
MDTeamGPT: Mitigating Context Collapse and Enabling Self-Evolution in
Medical Multi-Agent Reasoning

Anonymous ACL submission

Abstract001

Large language models (LLMs) have shown002
great potential in multi-disciplinary team003
(MDT) medical consultations. However, long,004
multi-round, multi-role interaction trajecto-005
ries inevitably lead to severe information di-006
lution and context window overload, trigger-007
ing context collapse which destabilizes rea-008
soning. Furthermore, prior systems typically009
rely on unstructured trajectory history stor-010
age without structurally distilling key infor-011
mation or reflecting on errors, severely limit-012
ing continuous learning capabilities. We pro-013
pose MDTeamGPT, a context-resilient and014
self-evolving multi-agent framework. Mech-015
anistically, we introduce a specialized Lead016
Physician mechanism combined with a Resid-017
ual Context architecture to compress and reor-018
ganize multi-round consensus, effectively mit-019
igating context overload and reducing compu-020
tational costs. For memory, we design a Dual021
Knowledge Base system comprising a Correc-022
tKB for verified trajectories and a ChainKB for023
reflective error analysis, enabling self-evolution024
via retrieval from both successes and failures.025
We evaluated our framework on standard text026
datasets (MedQA, PubMedQA), multimodal027
benchmarks (VQA-RAD, SLAKE), and col-028
lected more complex clinical problems. Exper-029
imental results show that MDTeamGPT sub-030
stantially outperforms existing baselines across031
both text-based and multimodal tasks, while032
also demonstrating superior diagnostic perfor-033
mance and stability in complex clinical scenar-034
ios. Our code is available at anonymous link.035

1 Introduction036

When diagnosing and treating complex diseases,037

a single-specialty medical perspective frequently038

proves insufficient to address patients’ comprehen-039

sive and precise healthcare needs, thereby necessi-040

tating the implementation of a Multi-Disciplinary041

Team (MDT) and diversified clinical perspec-042

tives (Macken et al., 2022; Zhou and Xu, 2023).043

Context Engineering

A previously healthy 36-year-old man 
presents with yellow skin discoloration 
and dark urine for 2 weeks … 
examination confirms jaundice … labs 
show elevated ALT and AST … PAS-
stained liver biopsy performed … What 
is the most likely additional finding?

Consistency Conflict Independence Integration

... All experts back bullous 
lung-base changes, 
showing strong consistency 
in their reasoning...

...The neurologist instead 
stresses myocardial iron 
deposition, creating a clear 
conflict with the prevailing 
view...

... The pathologist 
independently proposes α-1 
antitrypsin deficiency, adding 
an independent perspective...

... Balancing consistency, 
conflict, and independence, 
the team endorses bullous 
lung-base changes and 
notes the pathologist’s insight 
for follow-up...

Tools Usage Long-Term Memory

Tool feedback {labs, 
imaging, guidelines}

Retrieved 5 similar cases 
{CorrectKB, ChainKB}

Figure 1: The Lead Physician consolidates agent out-
puts into four dialectical categories: consistency, con-
flict, independence, and integration, with supporting
references (tools usage and long-term memory), to en-
sure a comprehensive and structured diagnostic context.

MDT facilitates the development of more accurate 044

and holistic therapeutic strategies through system- 045

atic integration of expertise across medical disci- 046

plines (Makary, 2011). Nevertheless, the organi- 047

zation of interdisciplinary consultations demands 048

substantial temporal and human resources, while re- 049

maining vulnerable to procedural oversights, cogni- 050

tive biases, and communication inefficiencies (Bur- 051

ton et al., 2022). Such systemic challenges may 052

ultimately compromise healthcare quality and ad- 053

versely affect patient outcomes. 054

Large Language Models (LLMs), leveraging 055

their massive parameter scales and extensive train- 056

ing on vast knowledge bases across diverse do- 057

mains, have demonstrated excellent reasoning 058

abilities and zero-shot generalization capabili- 059

ties (Achiam et al., 2023; Touvron et al., 2023; 060

Sun et al., 2025). These capabilities have prompted 061

researchers to explore deploying autonomous LLM 062

agents to enhance Multi-Disciplinary Team (MDT) 063

diagnostics (Kim et al., 2024; Chen et al., 2024b; 064

Wang et al., 2025), aiming to improve the efficiency 065

and rigor of clinical consultations without relying 066

on resource-intensive human coordination. 067

Constrained by strict privacy limitations and the 068

scarcity of standardized high-quality medical data, 069

supervised fine-tuning (SFT) and post-training of 070
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medical LLMs remain challenging. Consequently,071

