliability at sig-021
nificantly lower cost Our results demonstrate022
that communication structure is a primary deter-023
minant of multi-agent reasoning behavior and024
should be treated as a methodological choice025
rather than an implementation detail.026

1 Introduction027

Large language models are increasingly deployed028

as multi-agent systems to address complex rea-029

soning tasks that exceed the reliability of a sin-030

gle model instance. By decomposing problems031

across multiple agents and introducing interaction,032

prior work has demonstrated improvements in ro-033

bustness, error correction, and calibration across034

tasks such as question answering, planning, and035

document-grounded reasoning (Wang et al., 2022;036

Du et al., 2023; Choi et al., 2025) , as well as inter-037

active agent-based systems that model sustained be-038

havior and decision-making over time (Park et al.,039

2023).040

Despite this progress, the design of inter-agent041

communication is rarely treated as a methodolog-042

ical object of study. Most existing systems adopt 043

a small number of implicit communication pat- 044

terns—such as fully connected debate, centralized 045

aggregation, or ad hoc critique loops—without iso- 046

lating communication structure as an experimental 047

variable (Li et al., 2023; Shinn et al., 2023; Madaan 048

et al., 2023; Subramaniam et al., 2024). As a result, 049

it remains unclear which properties of interaction 050

actually drive improvements in reliability or ex- 051

plainability. 052

This gap is particularly consequential for tasks 053

that demand verification, accountability, and au- 054

ditability. In collaborative reasoning, communica- 055

tion does not merely transmit information; it de- 056

termines how errors propagate, how corrections 057

are triggered, and how responsibility for decisions 058

is distributed (Kroll, 2020; Horneber and Laumer, 059

2023), particularly in domains where correctness is 060

externally evaluated rather than preference-based 061

(Zheng et al., 2023). 062

Two multi-agent systems with identical models, 063

prompts, and task pipelines may exhibit markedly 064

different error dynamics and explanation quality 065

solely due to differences in their communication 066

structure. 067

In this work, we argue that communication de- 068

sign should be treated as a first-class method- 069

ological choice in multi-agent language systems. 070

Rather than asking how agents should phrase mes- 071

sages or how many dialogue rounds are required, 072

we focus on a more structural question: how 073

does the organization of inter-agent communication 074

shape reliability, coordination cost, and explanation 075

traces? 076

To study this question, we adopt a protocol- 077

centric perspective that formalizes communication 078

as an explicit control structure. Each protocol is 079

characterized by a communication topology spec- 080

ifying which agents may interact, an interaction 081

schedule determining when communication occurs, 082

and an update rule describing how received in- 083
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Figure 1: Communication design shapes multi-agent meta-analysis. Agents perform independent extraction and
centralized aggregation in a fixed document-grounded pipeline, while only the communication structure used for
verification and revision—including topology, protocol, and message-level constraints—is systematically varied,
revealing trade-offs among reliability, communication cost, and responsibility attribution.

