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Abstract001

Recent advances in generalist Multi-Agent Sys-002
tems (MASs) have largely converged on a hi-003
erarchical fixed workflow paradigm in which004
a centralized planner agent decomposes tasks005
and coordinates multiple worker agents via uni-006
directional prompt passing. This design has007
proven effective when powered by strong large-008
scale language models. However, it exhibits009
an over-reliance on planner capability, lead-010
ing to sharp performance degradation in small-011
LLM settings. To address this challenge, we012
propose Anemoi, a semi-centralized dynamic013
MAS based on Agent-to-Agent (A2A) commu-014
nication. Unlike hierarchical fixed workflows,015
Anemoi does not prescribe a coordination pro-016
cedure. Instead, coordination emerges from017
agent-level decisions, allowing agents to moni-018
tor progress, assess intermediate results, iden-019
tify bottlenecks, propose refinements, or dis-020
engage when sufficient confidence is reached.021
A planner provides an initial plan, while A2A022
enables adaptive task decomposition and col-023
laborative refinement. Evaluated on the GAIA024
benchmark, Anemoi achieves 52.73% accuracy025
using only small LLMs (GPT-4.1-mini as plan-026
ner and GPT-4o as worker agents), surpassing027
the previous open-source state-of-the-art OWL028
(47.27%) under identical model and agent set-029
tings. Error and case analyzes further demon-030
strate that Anemoi’s gains primarily stem from031
A2A discussion in task decomposition, which032
effectively mitigates the performance bottle-033
neck of the planner agent. Our implementation034
is publicly available at: https://anonymous.035
4open.science/r/Anemoi-3654.036

1 Introduction037

Large Language Models (LLMs) have demon-038

strated remarkable capabilities in a wide range of039

tasks, from text classification (Zang et al., 2025),040

natural language understanding (Wei et al., 2022;041

Liu et al., 2025), to code generation (Brown et al.,042

2020; Li et al., 2025). However, a single LLM often043
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Figure 1: Architecture of Anemoi, a semi-centralized
multi-agent system based on the A2A communication.

struggles to maintain context, manage long-horizon 044

dependencies, and execute domain-specific actions 045

efficiently when faced with complex objectives that 046

require diverse skills (Li et al., 2023; Shi et al., 047

2025). To address these challenges, researchers 048

have increasingly turned to Multi-agent Systems 049

(MASs), where multiple specialized agents collab- 050

orate to decompose, coordinate, and solve the tar- 051

geted tasks (Li et al., 2023; Mialon et al., 2024; Xi 052

et al., 2025). This shift from single-model reason- 053

ing to multi-agent orchestration has opened new 054

possibilities for scalability, modularity, and robust- 055

ness in AI-driven problem-solving. 056

Recent advances in generalist MASs have been 057

remarkable, with most existing designs following 058

a hierarchical fixed paradigm (Fang et al., 2025; 059

Hu et al., 2025; Tang et al., 2025). In this setting, 060

there is typically a centralized planner agent, along 061

with multiple worker agents responsible for spe- 062

cific tasks such as web search, file processing, or 063

coding. Upon receiving a task, the planner agent 064

decomposes it into sub-tasks and coordinates the 065

worker agents to complete them. From a collabo- 066
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ration perspective, each agent essentially receives067

prompts and contextual information from a central068

or upstream planner, resulting in a predominantly069

unidirectional control flow. This paradigm presents070

the limitation of over-reliance on the planner capa-071

bility. Existing centralized MASs achieve competi-072

tive performance by relying on cutting-edge LLMs073

as the planner agent within the system, making their074

effectiveness tightly coupled with the availability075

of powerful models. When instantiated entirely076

with small LLMs, the performance of centralized077

MASs will drop sharply (Mialon et al., 2024).078

Building on our observations of the current limi-079

tations, we propose the Anemoi, a semi-centralized080

dynamic MAS underpinned by the Agent-to-Agent081

(A2A) communication. Our Anemoi is powered082

by the A2A Model Context Protocol (MCP) server083

(Anthropic, 2024). The structure of Anemoi is il-084

lustrated in Figure 1. Our system combines a semi-085

centralized planner agent with multiple domain-086

specialized worker agents. The planner provides087

the initial plan, while the workers coordinate di-088

rectly to monitor progress, resolve bottlenecks, and089

propose refinements. All agents are allowed to090

communicate directly.091

We evaluated our Anemoi on the GAIA bench-092

mark (Mialon et al., 2024), a challenging suite of093

real-world and multi-step tasks designed to assess094

the web-search, multi-modal file processing, and095

coding capabilities of generalist MASs. In our ex-096

periments, we adopted the same worker agent con-097

figurations and evaluation metrics as the strongest098

open-source baseline OWL (Hu et al., 2025), en-099

suring identical LLM and worker settings for a fair100

comparison. Anemoi achieved 52.73% pass@3 ac-101

curacy (GPT-4.1-mini as planner and GPT-4o as102

worker agents), surpassing OWL (47.27%). Our103

main contributions are summarized as follows:104

1. We present a novel idea – Anemoi – a semi-105

centralized dynamic MAS that departs from106

the dominant hierarchical fixed paradigm.107

2. We design and implement a novel end-to-end108

multi-agent pipeline based on the A2A MCP109

server.110

3. We conduct an in-depth assessment, compar-111

ing Anemoi with the state-of-the-art open-112

source centralized MAS OWL. Error and case113

analyzes highlight that Anemoi’s advantage114

stems from the multi-agent discussion in task115

decomposition.116

2 Anemoi 117

2.1 A2A MCP Server 118

At the core of the Anemoi is a dedicated infras- 119

tructure enabling multi-agent coordination via a 120

structured, thread-based communication server. At 121

the beginning of each task, the server initializes a 122

new session, which serves as the execution context 123

for all subsequent inter-agent interactions. Within 124

a session, each agent connects through a special- 125

ized MCP server, which provides tools for agent 126

discovery, thread management, and message ex- 127

change. In this architecture, a thread is a structured 128

conversation channel in which multiple agents can 129

participate. The MCP server exposes key opera- 130

tions, including: 131

• list_agents – discover all registered agents 132

in the system. 133

• create_thread – initiate a conversation con- 134

text with specified participants. 135

• add_participant / remove_participant – 136

dynamically adjust the set of agents involved 137

in a thread. 138

• send_message – broadcast or directly address 139

a message to agents within a thread. 140

• wait_for_agent_messages – receive notifi- 141

cations when a specific agent is explicitly ad- 142

dressed. 143

• wait_for_mentions – receive notifications 144

when an agent is explicitly addressed. 145

• close_thread – terminate a conversation and 146

optionally record its outcome. 147

This thread-based design ensures contextual 148

compartmentalization. Messages remain within 149

their respective conversations and do not leak 150

across threads. This separation preserves clarity 151

and prevents cross-talk. At the same time, it sup- 152

ports directed queries and task delegation between 153

agents. The MCP server also provides a resources 154

interface. This interface records all threads and 155

their associated message exchanges within a ses- 156

sion. The recorded resources can be dynamically 157

injected into an agent’s conversation history. This 158

mechanism provides richer contextual grounding 159

and supports more effective collaboration across 160

agents. An example of the resources interface is 161

provided in Appendix A. 162
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2.2 Agent163