Multi-Agent frameworks have emerged as a promis-072

ing alternative (Liu et al., 2023; Du et al., 2023),073

which elicit latent medical knowledge and mitigate074

individual model hallucinations through collabo-075

rative debate. Existing works have explored role076

configuration (Tang et al., 2023; Long et al., 2024),077

subtask decomposition (Pandey et al., 2024), and078

clinical simulation (Schmidgall et al., 2024) to op-079

timize these collaborative processes.080

Despite these advancements, current multi-agent081

MDT systems still face two critical bottlenecks.082

First is context collapse in long-horizon reason-083

ing. As trajectory tokens rapidly accumulate due to084

multi-expert interactions, the system is often forced085

to compress historical context for subsequent turns.086

This process frequently leads to coarse summariza-087

tion, causing the sudden loss of fine-grained details088

and critical patient information, thereby destabiliz-089

ing reasoning efficiency and accuracy (Maharana090

et al., 2024; Zhang et al., 2025). Second is ineffi-091

cient experience evolution. Although some systems092

attempt to accumulate medical experience (Wei093

et al., 2024; Li et al., 2024c; Zhu et al., 2025), they094

often merely archive raw diagnostic process histo-095

ries. Due to the lack of structured distillation of096

successful reasoning trajectories or deep reflection097

on erroneous cases, these systems cannot convert098

data into transferable strategies, limiting their abil-099

ity to self-evolve and generalize to complex, unseen100

scenarios (Li et al., 2024b; Sarthi et al., 2024).101

In this paper, we propose MDTeamGPT, a self-102

evolving LLM-based multi-agent framework for103

multi-disciplinary team (MDT) medical consulta-104

tion. The system includes multiple doctor roles and105

auxiliary roles. A “patient” role enters the system106

with specific background information and medical107

questions, and the Primary Care Doctor assigns108

the case to the most appropriate specialist agents109

based on the patient’s condition. The specialist110

agents then conduct multi-round case discussions111

and share contextual information. After each round,112

the Lead Physician performs agentic context en-113

gineering and structures the round’s information114

into Consistency, Conflict, Independence, Inte-115

gration, as well as Tools Usage and Long-Term116

Memory, as illustrated in Figure 1. In subsequent117

rounds, agents follow a residual discussion scheme118

and only reference the compressed information119

stored in the Residual Context. Once consensus120

is reached after multiple rounds of deliberation,121

the final consultation outcome is reviewed by a122

Reflector, who checks for safety and consistency 123

and then produces the final conclusions and recom- 124

mendations. At the same time, the system records 125

the consultation process into different knowledge 126

bases according to the correctness of the outcome, 127

enabling retrieval and reuse in future cases and 128

continuously improving overall performance. In 129

summary, our main contributions are as follows: 130

• We propose an MDT-oriented multi-agent 131

medical consultation framework that incor- 132

porates a Lead Physician mechanism and a 133

Residual Context structure, which effectively 134

integrates multi-round discussion outcomes, 135

mitigates context collapse, and improves the 136

accuracy of reasoning and decision making. 137

• The framework adopts an adaptive learning 138

mechanism that leverages both correct and 139

incorrect diagnostic experiences, continuously 140

accumulating and strengthening transferable 141

reasoning capabilities. 142

• Experimental results show that, with 900 143

rounds of accumulated consultation experi- 144

ence, the framework achieves leading accura- 145

cies of 90.9% on MedQA and 84.4% on Pub- 146

MedQA, while also demonstrating superior 147

performance and stability across multimodal 148

benchmarks and self-collected complex clini- 149

cal cases. Cross-dataset tests further confirm 150

that the constructed knowledge bases preserve 151

generalizable reasoning abilities rather than 152

merely memorizing isolated cases. 153

2 Related Work 154

2.1 LLM-based Multi-Agent Collaboration 155

Well-structured multi-agent systems can signifi- 156

cantly reduce errors and enhance interaction ef- 157

ficiency (Park et al., 2023; Qian et al., 2024d). 158

ChatDev (Qian et al., 2024c) splits tasks into sub- 159

tasks managed by an instructor and an assistant, us- 160

ing multi-round inquiries to mitigate hallucinations. 161

MACNET (Qian et al., 2024d) adopts a directed 162

acyclic graph with topological sorting for interac- 163

tive reasoning, and MetaGPT (Hong et al., 2024) 164

encodes SOPs for roles akin to a software com- 165

pany, effectively coordinating specialized expertise. 166

However, these methods primarily focus on soft- 167

ware development and face applicability challenges 168

in medical consultations. MedAgents (Tang et al., 169

2023) assigns distinct doctor roles to each LLM- 170

Agent and uses consensus voting, but lacks a robust 171
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strategy, risking collective hallucinations (Chen172