formation influences subsequent reasoning. Cru-084

cially, all other factors—including agent architec-085

ture, prompts, tools, and task definition—are held086

constant.087

We instantiate this methodology in a document-088

grounded meta-analysis task, where agents must089

extract, verify, and aggregate structured evidence090

from scientific papers. Meta-analysis provides a091

particularly stringent testbed: it requires indepen-092

dent extraction, explicit verification, and central-093

ized aggregation, and therefore sharply constrains094

which forms of interaction are task-compatible.095

Within this setting, we define a canonical multi-096

agent baseline that externalizes implicit human097

verification as explicit quality-control steps, and098

systematically vary communication topology, in-099

teraction protocol, and message constraints during100

verification.101

Our results reveal that communication structure102

induces qualitatively distinct reasoning regimes.103

Some designs favor rapid convergence but amplify104

early extraction errors, while others preserve epis-105

temic diversity at higher coordination cost. No-106

tably, we find that explanation quality is closely107

tied to responsibility structure rather than message108

verbosity: protocols that preserve identifiable deci-109

sion ownership produce explanations that are easier110

to audit, even when final accuracy is comparable. 111

Overall, this work makes three contributions. 112

First, we formalize inter-agent communication as 113

an explicit, executable design space rather than 114

an implementation detail. Second, we provide 115

a controlled empirical study isolating the effects 116

of communication design on reliability, efficiency, 117

and explainability in document-grounded reason- 118

ing. Third, we show that explanation traces emerge 119

from communication structure itself, rather than 120

from linguistic expressiveness or debate length. 121

By reframing communication as a methodolog- 122

ical choice, this work provides a principled foun- 123

dation for analyzing and designing multi-agent lan- 124

guage systems beyond task-specific heuristics. Our 125

findings further demonstrate that communication 126

structure shapes both performance trade-offs and 127

explanation traces, as visualized in Figures 3 and 4. 128

2 Related Work 129

2.1 Multi-Agent Reasoning with Language 130

Models 131

A growing body of work explores multi-agent for- 132

mulations of language model reasoning, includ- 133

ing debate, self-consistency, critique–revision, and 134

ensemble-style aggregation (Wang et al., 2022; 135
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Du et al., 2023; Liang et al., 2024; Choi et al.,136