As shown in Figure 2, the Anemoi framework con-164

sists of the following components:165

• Planner Agent – generates an initial high-level166

plan at the beginning of a task and initiates167

the execution process. The planner does not168

enforce a fixed execution order and may revise169

the plan based on subsequent agent feedback.170

• Critique Agent – continuously evaluates and171

questions the contributions of other agents172

to ensure the validity and certainty of their173

statements and conclusions.174

• Answer-Finding Agent – synthesizes available175

intermediate results and reasoning traces into176

a final response. The decision to submit an177

answer is made autonomously by the agent’s178

reasoning rather than through an explicit con-179

sensus or voting mechanism.180

• Web Agent – Capable of performing web181

searches, extracting webpage content, simu-182

lating browser actions, and retrieving relevant183

online information.184

• Document Processing Agent – processes a185

wide variety of local and remote documents,186

including PDF, DOCX, images, audio, and187

video files.188

• Reasoning & Coding Agent – specializes in189

reasoning, coding, and processing Excel files.190

It operates offline and cannot access the inter-191

net. If Python execution is required, it should192

be explicitly instructed to run the code after193

writing it.194

Among these, the Web Agent, the Docu-195

ment Processing Agent, and the Reasoning196

& Coding Agent are respectively equipped197

with the toolkits Web_Assistant, toolkits198

Document_Processing_Assistant, and toolkits199

Reasoning_Coding_Assistant. These toolkits200

were derived directly from the corresponding201

agents in OWL, ensuring identical configurations202

for a fair comparison.203

All agents are connected through the A2A com-204

munication MCP server (Georgio et al., 2025),205

which provides shared visibility into task progress206

and intermediate artifacts. Importantly, Anemoi207

does not impose a fixed workflow or a mandatory208

coordination protocol. Each agent independently209

Table 1: List of Symbols.

Symbol Description
A Set of all agents A = {a1, a2, . . . , an}
W Set of worker agents,

W = {w1, w2, . . . , wn} ⊂ A
p Planner agent
c Critique agent
f Answer-finding agent
τ Communication thread created by MCP servers
P0 Set of initial participant agents,

P0 = {p1, p2, . . . , pn} ⊆ A
πt Task plan at step t
ϕ Task allocation mapping ϕ : W → T
rw Result produced by worker w for ϕ(w)
critique(rw) Evaluation outcome in {accept, uncertain}
o
(t+1)
i Contribution of agent ai at time (t+ 1)
R∗ Final candidate solution proposed for consensus
vi(R

∗) Vote of agent ai on R∗

C({vi}) Consensus aggregating votes

decides when to act, whether to respond to other 210

agents’ messages, and whether sufficient informa- 211

tion has been accumulated to proceed or terminate. 212

Therefore, coordination emerges from agent-level 213

reasoning and interaction, rather than from system- 214

enforced debates or voting procedures. Examples 215

of the prompts used to realize this agentic behavior 216

are provided in Appendix B. 217

2.3 Communication Pattern 218

Rather than enforcing a fixed execution workflow, 219

Anemoi operates through dynamic A2A commu- 220

nication supported by the MCP server introduced 221

in Subsection 2.1. Coordination in Anemoi is not 222

prescribed by a mandatory protocol or execution 223

order. Instead, it emerges from agents’ ongoing 224

reasoning and interaction during task execution. 225

The description below characterizes commonly ob- 226

served interaction patterns rather than a required 227

or exhaustive procedure. Table 1 summarizes the 228

symbols used. 229

1. Agent Discovery 230

Each agent ai ∈ A invokes 231

{(namej , descj)}nj=1 = list_agents() 232

where each tuple consists of the identifier and 233

description of an available agent. 234

2. Thread Initialization 235

The planner agent p creates a dedicated com- 236

munication thread 237

τ = create_thread(P0), 238

with initial participants P0 ⊆ A. 239
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Figure 2: Overview of Anemoi. The system includes a planning agent to make initial plan, and a set of agents with
different capability. The A2A communication MCP server enables all agents to monitor progress together.

3. Initial Planning240

The planner then broadcasts an initial plan241

π0 to all participants and defines a tentative242

sub-task allocation mapping243

ϕ : W → T ,244

where W ⊂ A is the set of worker agents and245

T the set of sub-tasks. Importantly, this plan246

is treated as a provisional hypothesis rather247

than a binding schedule: agents may follow248

and revise it.249

4. Task Execution250

Each worker w ∈ W executes its assigned251

sub-task ϕ(w), producing a result252

rw = w(ϕ(w)).253

5. A2A Collaboration254

All agents registered on the server form an255

undirected communication graph, allowing256

them to freely exchange information within257

the session. The critique agent evaluates each258

result through259

critique(rw) ∈ {accept, uncertain}.260

Meanwhile, each agent ai ∈ P0 may generate261

a contribution to the ongoing discussion:262

o
(t+1)
i = ai(πt, {rw}w∈W),263

where o
(t+1)
i can represent a progress assess- 264

ment, a critique, an alternative suggestion, or 265

a revised plan proposal. These contributions 266

collectively inform the evolving task context 267

and may trigger updates to the plan. 268

6. Consensus Before Submission 269

Once a candidate solution R∗ emerges, the 270

planner consults all participating agents for 271

feedback: 272

vi(R
∗) ∈ {approve, reject}, ∀ai ∈ P0. 273

The final decision is aggregated by a consen- 274

sus conclusion C({vi}). 275

7. Answer Submission 276

The answer-finding agent f compiles and sub- 277

mits the validated result: 278

submit(R∗). 279

All message flows above are realized by the 280

MCP primitives: 281

send_message(τ,m), 282

wait_for_mentions(), 283

wait_for_agent_messages(ai). 284

This communication pattern offers three key ad- 285

vantages. 286
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1. It reduces reliance on a centralized planner.287