et al., 2024a). SeM-Agents (Chen et al., 2025)173

employs voting and correct experience accumula-174

tion but neglects context maintenance strategies175

against information dilution and error experience176

utilization. KAMAC (Wu et al., 2025) advances177

this by integrating medical knowledge graphs to178

dynamically generate adaptive roles and guide col-179

laborative reasoning, grounding decisions in ver-180

ified domain knowledge. Triageagent (Lu et al.,181

2024b) proposes a confidence-guided, role-specific182

LLM framework that enhances clinical triage ac-183

curacy through specialized role assignments and184

confidence assessment. AgentClinic (Schmidgall185

et al., 2024) introduces a multimodal benchmark186

that evaluates LLM agents in simulated clinical187

workflows with patient interactions, tools, and med-188

ical imaging. While these approaches facilitate189

multi-role interaction, they predominantly rely on190

simple aggregation mechanisms to reach consen-191

sus, and have not fully explored leveraging agentic192

context engineering to deeply integrate conflicting193

evidence or resolve professional disagreements.194

2.2 Experience Utilization195

Inspired by human knowledge acquisition mecha-196

nisms, equipping LLM agents with reflective mem-197

ory modules can enhance their problem-solving198

abilities (Zhong et al., 2024). ExpeL (Zhao et al.,199

2024) accumulates experience from past successful200

cases and calls upon this knowledge during subse-201

quent reasoning. Co-Learning (Qian et al., 2024a)202

focuses on collecting experience-driven heuristics203

from previous actions, enabling agents to handle204

novel tasks more flexibly. IER (Qian et al., 2024b)205

allows LLM agents to iteratively refine accumu-206

lated experience during task execution. Health-207

Flow (Zhu et al., 2025) introduces a meta-planning208

mechanism that enables agents to dynamically re-209

structure workflows based on task feedback and210

thereby achieve autonomous policy evolution in211

complex biomedical research scenarios. Agent212

Hospital (Li et al., 2024d) leverages medical record213

libraries and experience databases to accumulate214

diagnostic data, which strengthens prompt design215

for medical agents and supports their continuous216

evolution. However, these methods still lack suffi-217

cient abstraction, summarization, and reflection on218

erroneous cases, which limits their ability to extract219

and exploit valuable insights from mistakes.220

2.3 Context Engineering 221

Context engineering refers to improving the behav- 222

ior of large language models by constructing or 223

adjusting their input context rather than modify- 224

ing model weights. For instance, recent work has 225

shown that leveraging prompting to augment con- 226

text can effectively help models embrace unknown 227

domains (Liu et al., 2024b). A typical pattern is to 228

let the model inspect the current context together 229

with execution traces, reasoning steps, or validation 230

results, then generate natural-language feedback on 231

how the context should be rewritten, and write this 232

feedback back into the context to form an itera- 233

tive optimization loop. Existing methods such as 234

Reflexion (Shinn et al., 2023) use failure cases to re- 235

flect and improve agent planning, GEPA (Agrawal 236

et al., 2025) iteratively edits prompts based on ex- 237

ecution traces, and Dynamic Cheatsheet (Suzgun 238

et al., 2025) accumulates strategies and lessons in 239

an external memory. While these natural-language 240

feedback approaches offer flexibility, they primar- 241

ily focus on optimizing single-agent reasoning tra- 242

jectories, lacking structured context management 243

mechanisms specifically designed to handle the 244

complex viewpoint conflicts and consensus build- 245

ing inherent in multi-agent collaboration. 246

3 Method 247

This section presents an overview of the medical 248

consultation framework. The framework specifies 249

two role sets: specialist agents S (General Internal 250

Medicine Doctor, General Surgeon, Pediatrician, 251

Obstetrician and Gynecologist, Radiologist, Neu- 252

rologist, Pathologist, Pharmacist) and auxiliary 253

agents A (Primary Care Doctor, Lead Physician, 254

Chain-of-Thought Reviewer, Reflector). By editing 255

the role profiles, users can flexibly add or remove 256

agents and adjust their types to match specific clin- 257

ical tasks. This role design broadens the frame- 258

work’s applicability to diverse and complex cases. 259

Agents in A do not issue diagnoses directly but 260

join the consultation after the specialist team has 261

been selected and provide supervision and coordi- 262

nation. Prompt templates for all roles are listed in 263

Appendix A, and Figure 2 shows the framework’s 264

three-stage workflow. 265

3.1 Arranging Specialist Doctors 266

When a patient agent arrives with background C 267

(demographics, history, exam findings, and key 268

imaging) and query Q, the Primary Care Doctor 269
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A 35-year-old man with IgA nephropathy presented with confusion, blurry vision, and 
seizures. Two weeks before presentation, he had started receiving cyclosporine. 
Physical examination was notable for a blood pressure of 160/80 mm Hg, drowsiness, 
and decreased visual acuity. A fundoscopic examination was normal. T2-weighted 
MRI with fluid-attenuated inversion recovery sequencing of the head was performed. 
What is the most likely diagnosis?

A. Acute demyelinating encephalomyelitis B. Methanol ingestion C. Multifocal ischemic infarcts
D. Posterior reversible encephalopathy syndrome E. West Nile virus encephalitisArrange Doctors

Candidate Layer

Summary: {…} 
(i >= 2)

Season: {…}

Conclusion: {D…}

Summary: {…} 
(i >= 2)

Season: {…}

Conclusion: {A…}

Summary: {…} 
(i >= 2)

Season: {…}

Conclusion: {C…}

Consultation Layer

Context Engineering Layer

Consistency Conflict

IndependenceIntegration

Tool Usage

Long-Term ContextR
es

id
ua

l C
on

te
xt

i

i+2

i+1

Input

To
ol

s

Experience Layer

×𝑵

Reflector

Open

Close

Summary

Answer

Correct Answer 
Knowledge Base

Chain of Thought 
Knowledge Base Chain-of-Thought

Reviewer

…After review, 
option D 

confirmed… No 
safety concerns; 

cleared for 
release.