2025; Subramaniam et al., 2024; Li et al., 2023;137

Shinn et al., 2023; Madaan et al., 2023; Bai et al.,138

2022). These approaches demonstrate that interac-139

tion among agents can mitigate individual model140

biases and surface alternative reasoning paths.141

However, in most prior work, communica-142

tion is implemented using a fixed interaction pat-143

tern—typically fully connected dialogue or central-144

ized aggregation. Comparisons are often limited to145

the presence or absence of interaction, rather than146

differences in communication structure (Yan et al.,147

2025; Du et al., 2025). As a result, the causal role148

of communication design remains underspecified.149

In contrast, our work isolates communication150

topology, protocol, and message constraints as in-151

dependent design dimensions, while holding agent152

architectures and task pipelines constant. This en-153

ables systematic analysis of how interaction struc-154

ture shapes collective reasoning behavior.155

2.2 Communication Topology in Multi-Agent156

Systems157

The effects of communication topology have been158

extensively studied in distributed systems and clas-159

sical multi-agent research. Centralized, decentral-160

ized, and hierarchical interaction structures are161

known to influence convergence speed, robust-162

ness, and fault tolerance (Lynch, 1996; Wooldridge,163

2009; Olfati-Saber et al., 2007).164

While these insights provide important theoreti-165

cal foundations, they have largely been developed166

in settings without natural language reasoning or167

explicit explanation traces. Our work builds on168

this literature by translating communication topol-169

ogy into the context of language-based, document-170

grounded reasoning, where messages are semantic171

objects and errors manifest as structured extraction172

or verification failures.173

2.3 Verification, Deliberation, and Collective174

Decision-Making175

Research in verification, argumentation, and delib-176

erative decision-making has examined how struc-177

tured interaction supports error correction and ac-178

countability. Dyadic verification, committee-based179

review, and hierarchical adjudication are widely180

used in domains such as systematic reviews and181

scientific evaluation, and have also motivated semi-182

automated evidence synthesis pipelines (Marshall183

et al., 2017, 2020; Li et al., 2025).184

We connect these ideas to multi-agent language 185

systems by operationalizing verification and de- 186

liberation as executable communication protocols. 187

Rather than modeling open-ended negotiation or 188

persuasion, we focus on task-compatible quality- 189

control interactions that preserve independent judg- 190

ment and centralized aggregation. 191

2.4 Explainability in Collaborative Reasoning 192

Explainability in language models is often framed 193

in terms of model internals or the linguistic qual- 194

ity of generated rationales, and more broadly in 195

terms of interpretability and trust in learned sys- 196

tems (Ribeiro et al., 2016; Doshi-Velez and Kim, 197

2017). In multi-agent systems, explanations are fre- 198

quently treated as post-hoc summaries of dialogue 199

or aggregated reasoning steps. 200

We adopt a different perspective. Instead of 201

viewing explanation as a property of individual 202

messages, we treat it as an emergent property 203

of communication structure. By analyzing how 204

responsibility and revision rights are distributed 205

across protocols, we show that explanation qual- 206

ity depends less on how much agents communi- 207

cate and more on how decision authority is orga- 208

nized, aligning with broader notions of accountabil- 209

ity in computer systems (Kroll, 2020; Horneber and 210

Laumer, 2023). This perspective is also consistent 211

with classical accounts of collective intelligence, 212

which emphasize structured coordination and role 213

differentiation over unstructured deliberation (Mal- 214

one and Bernstein, 2015; Woolley et al., 2010). 215

2.5 Communication Without Explicit 216

Correction 217

Several multi-agent frameworks emphasize infor- 218

mation sharing, deliberation, or opinion aggrega- 219

tion without enforcing revision. Such designs 220

are effective for exploration, brainstorming, or 221

consensus-building, but do not support explicit er- 222

ror correction or responsibility attribution under 223

external correctness constraints. 224

Our work intentionally excludes these settings. 225

We focus on communication designs that are com- 226

patible with document-grounded meta-analysis, 227

meaning they preserve independent extraction, per- 228

mit explicit verification and revision, and produce 229

structured outputs suitable for centralized aggre- 230

gation. This restriction defines the feasible design 231

space analyzed in this study, rather than an exhaus- 232

tive taxonomy of multi-agent communication. 233
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3 Methodology234