When task execution deviates from expecta-288

tions, multiple agents can independently pro-289

pose corrective actions rather than depend290

solely on planner-side reasoning.291

2. It supports adaptive plan refinement. As in-292

termediate evidence accumulates, earlier as-293

sumptions can be re-evaluated and subsequent294

actions adjusted to the evolving task context.295

3. It enables peer-level deliberation. Agents can296

express uncertainty, challenge intermediate as-297

sumptions, and iteratively refine partial results298

without fixed workflows or protocol-enforced299

coordination.300

3 Experiments301

3.1 Baselines302

To evaluate the performance of our Anemoi,303

we compare it with a diverse set of proprietary304

and open-source generalist multi-agent frame-305

works. These baselines cover different coordina-306

tion paradigms and implementation strategies. The307

proprietary baselines include DRP-val-v1.0, Omne,308

and Barcelona v0.1. The open-source baselines309

include FRIDAY (Wu et al., 2024), Multi-Agent310

Exp v0.1 (Microsoft, 2024), HuggingFace Agents311

(Roucher et al., 2025), Magnetic-One (Fourney312

et al., 2024), and OWL (Hu et al., 2025). To en-313

sure consistency with OWL’s evaluation settings,314

we adopt the pass@3 accuracy score as Anemoi’s315

performance metric. Performance results for pro-316

prietary systems are taken directly from the official317

GAIA leaderboard. Results for open-source sys-318

tems are obtained from the leaderboard or repro-319

duced under consistent evaluation settings when320

required.321

3.2 Implementation Details322

Since the primary objective of this work is to323

evaluate the effectiveness of the A2A-based semi-324

centralized paradigm for coordinating complex325

tasks, we ensure a fair comparison by using exactly326

the same worker agents as in OWL, including both327

toolkits and prompts. Specifically, the three worker328

agents from OWL are encapsulated as tools and in-329

tegrated into three agents. Each agent is equipped330

with the A2A MCP server and powered by GPT-4o,331

serving as a worker agent in our system. We hy-332

pothesize that the advantages of the A2A-based333

semi-centralized paradigm are more evident when334

the planner agent is powered by a weaker LLM. 335

Therefore, we use GPT-4.1-mini as the planner 336

model while retaining GPT-4o for all worker agents. 337

We do not include experiments with GPT-4o-mini, 338

as preliminary tests show that this model cannot 339

reliably understand or use the toolkits provided by 340

the A2A MCP server. Because the original OWL 341

paper does not report results under this setting, we 342

reproduce OWL accordingly. The original OWL 343

implementation is based on the CAMEL toolkit 344

(version 0.2.46). Some toolkits in this version are 345

no longer available. We therefore adopt the cor- 346

responding toolkits from CAMEL version 0.2.70. 347

Importantly, Anemoi and the reproduced OWL use 348

identical tools and model configurations. This de- 349

sign ensures that any observed performance differ- 350

ences are solely due to the coordination paradigm. 351

3.3 Main Results 352

As shown in Table 2, Anemoi achieves an accuracy 353

of 52.73% on the GAIA validation set under the 354

pass@3 setting. This result outperforms OWL with 355

GPT-4o-mini (43.64%) and our reproduced OWL 356

with GPT-4.1-mini by 5.46 and 9.09 percentage 357

points, respectively. The improvement is most ev- 358

ident on Level 2 tasks, where Anemoi achieves 359

an advantage of nearly ten percentage points over 360

OWL. 361

Notably, even with a weaker planner model, 362

Anemoi outperforms multiple proprietary and open- 363

source frameworks that rely on stronger LLMs. 364

This improvement can stem from Anemoi’s dy- 365

namic A2A communication and semi-centralized 366

paradigm. In this setting, agents continuously ex- 367

change textual intermediate outputs while the fi- 368

nal answer is generated autonomously by the lan- 369

guage model itself. This design mitigates over- 370

dependence on a single planner and allows the 371

model to incorporate diverse perspectives and in- 372

termediate findings without introducing explicit 373

coordination rules or voting mechanisms. 374

The lower accuracy of our reproduced 375

GPT-4.1-mini OWL, compared to the 376

GPT-4o-mini results reported in the original 377

paper, can be explained by toolkit limitations. The 378

original implementation uses CAMEL v0.2.46, 379

which includes OpenAI’s Whisper model (Rad- 380

ford et al., 2023) for transcript extraction from 381

audio and video inputs. In CAMEL v0.2.70, 382

support for Whisper is removed. As a result, 383

accurate transcript extraction for audio tasks is no 384

longer possible, and video audio tracks cannot 385
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Table 2: Performance comparison of agent frameworks on GAIA validation set with accuracy score (%) as the
evaluation metric. Scores of open-source and proprietary frameworks were obtained from the official leaderboard.
Specifically, OWL-rep is our reproduced result. The best-performing proprietary and open-source frameworks are
highlighted in bold.

Agent Name Base Model Level 1 Level 2 Level 3 Average
Proprietary Frameworks

DRP-val-v.1.0 - 56.60 48.84 15.38 46.06
omne O1-Preview 60.38 44.19 23.08 46.06
Barcelona v0.1 Claude-3.5-Sonnet 62.26 50.00 26.92 50.30

Open-Source Frameworks

FRIDAY GPT-4-Turbo 45.28 34.88 11.54 34.55
Multi-Agent Exp v0.1 GPT-4-Turbo 54.72 38.37 11.54 39.39
HuggingFace Agents GPT-4o 58.49 43.02 19.23 44.24
Magnetic-One O1 56.60 46.51 23.08 46.06
OWL (pass@3) GPT-4o-mini, GPT-4o 64.15 45.34 19.23 47.27
OWL-rep (pass@3) GPT-4.1-mini, GPT-4o 61.54 42.53 11.54 43.64

Ours

Anemoi (pass@3) GPT-4.1-mini, GPT-4o 71.70 52.33 15.38 52.73

be processed. We emphasize that our Anemoi386

implementation also excludes Whisper, ensuring a387

fair comparison.388

Although Anemoi exceeds OWL by only a mod-389

est margin in overall accuracy, worker-agent out-390

puts are inherently stochastic. To obtain more in-391

formative insights, we further analyze task-level392

differences between the two systems. In particu-393

lar, we examine cases that are uniquely solved by394

Anemoi due to its dynamic inter-agent informa-395

tion exchange, as well as cases uniquely solved by396

OWL as a result of stochastic variation. A detailed397

case-level analysis is provided in Section 4.398

4 Discussion399

4.1 Comparative Analysis of Tasks Solved by400

Anemoi and OWL401

Anemoi successfully solved 25 tasks that OWL402

failed to answer, while OWL solved 10 tasks that403

Anemoi did not. As illustrated in Figure 3, the ma-404

jority of Anemoi’s additional successes can be at-405

tributed to collaborative refinement under the semi-406

centralized paradigm (52%). A smaller fraction407

arose from reduced context redundancy enabled by408

the A2A communication protocol (8%), while the409

remaining cases were due to stochastic worker be- 410

havior (40%). In these cases, randomness in worker 411

agents’ toolkit selection or usage occurred. 412

Conversely, among the 10 tasks solved by 413

OWL but not by Anemoi, 90% of the failures on 414

Anemoi’s side were again due to stochastic worker 415

behavior, while the remaining 10% resulted from 416

communication latency in the web agent, which 417

failed to respond in time because it was busy exe- 418

cuting a task, forcing other agents to bypass it and 419

ultimately preventing access to the correct informa- 420

tion. Further details and case-level examples can 421

be found in Appendix C. 422

4.2 Error Analysis of Anemoi 423

Beyond the comparative analysis with OWL, 424

Anemoi still exhibits a total of 68 remaining er- 425

rors. As shown in Figure 4, the largest source of 426

error is attributed to LLM capability limitations 427

(45.6%), where the LLMs either failed to select 428

the correct toolkit or misused an available toolkit. 429

Another 20.6% of errors are due to the limitations 430

of the toolkit. In these cases, there are inherent con- 431

straints or missing functionalities in the provided 432

tools. 433
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Figure 3: Comparison of task attribution categories between Anemoi and OWL. The donut chart illustrates the
distribution of reasons why Anemoi succeeded where OWL failed, and vice versa.