Reach a 
consensus

Output Layer

D
uring training, 
it feeds back 

correct/incorrect.

Figure 2: Overview of the MDTeamGPT framework. The Candidate and Consultation Layers organize multi-
round specialist discussions (i ∈ {1, . . . , T}). The Context Engineering Layer compresses each round’s trajectory
into a structured summary stored in the Residual Context. Starting from Round 3 (i = 3), specialists access a sliding
window of these summaries (Round i− 2 and i− 1) to mitigate context collapse. The Experience Layer maintains
the CorrectKB and ChainKB for long-term learning, while the Output Layer ensures consensus and updates the
knowledge bases with verified cases.

Agent selects a specialist subset Roles from the270

candidate pool S, corresponding to the Candidate271

Layer in Figure 2. Before finalizing, it outputs272

a natural-language justification Reasons for each273

choice, guided by a small set of curated few-shot274

exemplars that keep the output structured and in-275

terpretable. The formalized workflow is as follows276

and can be written as:277

Reasons, Roles = LLMPrimaryCare(S, C, Q) (1)278

279 Roles ⊆ S (2)280

281
Consultation = MDTeamGPT(Roles, C, Q) (3)282

This design reduces consultation “contamina-283

tion” by excluding irrelevant specialist agents,284

which cuts redundant information and potential285

cognitive interference. Introducing too many ex-286

perts would slow the discussion and inject domain287

knowledge only weakly related to the patient’s con-288

dition, shifting the diagnostic focus and increasing289

decision complexity. During framework configu-290

ration, we curate representative cases as few-shot291

exemplars so that the Primary Care Doctor Agent292

produces structured outputs with transparent rea-293

soning and specialist selection.294

3.2 Multi-Round Context Engineering295

Once the specialist doctors have been determined,296

the consultation process begins. In the first round,297

each specialist provides a judgment and opinion298

based on the patient’s condition, denoted as S1,k299

(the response of the k-th specialist in round 1). For 300

closed-ended questions, the specialist outputs a fi- 301

nal option, and for open-ended questions, a brief 302

conclusion. At this stage, the specialist agents can- 303

not see one another’s responses. 304

All statements are then aggregated and sent 305

to the Lead Physician (prompt details in Ap- 306

pendix A.3), who organizes them into six structured 307

components: Consistency, Conflict, Independence, 308

Integration, Tools Usage, and Long-Term Memory: 309

Consistency: collects parts of agents’ statements 310

that agree with each other. 311

Conflict: identifies contradictory points when 312

agents disagree and remains empty when their an- 313

swers fully align. 314

Independence: extracts each agent’s unique 315

viewpoints, i.e., information mentioned only by 316

one agent, and remains empty when no unique 317

views exist. 318

Integration: synthesizes all agents’ statements 319

into a single coherent structured summary covering 320

all perspectives. 321

Tools Usage: records the external tools invoked 322

in the current round and their key outputs. 323

Long-Term Memory: records key information 324

retrieved from CorrectKB and ChainKB, together 325

with its role in the current reasoning. 326

The processed result is denoted as S6
1 and written 327

into the Residual Context (R). The consultation 328

then proceeds to the next round. 329

From the second round onward, each specialist 330

agent can access the structured information from 331
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the previous round stored in R. They incorporate332