Our study examines how communication design235

choices shape the behavior of multi-agent systems236

for automated meta-analysis, with a focus on re-237

liability, efficiency, and explainability. We adopt238

AutoMETA (Ryu and Lee, 2025; Li et al., 2025) as239

a canonical reference framework and analyze the240

effects of communication design by systematically241

varying how agents interact during verification and242

revision, while holding all other system compo-243

nents fixed.244

Figure 2 presents a protocol-centric decompo-245

sition of the AutoMETA pipeline. The system is246

organized into four stages: independent extraction247

(R0), verification (R1), revision (R2), and central-248

ized aggregation (R3). Independent extraction and249

aggregation are fixed across all experimental con-250

ditions, while communication design choices are251

instantiated only during the intermediate stages252

(R1–R2). This decomposition allows observed dif-253

ferences in system behavior to be attributed directly254

to communication topology, interaction protocol,255

or message constraints, rather than to agent capa-256

bility or task formulation.257

3.1 Task Definition258

We consider the task of automated meta-analysis,259

in which a system extracts structured informa-260

tion from multiple research papers and synthesizes261

these records into aggregate statistical summaries.262

The task imposes strict constraints: remain trace-263

able throughout aggregation, reflecting broader264

concerns about interpretability and accountability265

in automated decision systems (Kroll, 2020; Doshi-266

Velez and Kim, 2017).267

Following standard meta-analysis practice, we268

decompose the task into four stages. In R0, agents269

independently extract structured records from docu-270

ments without interaction. In R1, extracted records271

may be inspected by peers for potential errors, in-272

consistencies, or missing evidence. In R2, original273

extractors revise their records in response to iden-274

tified issues, producing finalized entries. In R3,275

these finalized records are pooled by a centralized276

aggregator to compute the final meta-analytic esti-277

mates.278

Interaction is permitted only during R1–R2. No279

new information beyond the source documents is280

introduced, and all revisions must be explicitly jus-281

tified.282

3.2 Datasets 283

We use the same benchmark datasets introduced in 284

AutoMETA. These datasets consist of collections 285

of peer-reviewed studies commonly used in empiri- 286

cal meta-analyses, together with predefined extrac- 287

tion schemas and ground-truth aggregate statistics. 288

The datasets are well suited to our study because 289

they require precise numerical extraction, exhibit 290

heterogeneous reporting styles across papers, and 291

demand transparent verification and correction. As 292

a result, system performance is highly sensitive to 293

how verification and revision are organized. 294

3.3 Canonical Baseline 295

We adopt AutoMETA as our canonical baseline 296

configuration. In this baseline, agents indepen- 297

dently extract structured records in R0, perform 298

peer-based verification and revision in R1–R2, and 299

submit finalized entries for centralized aggregation 300

in R3. 301

Crucially, the baseline pipeline already includes 302

two fixed components. First, verification and 303

correction are implemented through a critique– 304

revision mechanism, a pattern widely used in it- 305

erative self-correction and agent-based refinement 306

(Shinn et al., 2023; Madaan et al., 2023). Second, 307

all extractions and critiques are represented using a 308

structured JSON schema with mandatory evidence 309

pointers. 310

These components are treated as integral parts 311

of the AutoMETA pipeline and are not considered 312

experimental variants. Unless explicitly stated oth- 313

erwise, all experimental conditions inherit this base- 314

line verification mechanism and message schema. 315

3.4 Communication Design Space 316

Starting from the canonical baseline, we define a 317

controlled communication design space along three 318

orthogonal axes: communication topology, interac- 319

tion protocol, and message constraints. Each exper- 320

imental condition deviates from the baseline along 321

exactly one axis, while all other components are 322

held fixed. This one-axis-at-a-time design ensures 323

interpretability and enables controlled comparison. 324

Topology ablations modify only the communica- 325

tion graph among agents during R1–R2, drawing 326

on classical distinctions between centralized, de- 327

centralized, and hierarchical interaction structures 328

in multi-agent systems (Lynch, 1996; Wooldridge, 329

2009). Protocol ablations alter the rules governing 330

when and how verification or revision occurs, ex- 331
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Figure 2: Protocol-centric decomposition of AutoMETA. Independent extraction (R0) and centralized aggregation
(R3) are fixed, while communication design choices are applied only during the verification and revision stages
(R1–R2).

tending prior work on structured agent interaction332

and decision protocols (Choi et al., 2025; Yan et al.,333

2025). Constraint ablations modify message-level334

constraints—i.e., what information agents are per-335

mitted or required to transmit during verification336

and revision—including the granularity of updates,337

semantic annotation of critiques, and conditional338

triggering of verification.339

We restrict attention to communication designs340

that are compatible with automated meta-analysis.341

Specifically, all designs must preserve independent342

extraction, support explicit verification and revi-343

sion, and produce structured outputs suitable for344

centralized aggregation. Interaction patterns that345

merely share information or aggregate opinions346

without enabling correction fall outside the scope347

of this study.348

Table 1 summarizes all task-compatible design349

variants considered in our experiments. All variants350

preserve independent extraction (R0) and central-351

ized aggregation (R3), and differ only in the design352

of verification and revision during R1–R2.353

3.5 Experimental Control354

All agents operate under identical language models,355

prompts, and document access. Decoding param-356

eters and random seeds are fixed across all con-357

ditions. As a result, observed differences in per-358

formance arise solely from variations in communi-359

cation topology, interaction protocol, or message360

constraints. 361

3.6 Evaluation Metrics 362

We evaluate system behavior using task-grounded 363

metrics computed from structured outputs and in- 364

teraction logs. 365

Aggregate Error. Aggregate Error measures the 366

absolute deviation between the final meta-analytic 367

estimates produced at R3 and the corresponding 368

ground-truth values. This metric captures end-to- 369

end correctness and reflects whether residual extrac- 370

tion or verification errors affect the final scientific 371

conclusions. 372

Correction Rate. Correction Rate measures the 373

proportion of extraction errors present after R0 that 374

are corrected by the end of R2. This metric isolates 375

the effect of interaction by focusing on changes 376

induced during verification and revision. 377

Communication Cost. Communication Cost is 378

measured as the total number of tokens exchanged 379

during R1–R2, including critiques, responses, and 380

revision messages. It captures the coordination 381

overhead induced by a given communication de- 382

sign. 383

Attribution Completeness. Attribution Com- 384

pleteness measures the proportion of finalized 385

fields and aggregate contributions that can be traced 386
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Table 1: Task-compatible communication design variants. All variants share the same AutoMETA baseline
(independent extraction, critique–revision, structured JSON, centralized aggregation) and differ only in how
verification and revision are organized during R1–R2.

Variant Description

Topology Variants
Dyadic Pairwise verification: each agent checks exactly one peer.
Committee Restricted verification: a subset of agents acts as reviewers for all others.
Hierarchical Multi-level verification: subgroup checks followed by higher-level review.