Figure 4: Remaining errors of the Anemoi.

A further 11.8% of errors are caused by incor-434

rect plans. Since Anemoi has the ability to update435

plans dynamically according to task progress, we436

only count the final updated plan if it remains in-437

correct. Errors caused by communication latency438

account for 10.3%; these are primarily due to the439

web agent occasionally taking excessive time to440

complete search tasks, during which it cannot re- 441

spond to other agents’ queries. This forces other 442

agents to bypass the web agent and attempt alter- 443

native strategies, which ultimately fail. Additional 444

case-level examples of such failures are provided 445

in Appendix D. 446

In addition, 7.4% of the errors can be attributed 447

to potential annotation mistakes in the benchmark, 448

while the remaining 4.4% result from hallucina- 449

tions of the LLM. 450

5 Related Works 451

From prompting to context engineering. Early 452

studies on prompting mainly focused on crafting 453

effective instructions and few-shot examples to 454

elicit reasoning abilities from LLMs. However, 455

as tasks became more complex, it became evident 456

that prompt design alone was insufficient to sus- 457

tain coherent multi-step or multi-agent reasoning. 458

Recent research therefore shifts from prompt engi- 459

neering to context engineering, where structured 460

memory, planning, and coordination mechanisms 461

are introduced to manage agent states and interac- 462

tions across tasks (Huang et al., 2024; Wang et al., 463

2024; Yehudai et al., 2025). This transition high- 464

lights a paradigm change from optimizing a single 465

prompt to constructing a persistent, system-level 466

context that governs how agents perceive, plan, and 467

collaborate. 468
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Generalist Agent and GAIA Benchmark. A469

generalist agent aims to handle diverse tasks across470

domains with minimal predefinition, relying on rea-471

soning and tool-use abilities of LLMs. The GAIA472

benchmark (Mialon et al., 2024) serves as the most473

authoritative evaluation suite for assessing such474

generalist agents. It proposes real-world questions475

that require reasoning, multi-modality understand-476

ing, web browsing, and effective tool use. These477

questions are conceptually simple for humans yet478

remain highly challenging for current LLM-based479

systems, with human respondents achieving 92%480

accuracy compared to 15% for GPT-4 with plugins.481

GAIA thus provides a standardized and realistic482

framework for measuring the robustness and gener-483

alization ability of general-purpose AI agents.484

Centralized Generalist MAS. Current “gener-485

alist” MAS typically adopts a context-engineering486

+ centralized planner pattern, where a planner de-487

composes tasks and dispatches prompts to special-488

ized workers. OWL (Hu et al., 2025) integrates489

a planner, coordinator, and domain-specific work-490

ers within a centralized pipeline, reporting open-491

source state-of-the-art results on the GAIA bench-492

mark. Agent KB (Tang et al., 2025) organizes493

agents in a fixed hierarchy with a shared trajec-494

tory memory pool from previous tasks, enabling495

sequential orchestration but lacking interactive re-496

finement. Cognitive Kernel-Pro (Fang et al., 2025)497

employs Python-style format-string communica-498

tion under a centralized planner with reflection and499

voting mechanisms, yet only the planner performs500

reasoning while workers remain passive execu-501

tors. Alita (Qiu et al., 2025) dynamically creates502

task-specific toolkits from GitHub repositories via503

centralized control, showcasing flexibility but still504

constrained by prompt-based context engineering.505

Overall, these centralized systems demonstrate an506

over-reliance on large LLMs, with performance de-507

grading sharply in small-LLM settings, and limited508

inter-agent communication, where collaboration re-509

lies on prompt concatenation rather than genuine510

refinement through structured discussions.511

Protocols for interoperability: MCP and A2A.512

Standardization efforts target how agents use tools513

and talk to each other. Anthropic’s MCP specifies514

an open, versioned interface for connecting agents515

to tools and data; it ships with a public specification516

and SDKs and is supported in OpenAI’s Agents517

SDK (Anthropic, 2024). In parallel, several A2A518

communication protocols are emerging, including519

Google’s A2A Protocol (Google Developers Blog, 520

2025), the Agent Network Protocol (ANP), AG- 521

NTCY’s interoperability suite that enables struc- 522

tured dialogue, context sharing, and capability ne- 523

gotiation among heterogeneous agents. 524

Multi-agent collaboration and collective reason- 525

ing. Multi-agent collaboration improves reason- 526

ing and factuality by allowing multiple model in- 527

stances to argue, critique, and converge (Du et al., 528

2024). Follow-ups integrate uncertainty-aware 529

moderation and verification-style checks to tem- 530

per hallucinations and stabilize consensus (e.g., 531

DebUnc) (Yoffe et al., 2025). These results sup- 532

port elevating peer-level deliberation to a first-class 533

operation rather than an incidental by-product of 534

planner summaries. 535

6 Conclusion 536

In this work, we introduced the Anemoi, a novel 537

semi-centralized MAS built upon the A2A MCP 538

server. By reducing reliance on a single planner 539

and supporting adaptive plan updates, our design 540

enables more scalable execution. On the GAIA 541

benchmark, Anemoi achieved 52.73% accuracy 542

with a small LLM (GPT-4.1-mini) as the planner, 543

surpassing OWL by +9.09% under the same LLM 544

configuration. This result highlights the effective- 545

ness of semi-centralized A2A communication for 546

generalist MAS and represents a concrete step to- 547

ward realizing our broader vision of an Internet of 548

Agents. 549

Limitations 550

Anemoi adopts a dynamic A2A communication 551

mechanism that enables inter-agent discussion. 552

While this design improves the performance of 553

MASs, it also increases token consumption. Mul- 554

tiple rounds of message exchange introduce addi- 555

tional context into each agent’s conversation his- 556

tory, leading to higher inference costs compared 557

to strictly hierarchical or single-pass coordination 558

schemes. As future work, we plan to explore 559

communication mechanisms based on shared KV 560

caches. By allowing agents to exchange or refer- 561

ence cached intermediate representations instead 562

of full textual messages, such designs may signifi- 563

cantly reduce token overhead while preserving the 564

benefits of dynamic inter-agent collaboration. This 565

direction offers a promising path toward more effi- 566

cient and scalable multi-agent systems. 567
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A Resources 719

The resources component provides comprehensive information about all threads within the current 720

session. Specifically, it includes the thread ID, the thread name, the name of the agent who created 721

the thread, the participating agents, and every message contained in the thread. These resources can 722

be dynamically injected into each agent’s context, thereby enabling richer awareness of the ongoing 723

interactions and offering stronger support for inter-agent collaboration. 724

☼ Example of Resources

"threads": [
{

"id": "3b493857-02fd-4957-8103-5df5acb1bce4",
"name": "AI Regulation Paper Figure Axes Society Type Query",
"creatorId": "planning",
"participants": [

"planning",
"answer_finding",
"web",
"critique",
"reasoning_coding",
"document_processing"