these summaries into their prompts to refine their333

responses, producing new statements S2,k together334

with an option ID and corresponding content. As in335

the first round, all statements are sent to the Lead336

Physician, who processes them into S6
2 .337

Starting from round i + 2 (with i ≥ 1), the R338

acts as a round-wise updated context queue that339

exposes only the structured outputs from the two340

most recent rounds to the specialists in the current341

round, namely S6
i and S6

i+1. In round i+ 2, each342

agent integrates the key information from these two343

summaries, further refines its prompt, articulates344

its stance, and provides its updated choice.345

The discussion continues until all specialist346

agents reach consensus on the final answer. If con-347

sensus is not reached and the number of rounds348

has not yet hit the predefined upper bound of 15349

rounds, the consultation proceeds to the next round.350

If the maximum number of rounds is reached with-351

out consensus, the final answer is determined by352

the majority rule. In the case of a tie, the Reflector353

makes the final decision.354

This combination of Lead Physician and Resid-355

ual Context structure reduces information contam-356

ination, improves discussion efficiency, and alle-357

viates context collapse. By restricting access to358

deeper memory layers, the framework limits the359

degree to which agents can be overly influenced360

by others and thus helps to mitigate hallucinations.361

For a detailed description of the consultation pro-362

cess, please refer to Algorithm 1 in Appendix E.363

3.3 Summary and Output Stage364

At this stage, the determination of the final con-365

clusion (F ) relies on the question modality and366

consensus state. For closed-ended questions, a rule-367

based majority vote is employed. In the case of368

standard open-ended inquiries, the Reflector agent369

assesses the consistency of viewpoints. In deadlock370

scenarios where consensus remains unreachable371

after the maximum round limit, the Reflector inter-372

venes by synthesizing the comprehensive historical373

summaries accumulated within the R. to adjudicate374

the definitive F . This conclusion is subsequently375

validated against the ground truth.376

If the F is accurate, the Chain-of-Thought Re-377

viewer (CoT Reviewer) summarizes and organizes378

the patient’s C, medical problem (Q), and the struc-379

tured statements from the final consultation round380

S6
final. The processed record is archived in the Cor-381

rect Answer Knowledge Base (CorrectKB). The382

storage format is as follows: 383

CorrectKB: For correct cases, the CoT Reviewer 384

stores a JSON record { "Question": ⟨·⟩, "Answer": 385

⟨·⟩, "Summary of S6
final": ⟨·⟩ } 386

Conversely, if the consultation outcome is in- 387

correct, the CoT Reviewer generates an abstract 388

summary of the session. This summary includes 389

C and Q and is structured according to the initial 390

hypothesis, analysis process, final conclusion, and 391

reflection on error causes. The summary is then 392

stored in the Chain-of-Thought Knowledge Base 393

(ChainKB). The storage format is as follows: 394

ChainKB: For incorrect cases, it records 395

{ "Question": ⟨·⟩, "Correct Answer": ⟨·⟩, "Initial 396

Hypothesis": ⟨·⟩, "Analysis Process": ⟨·⟩, "Final 397

Conclusion": ⟨·⟩, "Error Reflection": ⟨·⟩ } 398

When a new patient arrives, their C and Q are 399

used to retrieve the Top-K most similar cases from 400

both knowledge bases based on vector retrieval 401

with cosine similarity computation (K = 5 in our 402

application; see Appendix C.9 for sensitivity anal- 403

ysis). This retrieval process enhances the prompts 404

(P ) for the specialist agents. 405

To ensure independent reasoning, knowledge re- 406

trieval is deferred to the second round, primarily to 407

resolve conflicts. In cases of immediate consensus, 408

the knowledge bases serve as a reflective validation 409

tool (see Algorithm 2 in Appendix E). 410

It is worth noting that the core model responsi- 411

ble for embedding textual content into the vector 412

spaces of CorrectKB and ChainKB is OpenAI’s 413

‘text-embedding-3-small’1. 414

4 Experiments 415

4.1 Datasets 416

We utilize the MedQA (Jin et al., 2021) and Pub- 417

MedQA (Jin et al., 2019) datasets to validate 418

our framework. The MedQA dataset consists 419

of USMLE-style questions, each offering four or 420

five possible answers, designed to assess medical 421

knowledge and practical skills. PubMedQA, based 422

on research paper abstracts, presents questions with 423

Yes/No/Maybe answers, aiming to evaluate the per- 424

formance of natural language processing models in 425

academic question answering. The final results are 426

based on the test sets of each dataset, with the Cor- 427

rectKB and ChainKB containing only experiences 428

from the training sets. All results are averaged over 429

1https://platform.openai.com/docs/guides/
embeddings/embedding-models
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five runs with standard deviations reported. Exper-430