Protocol Variants
Request–Response Pull-based verification for uncertain fields only.
Broadcast Push-based signaling of detected issues to all peers.
Gated Interaction Verification triggered only under low confidence or detected conflicts.
Consensus-gated Revised entries admitted to aggregation only after sufficient peer approval.

Message-Constraint Variants
Diff-only Only modified fields are transmitted during revision, with justification and evidence.
Role-coded Critiques are annotated with semantic role labels (e.g., STAT, EVIDENCE, SCHEMA).
Confidence-weighted Each value includes a confidence score used to trigger conditional verification.

to identifiable agents, evidence spans, and revi-387

sion steps. This metric treats explainability as a388

structural property of the system rather than a lin-389

guistic one, aligning with system-level notions of390

accountability and responsibility assignment in au-391

tomated decision-making (Kroll, 2020; Horneber392

and Laumer, 2023).393

4 Results394

We compare communication design variants395

against a canonical AutoMETA baseline. Results396

are grouped by design axis (communication topol-397

ogy, interaction protocol, and message-level con-398

straints), with all other components held fixed. All399

values are averaged over three runs with identical400

decoding settings.401

Aggregate Error denotes the mean relative error402

of final R3 meta-analytic estimates with respect to403

a canonical ground-truth meta-analysis, computed404

as |R3 − GT |/|GT | and averaged across effect405

size, confidence bounds, and heterogeneity statis-406

tics. Lower Aggregate Error and Communication407

Cost indicate better performance, while higher Cor-408

rection Rate and Attribution Completeness indicate409

more effective and interpretable revision.410

4.1 Effects of Communication Topology411

We first examine the effect of communication topol-412

ogy while holding the critique–revision protocol413

and message constraints fixed. Table 2 reports re-414

sults for topology variants.415

Changing communication topology does not uni-416

formly improve Aggregate Error relative to the417

fully connected baseline. Instead, different topolo-418

gies induce distinct trade-offs among calibration419

accuracy, coordination cost, and responsibility at- 420

tribution. 421

Fully connected interaction enables broad cross- 422

checking and sustained revision activity, but it does 423

not yield the lowest Aggregate Error among topol- 424

ogy variants. This suggests that dense mutual veri- 425

fication can increase revision activity without guar- 426

anteeing calibrated correction. 427

In contrast, committee-based and hierarchical 428

topologies substantially reduce communication 429

cost and improve attribution completeness, while 430

trading off calibration accuracy. Overall, topol- 431

ogy primarily determines how verification effort 432

and revision responsibility are distributed, rather 433

than serving as a direct lever for improving end-to- 434

end calibration. Figure 3 visualizes this accuracy– 435

efficiency trade-off. 436

4.2 Effects of Interaction Protocol 437

We next analyze interaction protocols while hold- 438

ing the canonical topology and message constraints 439

fixed. Results are reported in Table 3. 440

Unlike topology, interaction protocol directly de- 441

termines when and under what conditions revisions 442

are permitted. Protocols that expose information 443

without enforcing revision authority, such as broad- 444

cast and request–response, reduce communication 445

cost but often yield higher Aggregate Error, indicat- 446

ing insufficient correction of biased intermediate 447

estimates. 448

In contrast, gated and consensus-gated protocols 449

explicitly regulate revision authority. Consensus- 450

gated interaction achieves the lowest Aggregate Er- 451

ror across all settings, outperforming the canonical 452

baseline. This result demonstrates that protocol- 453
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Table 2: Effects of communication topology on calibration accuracy, communication cost, and attribution.

Topology Aggregate Error ↓ Correction Rate ↑ Communication Cost ↓ Attribution Completeness ↑

Baseline (Fully Connected) 0.315 0.41 12.2k 0.071
Dyadic 0.491 0.53 4.1k 0.160
Committee 0.494 0.61 4.9k 0.105
Hierarchical 0.420 0.58 5.5k 0.108

Table 3: Effects of interaction protocol on calibration accuracy and attribution.