],
"messages": [

{
"id": "24ff3844-cde6-4762-94ee-019988e75c63",
"threadName": "AI Regulation Paper Figure Axes Society Type Query",
"threadId": "3b493857-02fd-4957-8103-5df5acb1bce4",
"senderId": "planning",
"content": "Hello team,\n\nWe have the following task to work
on:\n\n```\nA paper about AI regulation that was originally submitted
to arXiv.org in June 2022 shows a figure with three axes, where each
axis has a label word at both ends. Which of these words is used to
describe a type of society in a Physics and Society article submitted
to arXiv.org on August 11, 2016?\n```\n\nTask Analysis:\n- We need to
identify the words labeling the three axes from the AI regulation paper
submitted June 2022 on arXiv.\n- Then find which one of those words is
used as a descriptor for a type of society in another article from
Physics and Society category on arXiv dated August 11, 2016.\n\nInitial
assumptions:\n- The unit or format for the answer is the specific word
(or words) used as label and descriptor.\n\nPlan:\n1. Obtain the figure
labels (words at both ends of each axis) from the June 2022 AI
regulation paper on arXiv.\n2. Extract or identify these label words
clearly.\n3. Search for an article under Physics and Society category
submitted August 11, 2016 on arXiv.\n4. Find which among those axis
label words describes a type of society in that article.\n5. Provide
that word as final answer.\n\nI suggest web_agent start by searching
for these two papers on arXiv and extract relevant information about
figure axes labels and society types mentioned respectively. Other
agents can prepare for processing and reasoning once data is
gathered.\n\nLet's coordinate our steps here.",
"timestamp": 1757700482083,
"mentions": [

"answer_finding",
"web",
"critique",
"reasoning_coding",
"document_processing"

]
},
{

"id": "3a80e850-91a2-44f7-bbed-35202dda9e78",
"threadName": "AI Regulation Paper Figure Axes Society Type Query",
"threadId": "3b493857-02fd-4957-8103-5df5acb1bce4",
"senderId": "document_processing",

725
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"content": "Starting document processing tasks for extracting figure
axes labels from the AI regulation paper (June 2022) and identifying
society type words in the Physics and Society article (August 11,
2016). Will coordinate with web_agent for document retrieval and then
proceed with detailed content extraction using documentation processing
capabilities.",
"timestamp": 1757700497508,
"mentions": [

"web",
"planning",
"answer_finding",
"critique",
"reasoning_coding"

]
},
{

"id": "2646b9fe-853c-4cef-b47a-bbe6398aac18",
"threadName": "AI Regulation Paper Figure Axes Society Type Query",
"threadId": "3b493857-02fd-4957-8103-5df5acb1bce4",
"senderId": "reasoning_coding",
"content": "Hello team,\n\nI am reasoning_coding_agent and ready to
assist with any reasoning, coding, or data processing tasks related to
the papers' figure axes labels and society type words. Please share any
extracted data or requests for me to run code or analyze text so we can
confirm the exact labeling words and identify which one describes a
type of society in the 2016 Physics and Society article.\n\nLooking
forward to collaborating closely for 100% certainty on the answer!",
"timestamp": 1757700497572,
"mentions": [

"planning",
"answer_finding",
"web",
"critique",
"document_processing"

]
}

]
}

]

726

B Prompt727

For clarity and reproducibility, we structure the prompts used in Anemoi into two distinct components for728

each agent:729

1. Role-Specific Instructions. This part specifies the responsibilities of each agent according to its730

designated role. For example, the planner focuses on task decomposition, the critique agent evaluates731

intermediate outputs, and the answer-finding agent compiles the final solution.732

2. A2A MCP Toolkit Usage Guidelines. This part provides instructions for interacting through the733

A2A communication server. These guidelines ensure consistent and structured communication among734

agents.735

In particular, worker agents are instructed to invoke the encapsulated toolkits (e.g., Web_Assistant,736

Document_Processing_Assistant, Reasoning_Coding_Assistant), which were derived from the cor-737

responding OWL agents. To mitigate the issue of worker agents being bypassed due to long execution738

times, each worker agent is required to broadcast a confirmation message both before initiating a task and739

after completing it. Other agents, upon receiving the “task-start” confirmation, are instructed to remain in740

a waiting state until further updates, ensuring synchronized progress across the system.741
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☼ Prompt of Planning Agent

You identify as "planning_agent" and work with the other agents through the A2A server.

Core Responsibilities:
1. Task Planning:

- Break down complex tasks into manageable steps
- Create detailed action plans
- Monitor task progress
- Adjust plans based on feedback.

2. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agents.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.

ALWAYS CONSULT EACH OTHER AGENT TO REACH A CONSENSUS BEFORE SUBMITTING AN ANSWER. If you
disagree, take it to a vote.

If the appropriate for the plan, you should encourage other agents to wait for web_agent
before speculating about the answer, as it will be able to find the most accurate information.

742

☼ Prompt of Critique Agent

You identify as "critique_agent" and work with other agents through the A2A server, but you
are not able to run code script.

Core Responsibilities:
1. Critical Questioning:

- Question assumptions made by other agents
- Challenge conclusions that lack sufficient evidence
- Ask for clarification on ambiguous statements
- Probe for deeper understanding and certainty

2. Quality Assurance:
- Ensure all claims are backed by evidence
- Identify logical fallacies in reasoning
- Point out potential biases in interpretations
- Demand precision in language and conclusions

3. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agents.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.

743

☼ Prompt of Answer Finding Agent

You identify as "answer_finding_agent" and collaborate with other agents to complete tasks,
but you are not able to run code script.

Core Responsibilities:
1. Answer Sending:

- Ensure to call the `send_answer` when you have the final solution to a task.
- ALWAYS CONSULT EACH OTHER AGENT TO REACH A CONSENSUS BEFORE SUBMITTING AN ANSWER. If you
disagree, take it to a vote. Submit each agent's vote and reasoning (ask them for it with
their vote) as evidence and ensure you have a majority of votes counted before submitting

744
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the answer. In the reviewing stage and consulting stage, convert the answer to the
simplest form consistent with the task, following its phrasing exactly. Examples of
conversions are:

```
Banana count -> Bananas
120km -> 120
"100.0" -> 100.0
(When the task asks "how many hundreds of x" and you find x is 500) 500 -> 5
```

Lastly, closely observe the task instructions to determine the desired units and
formatting for the answer. When submitting the answer, write it verbatim without any
additional explanations, comments, or writing the unit unless specified in the task
instructions.

2. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agents.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.

745

☼ Prompt of Web Agent

You are an advanced `web_agent` powered by web browsing/searching capabilities and working
within the A2A server ecosystem, but you are not able to run code script.

Core Capabilities:
1. Web Browsing and Searching

- Call `web_assistant` to approach all web-based tasks.
- Before every time you Call `web_assistant` to approach any web-based tasks, you must
first - Send a message to all agents to confirm you will start.
- Send results of web-based tasks to all agents after you get it.

2. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agent.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.
- Cooperate with other agents to track step completion, identify the bottlenecks, and
provide your idea according to your capabilities.

If you simply need more information, don't overthink it, just ask other agents for help
then try again when they respond.

746

☼ Prompt of Document Processing Agent

You are an advanced `document_processing_agent` powered by documentation processing
capabilities and working within the A2A server ecosystem, but you are not able to run code
script.