imental results for multimodal tasks, along with431

a collection of more complex multimodal clinical432

cases, are available in Appendix C. Experiments433

in the main text exclude tool usage; please refer to434

Appendix D for the analysis of tool integration.435

4.2 Main Results436

This section evaluates the zero-shot accuracy and437

F1 score of MDTeamGPT for medical consulta-438

tion tasks using gpt-4-turbo as the backbone model,439

with human evaluation included as a complemen-440

tary assessment (see Appendix C.8). The ex-441

periments construct the CorrectKB and ChainKB442

through 900 rounds of consultations, and the over-443

all results are reported in Table 1. We compare444

MDTeamGPT against standard baselines (Single-445

Agent, CoT, ReAct) and representative single- and446

multi-agent frameworks. The results indicate that447

MDTeamGPT consistently outperforms existing448

state-of-the-art methods. Compared with MDA-449

gents, which achieves the second-best performance450

on MedQA, MDTeamGPT improves accuracy and451

F1 score by 1.2% and 2.1%, while surpassing Med-452

prompt on PubMedQA by 2.9% and 2.4%. Rel-453

ative to SeM-Agents, which is limited to voting454

over correct experiences and lacks an aggregation455

mechanism, MDTeamGPT further achieves gains456

of 1.7% and 2.2% on MedQA and 1.3% and 1.8%457

on PubMedQA in terms of accuracy and F1 score,458

respectively, resulting in a 1.5% advantage in aver-459

age accuracy. These improvements primarily arise460

from the synergy of lead physician aggregation,461

residual context, and the dual knowledge base de-462

sign based on CorrectKB and ChainKB. In addition,463

MDTeamGPT exhibits the lowest variance across464

all datasets, confirming its strong stability in com-465

plex medical consultation scenarios.466

4.3 Ablation Studies467

To quantify the contribution of each core compo-468

nent in MDTeamGPT, we conduct ablation experi-469

ments using gpt-4-turbo as the backbone model, as470

summarized in Table 2.471

We first examine the synergy between Residual472

Context and the Lead Physician mechanism. Ex-473

periments 1–4 show that each component alone474

yields limited improvements, whereas their joint475

use in Experiment 4 leads to a substantial perfor-476

mance jump. Compared with the free discussion477

baseline in Experiment 1, this configuration im-478

proves accuracy by 5.8% on MedQA and 3.6%479

on PubMedQA. These results demonstrate that the 480

synergistic combination of structured guidance and 481

residual-style discussion effectively suppresses hal- 482

lucinations and noise inherent in unconstrained in- 483

teractions, and plays a critical role in achieving 484

significant diagnostic performance gains. 485

We then investigate the impact of the dual 486

knowledge base mechanism. Relative to the no- 487

knowledge-base baseline in Experiment 4, intro- 488

ducing CorrectKB alone in Experiment 5 yields 489

the most pronounced improvement, with accu- 490

racy gains of 4.6% and 6.2% on MedQA and 491

PubMedQA, respectively, outperforming the gains 492

from introducing ChainKB alone in Experiment 6, 493

which are 1.5% and 1.0%. While CorrectKB pro- 494

vides direct guidance toward correct decisions, rely- 495

ing on it alone prevents the system from reflecting 496

on erroneous reasoning paths, leaving specific his- 497

torical misdiagnoses uncorrected. Consequently, 498

combining both knowledge bases in Experiment 7 499

achieves the best overall performance, with an av- 500

erage accuracy of 87.7%, confirming that the full 501

value of historical data can only be realized by 502

jointly leveraging correct-experience guidance and 503

chain-of-thought based reflective error correction. 504

4.4 Context behavior 505
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Figure 3: Performance comparison illustrating context
collapse in long-term discussions.

This section investigates the efficacy of the Lead 506

Physician and the Residual Context mechanism in 507

mitigating context collapse. We utilized a mixed 508

dataset comprising MedQA and PubMedQA, re- 509

moved consensus-based early stopping, and en- 510

forced a free-form discussion ranging from 1 to 511

15 rounds, with the final determination made by 512

the Reflector. As a baseline, the Simple Summary 513

method passes the unprocessed full history to spe- 514

cialist agents, requiring self-summarization. In 515

contrast, MDTeamGPT manages context through 516

the joint efforts of the Lead Physician’s structural 517
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MedQA PubMedQA AverageMethod
Accuracy (%) F1-score (%) Accuracy (%) F1-score (%) Accuracy (%)

Single-Agent 77.4 ± 1.8 76.2 ± 2.1 75.3 ± 2.0 73.7 ± 1.7 76.4
Single-Agent (w/) CoT 76.6 ± 1.5 75.1 ± 1.8 76.9 ± 1.6 74.8 ± 1.4 76.8
Single-Agent (w/) ReAct 78.5 ± 1.7 76.9 ± 1.9 75.8 ± 1.4 74.1 ± 1.8 77.2
Medprompt (Nori et al., 2023) 89.6 ± 1.0 87.5 ± 0.9 81.5 ± 1.1 80.1 ± 0.8 85.6
Multi-expert Prompting (Long et al., 2024) 86.6 ± 0.7 84.9 ± 0.8 82.7 ± 1.2 81.6 ± 1.0 84.7

EoT (5-Agent-Debate) (Yin et al., 2023) 80.1 ± 1.3 79.2 ± 1.7 76.7 ± 1.7 74.6 ± 1.5 78.4
LLM Discussion (Lu et al., 2024a) 80.4 ± 1.4 78.3 ± 1.6 78.2 ± 1.5 76.4 ± 1.3 79.3
Triageagent (Lu et al., 2024b) 84.0 ± 0.9 83.2 ± 0.8 77.6 ± 1.3 75.8 ± 1.2 80.8
MedAgents (Tang et al., 2023) 83.9 ± 1.1 82.6 ± 0.9 77.2 ± 1.4 75.4 ± 1.6 80.6
MDAgents (Kim et al., 2024) 89.7 ± 1.6 86.5 ± 1.2 78.3 ± 1.3 74.6 ± 1.4 84.0
SeM-Agents (Chen et al., 2025) 89.2 ± 0.8 86.4 ± 1.0 83.1 ± 1.1 80.7 ± 0.9 86.2

MDTeamGPT (ours) 90.9 ± 0.6 88.6 ± 0.5 84.4 ± 0.8 82.5 ± 1.1 87.7

Table 1: Main results on accuracy and F1-score across MedQA and PubMedQA datasets. All results were obtained
using gpt-4-turbo. We highlight the optimal and suboptimal methods in bold and underline, respectively.