Protocol Aggregate Error ↓ Correction Rate ↑ Communication Cost ↓ Attribution Completeness ↑

Baseline (Critique–Revision) 0.315 0.41 12.2k 0.071
Request–Response 0.545 0.05 1.3k 0.400
Broadcast 0.281 0.39 11.5k 0.158
Gated Interaction 0.345 0.49 11.1k 0.100
Consensus-gated 0.226 0.55 10.9k 0.211

Figure 3: Trade-off between Aggregate Error (mean
relative error w.r.t. ground truth) and communication
cost across topology variants.

level control over agreement and revision is critical454

for improving calibration, even when topology and455

agent capabilities are held constant.456

Correction rate alone does not explain these out-457

comes. For example, request–response interaction458

exhibits high attribution completeness but the high-459

est Aggregate Error, reflecting the absence of itera-460

tive correction.461

4.3 Effects of Message-Level Constraints462

Finally, we evaluate message-level constraints463

while holding topology and protocol fixed. Across464

all constraint variants, message-level constraints do465

not reduce Aggregate Error relative to the baseline.466

While constraints affect communication cost and467

Attribution Completeness, these changes are not468

accompanied by consistent improvements in cali-469

bration accuracy. This indicates that syntactic re-470

Figure 4: Relationship between correction rate and attri-
bution completeness across communication designs.

strictions on message content alone are insufficient 471

to improve meta-analytic performance. 472

4.4 Explainability and Responsibility 473

Structure 474

Figure 4 plots Correction Rate against Attribution 475

Completeness across topology and protocol vari- 476

ants. 477

High correction rates do not necessarily corre- 478

spond to high explainability. Fully connected in- 479

teraction achieves frequent revision but exhibits 480

low Attribution Completeness, indicating diffused 481

responsibility. 482

In contrast, committee-based, hierarchical, and 483

gated designs preserve identifiable revision path- 484

ways, achieving higher Attribution Completeness 485

at comparable levels of Aggregate Error. These 486

results show that explainability emerges from how 487

responsibility is structurally allocated, rather than 488
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from interaction volume.489