Core Capabilities:
1. Process Documents and Multimodal Data

- Call `documentation_assistant` to approach all documentation-processed-based tasks.
- Before every time you Call `documentation_processing_assistant` to approach any
documentation-processed-based tasks, you must first - Send a message to all agents to
confirm you will start.
- Send results of documentation-processed-based tasks to all agents after you get it.

747
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2. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agent.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.
- Cooperate with other agents to track step completion, identify the bottlenecks, and
provide your idea according to your capabilities.

If you simply need more information, don't overthink it, just ask other agents for help then
try again when they respond.

748

☼ Prompt of Reason Coding Agent

You are an advanced `reasoning_coding_agent` powered by reasoning, coding and running code
script capabilities and working within the A2A server ecosystem.

Core Capabilities:
1. Reasoning and Coding

- Call `reasoning_coding_assistant` to approach all reasoning and coding-based tasks (You
should NEVER do any reasoning or coding based tasks by yourself).
- Before every time you Call `reasoning_coding_assistant` to approach any reasoning and
coding-based tasks, you must first - Send a message to all agents to confirm you will
start.
- Send results of reasoning and coding-based tasks to all agents after you get it.

2. Agent Communication:
- Use `list_agents` to check available agents
- Use `wait_for_mentions` to receive messages
- Use `send_message` to communicate with the other agents.
- If an agent has confirmed it is ready to start something, you must calling
`wait_for_agent_messages` until it replies back to you, and during this period you must
never send any reminder or follow-up message to urge it.
- Cooperate with other agents to track step completion, identify the bottlenecks, and
provide your idea according to your capabilities.

If you simply need more information, don't overthink it, just ask other agents for help then
try again when they respond.

749

C Case Study: Anemoi vs. OWL 750

Case 1: Worker-Agent Driven Multi-Agent Debate 751

In this case, Anemoi demonstrates a worker-agent driven debate process. The task initially assigned the 752

Web_Agent to “assist with accessing and extracting content from page 11 of this book using its DOI, 753

focusing on text and endnotes.” However, the agent was unable to proceed due to being “blocked by 754

reCAPTCHA.” At this point, the Reasoning_Coding_Agent proposed an alternative approach: “Ex- 755

plore programmatic methods or APIs to access.” After validation from both the Planner and the 756

Critique_Agent, the Reasoning_Coding_Agent successfully implemented a programmatic solution 757

and identified the correct answer: “In endnote number 14, the Wikipedia article is cited as accessed on 4 758

November 2018.” 759

By contrast, in the OWL baseline, the Web_Agent encountered the same “blocked by reCAPTCHA” 760

issue. However, when replanning, OWL’s Planner failed to generate a viable alternative strategy, and the 761

task was not successfully completed. 762
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r Task

Task: In the endnote found in the second-to-last paragraph of page 11 of the book with the doi 10.2307/j.ctv9b2xdv,
what date in November was the Wikipedia article accessed? Just give the day of the month.

Ground Truth Answer: 4
763

☼ Anemoi’s Final Answer

The Anemoi produced the following final response:
"4"

764

☼ Anemoi’s Agent Dialogue

[Planner]:
Team, here is the task phrasing verbatim for our reference:

In the endnote found in the second-to-last paragraph of page 11 of the book with the
doi 10.2307/j.ctv9b2xdv, what date in November was the Wikipedia article accessed?
Just give the day of the month.

Task Analysis: We need to find a specific book identified by DOI: 10.2307/j.ctv9b2xdv, locate
page 11 of this book, identify the second-to-last paragraph on that page, find an endnote in
that paragraph referencing a Wikipedia article access date, and extract specifically the day
(date) in November when that Wikipedia article was accessed.
Output Formatting: The output should only be a number representing the day of November (e.g.,
"15" if it was November 15).
Next Steps: web_agent please assist with accessing and extracting content from page 11 of this
book using its DOI, focusing on text and endnotes; reasoning_coding_agent prepare to help parse
or analyze extracted text once available; answer_finding_agent and critique_agent please be
ready to review findings and validate final answers for accuracy and clarity.

[Web_Agent]:
Starting to process the book with DOI 10.2307/j.ctv9b2xdv to extract content from page 11,
specifically focusing on the second-to-last paragraph and its endnote for the Wikipedia article
access date in November.

Web_Agent] (Multi-Agents Debate):
I attempted to extract the full text of page 11 from the book with DOI 10.2307/j.ctv9b2xdv but
it was blocked by reCAPTCHAwas and was unable to retrieve the relevant content, including the
second-to-last paragraph or its endnote about the Wikipedia article access date in November.

[Reasoning_Coding_Agent (Multi-Agents Debate)]:
Web_Agent reports that automated web search for the book page 11 content is blocked by
JSTOR’s reCAPTCHA, preventing direct extraction of the second-to-last paragraph and its
endnote about the Wikipedia article access date in November. Manual access via JSTOR
login is required. I (reasoning_coding_agent) suggest we consider alternative approaches
such as 1. Continue to monitor for any new accessible sources or citations online that
mention this specific Wikipedia access date in November. 2. Explore programmatic methods
or APIs that might provide citation details for DOI 10.2307/j.ctv9b2xdv or related metadata
that could contain the needed date. Please advise on next steps or additional data sources to try.

[Planner (Multi-Agents Debate)]:
Team, reasoning_coding_agent has suggested exploring alternative approaches such as exploring
programmatic methods or related academic references that might quote or cite the Wikipedia article
access date from the book’s endnote. I recommend we proceed as follows, reasoning_coding_agent:
Please explore programmatic methods or APIs that might provide citation details for DOI
10.2307/j.ctv9b2xdv or related metadata that could contain the needed date.

[Critique_Agent (Multi-Agents Debate)]:
Reasoning_coding_agent, the planning agents has indicated that exploring alternative approaches
such as querying citation databases, bibliographic metadata, or related academic references
may be feasible.Please confirm your plan for programmatically querying these sources for DOI
10.2307/j.ctv9b2xdv to find any citation details or excerpts mentioning the Wikipedia article

765
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access date in November.

[Reasoning_Coding_Agent (Multi-Agents Debate)]:
Given the access limitations to the book page 11 content on JSTOR due to reCAPTCHA, I will now
attempt programmatic queries using bibliographic databases or citation metadata APIs (such as
CrossRef or others) for DOI 10.2307/j.ctv9b2xdv. The goal is to find any citation details or
excerpts that mention the Wikipedia article access date in November from the book’s endnote.I
will update with any findings shortly.

[Reasoning_Coding_Agent]:
I have found the relevant endnote text from the book’s endnotes (page 11 of the book corresponds
to PDF page 36). In endnote number 14, the Wikipedia article is cited as accessed on 4̈ November
2018.̈ This is the exact day in November when the Wikipedia article was accessed.This finding
directly matches the task requirement for the second-to-last paragraph’s endnote access date.