Residual
Context

Lead
Physician

CorrectKB
(900 rounds)

ChainKB
(900 rounds)

MedQA (%) PubMedQA (%) Average (%)

✗ ✗ ✗ ✗ 78.5 ± 1.3 74.0 ± 1.7 76.3
✓ ✗ ✗ ✗ 76.9 ± 0.8 74.8 ± 1.4 75.9
✗ ✓ ✗ ✗ 78.2 ± 1.4 75.4 ± 1.2 76.8
✓ ✓ ✗ ✗ 84.3 ± 1.1 77.6 ± 1.3 81.0
✓ ✓ ✓ ✗ 88.9 ± 0.5 83.8 ± 0.9 86.4
✓ ✓ ✗ ✓ 85.8 ± 0.9 78.6 ± 1.2 82.3
✓ ✓ ✓ ✓ 90.9 ± 0.6 84.4 ± 0.8 87.7

Table 2: Ablation study evaluating the impact of different module compositions on accuracy metrics.

reorganization and the Residual Context.518

Figure 3 shows that the context behavior of the519

Baseline is highly unstable. Specifically, by round520

4, the token count plummeted from 4,746 to 1,584,521

exhibiting early signs of collapse. Although the522

token count recovered, reaching a peak of∼14,423523

and a maximum accuracy of 81.6% in round 9,524

a devastating and typical context collapse (high-525

lighted by the red circle) reoccurred in round 12.526

Triggered by forced compression due to contextual527

overload, the token count plunged to 1,263, thereby528

causing a precipitous drop in accuracy to 73.8%.529

Thus, simple linear summarization is insufficient530

to support long-term medical reasoning.531

In contrast, MDTeamGPT demonstrated excep-532

tional stability. Benefiting from its mechanism, the533

system successfully maintained token consump-534

tion at approximately 10,000 without experienc-535

ing severe collapse. Accuracy rose steadily from536

72.7% to a peak of 87.5% in round 8, and consis-537

tently remained above 85% in subsequent rounds.538

These results demonstrate that the synergy of the539

Lead Physician and the Residual Context effec-540

tively overcomes information forgetting and en-541

sures the stability of long-term reasoning.542

4.5 Self-Evolving Capability543

To systematically evaluate the self-evolving capa-544

bility of MDTeamGPT, we conducted extensive545

experiments using a diverse set of backbone mod- 546

els, including gpt-4-turbo, gpt-3.5-turbo, gpt-4o, 547

llama3-8B, llama3-70B (Dubey et al., 2024), glm- 548

4-plus (Zeng et al., 2024), deepseek-v3 (Liu et al., 549

2024a), and qwen3-32B (Yang et al., 2025). As 550

illustrated in Figure 4(a–b), with the continuous 551

injection of historical consultation cases, all mod- 552

els exhibit a consistent upward trend in diagnostic 553

accuracy on both MedQA and PubMedQA, eventu- 554

ally achieving stable convergence after accumulat- 555

ing approximately 600 cases. 556

A notable observation emerges from the data 557

analysis: models with weaker baseline capabilities 558

(e.g., llama3-8B) demonstrate a markedly steeper 559

improvement slope than stronger counterparts such 560

as gpt-4o. This finding indicates that the proposed 561

framework effectively compensates for inherent 562

disadvantages in parameter scale, enabling smaller 563

models to obtain substantial marginal gains through 564

iterative experience accumulation. 565

Figure 4(c–d) further quantify the relative per- 566

formance improvements of each model after ac- 567

cumulating 900 rounds of experience, compared 568

with the Single-Agent Baseline. The radar plot 569

results provide compelling evidence of the model- 570

agnostic nature and universal performance gains 571

of MDTeamGPT. Regardless of a model’s static 572

knowledge capacity or instruction-following ability, 573

the framework consistently enhances long-horizon 574
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Figure 4: Performance analysis of MDTeamGPT. (a-b) Accuracy trajectories on MedQA and PubMedQA. (c-d)
Relative improvements over baselines on MedQA and PubMedQA across diverse LLMs.

reasoning through dynamic context reorganization575

and experience reflection, leading to comprehen-576

sive improvements in diagnostic performance.577

4.6 Generalization of the Knowledge Base578

To evaluate the cross-domain robustness of the579

knowledge bases and the overall effectiveness of580

the framework, we conduct cross-dataset exper-581

iments. We adopt gpt-4-turbo as the backbone582

model and construct CorrectKB and ChainKB from583

900 consultation rounds on a source dataset (e.g.,584

MedQA), which are used to guide reasoning on a585

target dataset (e.g., PubMedQA).586

Vanilla M-KB P-KBTest Dataset Acc F1 Acc F1 Acc F1

MedQA (M) 84.3 ± 1.1 82.1 ± 1.0 90.9 ± 0.6 88.6 ± 0.5 88.1 ± 0.7 85.7 ± 0.9
PubMedQA (P) 77.6 ± 1.3 75.9 ± 0.9 79.8 ± 0.8 76.9 ± 1.0 84.4 ± 0.8 82.5 ± 1.1

Table 3: Cross-dataset generalization results. M-KB
and P-KB denote using CorrectKB and ChainKB de-
rived from MedQA and PubMedQA, respectively.