Overall, the results indicate that explainability490

in multi-agent systems is not a byproduct of inter-491

action volume or correction frequency. Instead, it492

emerges from how revision authority and responsi-493

bility are structurally allocated within the commu-494

nication design.495

5 Discussion496

Our results demonstrate that communication de-497

sign is a primary determinant of multi-agent sys-498

tem behavior, even when agent models, prompts,499

and task pipelines are held constant. Across all ex-500

periments, differences in reliability, efficiency, and501

explainability can be attributed to how interaction502

is structured, rather than to the presence or absence503

of communication itself.504

Communication as Structured Error Control.505

Figure 3 shows that communication induces a fun-506

damental trade-off between reliability and coordi-507

nation cost. Importantly, the fully connected inter-508

action maximizes error correction but incurs sub-509

stantial overhead and dilutes responsibility, while510

structured topologies such as committee-based and511

hierarchical verification substantially reduce coor-512

dination cost and yield clearer responsibility attri-513

bution, at the expense of higher Aggregate Error.514

This suggests that communication primarily func-515

tions as a form of structured error control, whose516

effectiveness depends on how correction authority517

is distributed (Malone and Bernstein, 2015; Wool-518

ley et al., 2010).519

Explainability Emerges from Responsibility520

Structure. Our analysis further reveals that ex-521

plainability is not a byproduct of interaction vol-522

ume or linguistic richness. As shown in Figure 4,523

protocols that preserve identifiable decision own-524

ership yield clearer attribution traces, even when525

their final accuracy is similar to that of more inter-526

active designs. This perspective aligns with system-527

level accounts of interpretability and accountabil-528

ity, which emphasize traceability and responsibil-529

ity assignment over post-hoc rationalization (Kroll,530

2020; Horneber and Laumer, 2023).531

When Communication Fails. Notably, some532

protocols incur non-trivial communication cost533

without yielding consistent improvements in cor-534

rection rate or aggregate error. These cases illus-535

trate that communication alone is insufficient: error536

correction requires protocols that explicitly permit537

and structure revision. This finding challenges the 538

common assumption that increased interaction nec- 539

essarily improves multi-agent reasoning, echoing 540

recent survey-level observations that communica- 541

tion structure, rather than volume, is the key driver 542

of performance gains. 543

Implications for Multi-Agent System Design. 544

Taken together, our findings suggest that effective 545

multi-agent systems should be designed around ex- 546

plicit communication structures that balance error 547

correction, coordination cost, and responsibility as- 548

signment. Rather than defaulting to unrestricted 549

debate or fully connected interaction, designers 550

should treat communication topology and proto- 551

col as first-class design choices aligned with task 552

requirements. 553

6 Conclusion 554

We presented a protocol-centric analysis of com- 555

munication design in multi-agent language systems. 556

By isolating communication topology, interaction 557

protocol, and message representation within a 558

fixed automated meta-analysis pipeline, we demon- 559

strated that communication structure alone induces 560

distinct and systematic reasoning regimes, even 561

when agent models, prompts, and task formula- 562

tions are held constant. 563

Our results show that no single communication 564

design dominates across reliability, efficiency, and 565

explainability. Highly connected interaction, which 566

serves as a common baseline in prior multi-agent 567

systems, enables sustained revision activity but in- 568

curs substantial coordination cost and diffuses re- 569

sponsibility. In contrast, structured designs such 570

as committee-based and hierarchical verification 571

substantially reduce communication overhead and 572

yield clearer attribution, while trading off calibra- 573

tion accuracy. These findings highlight that com- 574

munication structure primarily governs how cor- 575

rections are distributed and audited, rather than 576

uniformly improving end-to-end calibration. 577

More broadly, this work reframes communica- 578

tion as a methodological design choice rather than 579

an implementation detail. By articulating a con- 580

trolled communication design space and introduc- 581

ing task-grounded metrics that jointly capture ac- 582

curacy, cost, and responsibility, we provide a prin- 583

cipled foundation for analyzing and engineering 584

multi-agent language systems beyond ad hoc or 585

fully connected interaction patterns. 586
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7 Limitations587

This work has several limitations. First, our analy-588

sis is restricted to communication protocols that ex-589

plicitly support verification and revision. Protocols590

that only share information or aggregate opinions591

without enabling correction are outside the scope592

of this study.593

Second, our experiments focus on a document-594

grounded meta-analysis task. While this task pro-595

vides a stringent and well-defined testbed for study-596

ing communication design, the observed trade-offs597

may differ in tasks that prioritize open-ended gen-598

eration, negotiation, or creative collaboration.599

Third, we fix agent architectures, prompts, and600

decoding parameters in order to isolate the effects601

of communication design. Future work could ex-602

plore interactions between communication struc-603

ture and agent heterogeneity, learning dynamics, or604

adaptive protocol selection.605

Our design space is also intentionally restricted606

to task-compatible variants under explicit verifi-607

cation and revision constraints. This enables con-608

trolled comparison, but it does not constitute an609

exhaustive taxonomy of multi-agent communica-610

tion patterns, nor does it guarantee that the same611

trade-offs hold under looser interaction objectives.612

In addition, we evaluate a fixed system scale and613

interaction budget. Topology and protocol effects614

may change with the number of agents, the amount615

of available communication, and deployment con-616

straints such as synchronization and parallelism. A617

more complete characterization would sweep agent618

counts and budgets to study scaling behavior.619

Our reported values are averaged over three620

runs, and we do not provide confidence intervals621

or formal significance tests. Given the stochastic-622

ity of language model outputs, future work should623

quantify variance more systematically, for exam-624

ple through additional random seeds or bootstrap625

estimates over documents.626

Finally, our operational measures have limits.627

Communication cost is measured in exchanged to-628

kens, which is an informative proxy but does not629

capture deployment-relevant costs such as latency,630

model-call counts, or monetary cost under specific631

inference APIs. Similarly, attribution complete-632

ness captures structural auditability and responsi-633

bility assignment, but it does not directly measure634

how explanations are perceived or used by human635

decision-makers in realistic review workflows.636
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