766

� OWL’s Final Response

OWL produced the following final response:
"15"

767

� OWL’s Agent Dialogue

[Planner]:
<tasks>
<task>Locate and access the book with the DOI 10.2307/j.ctv9b2xdv to obtain its content,
specifically focusing on page 11.</task>
<task>Extract the second-to-last paragraph of page 11 from the book’s content and identify the
endnote referenced there.</task>
<task>From the identified endnote, find the mention of the Wikipedia article and determine the
date in November when the Wikipedia article was accessed, extracting specifically the day of
the month.</task>
<task>Verify the extracted day of the month by cross-checking the endnote information using an
alternative method or tool to ensure accuracy.</task>
<task>Provide the final answer by explicitly stating the day of the month in November when the
Wikipedia article was accessed, based on the verified information from the endnote.</task>
</tasks>

[Coordinator_Agent]:
<task>Locate and access the book with the DOI 10.2307/j.ctv9b2xdv to obtain its content,
specifically focusing on page 11.</task>

Assignee: Web_Agent

[Web_Agent]:
The book with DOI 10.2307/j.ctv9b2xdv is available on JSTOR at
https://www.jstor.org/stable/j.ctv9b2xdv. However, accessing the content of page 11,
specifically the second-to-last paragraph and its endnote, is restricted due to JSTOR’s access
controls and reCAPTCHA verification, which blocks automated access. Therefore, I am unable to
extract the content of page 11 directly. To proceed, manual access through a JSTOR account or
institutional access is required to view and extract the needed information.

[Planner (replan)]:
<tasks>
<task>Locate and access the book with the DOI 10.2307/j.ctv9b2xdv, focusing on obtaining the
content of page 11, especially the second-to-last paragraph and its endnote.</task>
<task>Extract the text of the second-to-last paragraph on page 11 and identify the endnote
referenced there.</task>
<task>From the identified endnote, find the mention of the Wikipedia article and determine the
exact day in November when the Wikipedia article was accessed.</task>
<task>Verify the extracted day of the month by cross-checking the endnote information using an
alternative source or method to ensure accuracy.</task>
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<task>Provide the final answer by explicitly stating the day of the month in November when the
Wikipedia article was accessed, based on the verified information from the endnote.</task>
</tasks>

[Coordinator_Agent]:
<task>Locate and access the book with the DOI 10.2307/j.ctv9b2xdv, focusing on obtaining the
content of page 11, especially the second-to-last paragraph and its endnote.</task>

Assignee: Web_Agent

[Web_Agent]:
The book with DOI 10.2307/j.ctv9b2xdv is titled ’The Responsibility of Intellectuals: Reflections
by Noam Chomsky’ and is available on JSTOR at https://www.jstor.org/stable/j.ctv9b2xdv. However,
attempts to directly extract the content of page 11, especially the second-to-last paragraph
and its endnote, from the PDF links provided by JSTOR have failed due to technical issues with
processing the PDF file. Additionally, attempts to access the book content through browsing
or direct DOI search on JSTOR resulted in 404 errors or login requirements, preventing direct
access to the specific page content. Next steps would be to access the book through an
institutional login or library access on JSTOR to view the content of page 11 manually, or
to find an alternative source or library that provides access to this book. Without access
to the full text, the specific date in November from the endnote cannot be retrieved at this time.

769

Case 2: Critique-Agent Driven Multi-Agent Debate770

In this case, Anemoi illustrates a critique-agent driven debate process. The task initially instructed the771

Web_Agent to “find reliable data sources or databases about Yankees players’ 1977 season stats, focusing772

on walks and at bats.” The Web_Agent retrieved the information that “the Yankee player with the most773

walks in the 1977 regular season was Reggie Jackson. He had 74 walks and 525 at bats that season.”774

At this point, the Critique_Agent raised a concern: “Confirm if the walks totals for other top Yankees775

players from the 1977 season have been reviewed and compared? We need to be absolutely certain that776

Reggie Jackson led the team in walks that year with 74.” The Web_Agent then responded with additional777

data: “MLB official site: Jackson had 74 walks and 525 at bats, leading the Yankees in walks. Other778

players’ walks for comparison: Thurman Munson (39), Chris Chambliss (45), Bucky Dent (39), Roy779

White (75 but fewer games/AB).”780

The Critique_Agent then pointed out: “Given this: 1. Roy White had the most walks (75). 2. We781

now need to determine how many at bats Roy White had in 1977 to answer precisely.” The Web_Agent782

subsequently found: “Roy White: 143 games played, 519 at bats, 75 walks. Roy White actually had the783

most walks (75) on the Yankees in 1977, one more than Reggie Jackson’s 74.”784

In contrast, the OWL baseline also initially found Reggie Jackson’s “74 walks and 525 at bats that785

season.” However, even though a verification subtask was later triggered, it remained assigned to the786

Web_Agent, which failed to identify the correct answer.787

r Task

Task: How many at bats did the Yankee with the most walks in the 1977 regular season have that same season?

Ground Truth Answer: 519
788

☼ Anemoi’s Final Answer

The Anemoi produced the following final response:
"519"
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☼ Anemoi’s Agent Dialogue

[Planner]:
Team, here is the task phrasing verbatim for our work:

How many at bats did the Yankee with the most walks in the 1977 regular season have
that same season?

Let’s start by breaking down what is needed: 1. Identify which Yankee player had the most
walks (bases on balls) in the 1977 regular season. 2. Determine how many at bats that player
had in that same 1977 regular season. We need to be clear on units and formatting: The answer
should be a simple integer representing the number of at bats, exactly as recorded for that
player in 1977. No conversions or additional qualifiers are required unless otherwise specified.
I propose we first delegate to web agent to find reliable data sources or databases about
Yankees players’ 1977 season stats, focusing on walks and at bats. Other agents, please confirm
readiness or suggest adjustments.

[Web_Agent]:
All agents, I (web agent) am ready to start the web search task to find reliable data sources or
databases about the 1977 New York Yankees players’ stats, focusing on walks and at bats. Once
I gather initial relevant information, I will share it with you for further analysis. Please
stand by.

Web_Agent] (Multi-Agents Debate):
Team, I found that the Yankee player with the most walks in the 1977 regular season
was Reggie Jackson. He had 74 walks and 525 at bats that season. The source is the
official MLB website’s 1977 Yankees stats page: https://www.mlb.com/yankees/stats/1977 Please
review and confirm if we should consider this as our answer or if further verification is needed.

Critique_Agent (Multi-Agents Debate)]:
Web_agent, as part of verification, could you please confirm if the walks totals for other top
Yankees players from the 1977 season have been reviewed and compared? We need to be absolutely
certain that Reggie Jackson led the team in walks that year with 74. This confirmation is
crucial to ensure our answer meets 100% certainty before finalizing.

[Web_Agent (Multi-Agents Debate)]:
Team, here are direct excerpts from authoritative sources confirming Reggie Jackson’s walks and
at bats in 1977 for the Yankees: 1. MLB official site: Jackson had 74 walks and 525 at bats,
leading the Yankees in walks. Other players’ walks for comparison: Thurman Munson (39), Chris
Chambliss (45), Bucky Dent (39), Roy White (75 but fewer games/AB).

[Critique_Agent (Multi-Agents Debate)]:
Thank you, web_agent, for the important clarification regarding Roy White having 75 walks
versus Reggie Jackson’s 74 walks in the 1977 regular season. This introduces a significant
discrepancy. To all team members, please note the task wording exactly: Ḧow many at bats did
the Yankee with the most walks in the 1977 regular season have that same season?T̈his means we
must identify strictly who had the most walks by total count, regardless of playing time or at
bats. Given this: 1. Roy White had the most walks (75). 2. We now need to determine how many at
bats Roy White had in 1977 to answer precisely. Web_agent, please provide Roy White’s exact at
bats for 1977 from authoritative sources so we can finalize accurately.

[Web_Agent]:
Team, here is the clarification based on authoritative sources for the 1977 regular season: -
Reggie Jackson: 146 games played, 525 at bats, 74 walks. Roy White: 143 games played, 519 at
bats, 75 walks. Roy White actually had the most walks (75) on the Yankees in 1977, one more
than Reggie Jackson’s 74. The task wording asks for the Yankee with the most walks regardless
of playing time or other qualifiers. Therefore, the correct answer to how many at bats did the
Yankee with the most walks have in that season is: 519 (Roy White’s at bats). Please confirm
if we should finalize this as our answer. I can also provide source links and excerpts for
verification if needed.
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� OWL’s Final Response

OWL produced the following final response:
"525"

791

� OWL’s Agent Dialogue

[Planner]:
<tasks>
<task>Search for the list of New York Yankees players in the 1977 regular season along with
their walk statistics to identify the player with the most walks that season.</task>
<task>Retrieve the number of at bats for the identified Yankee player with the most walks in
the 1977 regular season.</task>
<task>Formulate the final question: Ḧow many at bats did the Yankee with the most walks in the
1977 regular season have that same season?änd answer it based on the retrieved data.</task>
<task>Verify the answer by cross-checking with an alternative authoritative baseball statistics
source to ensure accuracy.</task>
</tasks>

[Coordinator_Agent]:
<task>Search for the list of New York Yankees players in the 1977 regular season along with
their walk statistics to identify the player with the most walks that season.</task>

Assignee: Web_Agent

[Web_Agent]:
The player with the most walks (BB) for the New York Yankees in the 1977 regular season was
Reggie Jackson with 129 walks. Other players had fewer walks than him, with the next highest
being Roy White with 75 walks and Mickey Rivers with 45 walks. Therefore, Reggie Jackson had
the most walks in the 1977 regular season for the Yankees.

[Coordinator_Agent]:
<task>Retrieve the number of at bats for the identified Yankee player with the most walks in
the 1977 regular season.</task>

Assignee: Web_Agent

[Web_Agent]:
The number of at bats for Reggie Jackson, the identified Yankee player with the most walks in
the 1977 regular season, was 525 at bats.

[Coordinator_Agent]:
<task>Formulate the final question: Ḧow many at bats did the Yankee with the most walks
in the 1977 regular season have that same season?änd answer it based on the retrieved data.</task>

Assignee: Reasoning_Coding_Agent

[Reasoning_Coding_Agent]:
Final Question: How many at bats did the Yankee with the most walks in the 1977 regular season
have that same season? Answer: 525 at bats.

[Coordinator_Agent]:
<task>Verify the answer by cross-checking with an alternative authoritative baseball statistics
source to ensure accuracy.</task>

Assignee: Web_Agent

[Web_Agent]:
The number of at bats for Reggie Jackson in the 1977 regular season was 525, according to
Baseball-Reference.com, a highly authoritative source for baseball statistics. This matches the
previously given answer. Therefore, the answer has been verified as accurate by cross-checking
with an alternative authoritative baseball statistics source.
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D Anemoi Failed with Communication Latency 793

In this failure case, the Web_Agent was assigned to “search the USGS Nonindigenous Aquatic Species 794

database for data on nonindigenous crocodiles found in Florida from 2000 through 2020.” However, due 795

to excessive execution latency, the agent did not return results in a timely manner. After multiple inquiries 796

from other agents within the session received no response, the group collectively decided to abandon the 797

task. This case highlights a limitation of the system when facing communication delays, where prolonged 798

waiting can interrupt collaborative progress and ultimately lead to task failure. 799

r Task

Task: How many nonindigenous crocodiles were found in Florida from the year 2000 through 2020? You can get the
data from the USGS Nonindigenous Aquatic Species database.

Ground Truth Answer: 6
800

☼ Anemoi’s Final Answer

The Anemoi produced the following final response:
"give up: The web agent has not provided any data or updates from the USGS Nonindigenous Aquatic Species database
regarding nonindigenous crocodiles found in Florida from 2000 through 2020 despite multiple requests and reminders.
Without this data, we cannot determine the count with any certainty. Therefore, we must give up on this task due to lack
of data availability and inability to verify the answer."

801

☼ Anemoi’s Agent Dialogue

[Planner]:
I suggest the following initial plan: 1. Use the web agent to access the USGS Nonindigenous
Aquatic Species database and locate data on crocodiles in Florida. 2. Extract the relevant
data for the years 2000 through 2020. 3. Aggregate the count of nonindigenous crocodiles found
in that timeframe. 4. Verify the data and format the final answer as a simple number. Please
provide your input or suggestions before we proceed.

[Web_Agent]:
Hello team, I will start by searching the USGS Nonindigenous Aquatic Species database for
data on nonindigenous crocodiles found in Florida from 2000 through 2020. I will look for
any relevant reports, datasets, or records that specify the count of such crocodiles in that
timeframe and location.

[Planner]:
Web agent, could you please provide an update on your progress in locating the data on
nonindigenous crocodiles found in Florida from 2000 through 2020 in the USGS Nonindigenous
Aquatic Species database? If you have found relevant data or sources, please share them
with the team so we can proceed with extraction and analysis. If you need any assistance or
clarification, please let us know.

[Answer_finding_Agent]:
@web, we have not yet received the data or findings from the USGS Nonindigenous Aquatic Species
database regarding nonindigenous crocodiles in Florida from 2000 to 2020. Could you please
provide an update on your progress or any difficulties encountered? If you need specific
guidance on how to extract or summarize the data, please let us know so we can assist.

[Critique_Agent]:
Since there are no new updates yet from the web agent regarding the data retrieval, I want to
reiterate the importance of documenting the data source URL or document, the exact counts, and
any assumptions or data handling methods used once the data is found. Also, please provide any
metadata or documentation that can help us assess the completeness and accuracy of the data.
This will be critical for us to verify the final count and ensure 100% certainty in our answer.
If the web agent anticipates any delays or difficulties in finding the data, please communicate
that so we can adjust our approach accordingly.
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... (After several rounds of consultation and discussions on alternative approaches)

[Critique_Agent]:
Hello @web, critique agent here again. We have been waiting for some time without updates
on the data retrieval from the USGS Nonindigenous Aquatic Species database for nonindigenous
crocodiles found in Florida from 2000 to 2020. Could you please provide a status update or let
us know if you are facing any technical difficulties or access issues? If so, please communicate
immediately so we can assist or consider alternative approaches. Our goal remains to ensure
100% certainty in the final count, so clear data source documentation and verification steps
will be essential once data is available. Thank you for your cooperation.
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