As shown in Table 3, when a knowledge base587

derived from PubMedQA is applied to MedQA588

testing, the accuracy improves by 3.8% compared589

to the baseline without a knowledge base. Con-590

versely, leveraging a knowledge base constructed591

from MedQA to assist reasoning on PubMedQA592

yields a 2.2% accuracy gain over the correspond-593

ing baseline. These results indicate that the pro-594

posed framework goes beyond simple instance-595

level matching and is capable of transferring ab-596

stract cognitive strategies and reflective reasoning597

patterns distilled from historical experience to new598

contexts. By preserving these higher-order reason-599

ing paradigms, CorrectKB and ChainKB function600

not merely as repositories of consultation instances,601

but as encapsulations of transferable reasoning ca-602

pabilities, thereby enabling robust generalization603

across diverse scenarios.604

4.7 Computational Efficiency Analysis605

Table 4 demonstrates the significant computational606

efficiency advantages of MDTeamGPT. Notably,607

Simple Voting MDTeamGPT (ours)Metric Time (s) Tokens Time (s) Tokens

Average Cost 236 15,203 201 11,701

Table 4: Runtime and token usage comparison between
Simple Voting and MDTeamGPT.

compared with the Simple Voting baseline (Table 2, 608

Experiment 1), MDTeamGPT reduces the average 609

runtime per consultation by 15% (dropping from 610

236 s to 201 s) and sharply decreases token con- 611

sumption by 23% (from 15,203 to 11,701). These 612

efficiency gains are attributed to the Lead Physi- 613

cian’s structured summarization and the Residual 614

Context mechanism, which effectively compress 615

context and minimize redundant information trans- 616

mission. Consequently, by substantially reducing 617

resource overhead while maintaining high perfor- 618

mance, MDTeamGPT offers a highly cost-effective 619

solution for scalable real-world deployment. 620

5 Conclusion 621

In this paper, we propose MDTeamGPT, a self- 622

evolving multi-agent framework specifically de- 623

signed for multidisciplinary medical consultation. 624

By introducing a Lead Physician mechanism to- 625

gether with a Residual Context architecture, our 626

approach effectively mitigates context collapse in 627

long-horizon reasoning, thereby ensuring sustained 628

reasoning stability and efficiency. Furthermore, 629

through the integration of a dual knowledge-base 630

system that leverages both correct reasoning tra- 631

jectories and reflective error analysis, the frame- 632

work acquires dynamic self-evolution capabilities 633

and strong generalization performance. Although 634

the upper performance bound of the framework is 635

inherently constrained by the capabilities of the 636

underlying base model, extensive experimental re- 637

sults demonstrate that MDTeamGPT establishes 638

a new benchmark in terms of both accuracy and 639

efficiency in complex medical scenarios. 640
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6 Limitations641

Despite the strong performance of MDTeamGPT642

across multiple benchmark evaluations, standard-643

ized datasets cannot fully capture the high level644

of noise and dynamic complexity inherent in real-645

world clinical environments. Therefore, we plan to646

deploy the system as a “shadow system” in hospital647

settings for non-interventional validation, allowing648

its robustness to be thoroughly assessed before any649

integration into clinical decision support workflows.650

In addition, although the multi-agent architecture651

substantially improves diagnostic accuracy, the re-652

sulting inference latency poses challenges for direct653

deployment in time-critical scenarios such as emer-654

gency care. Furthermore, the knowledge cover-655

age and hallucination tendencies of the underlying656

foundation models may constitute potential perfor-657

mance bottlenecks. To address these limitations,658

future work will focus on deeply integrating spe-659

cialized medical tools for collaborative reasoning,660

aiming to reduce reliance on parametric knowledge661

and to enhance the controllability, reliability, and662

trustworthiness of the overall diagnostic process.663

7 Ethical considerations664

This study utilizes publicly available, de-identified665

datasets. Personnel with clinical medical back-666

grounds served solely as quality reviewers to assess667

MDTeamGPT outputs. As it involves no human668

intervention or personal data collection, this study669

does not constitute human-subjects research.670
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Appendix971

A Prompt Templates972

Here we provide simplified prompt templates for973

some of the role Agents to facilitate understanding974

and demonstration.975

A.1 Primary Care Doctor Agent976

Primary Care Doctor Agent’s Prompt Tem-
plate

1. Role Description
You are a highly experienced Primary Care
Doctor (Triage Specialist). You serve as the
central coordinator of the Multi-Disciplinary
Team (MDT). Your primary responsibility
is to comprehensively analyze the patient’s
case—which may consist of both textual med-
ical history and medical imaging data—and
assign the most appropriate combination of spe-
cialist doctors for diagnosis and treatment.
Unlike rigid protocols, your selection must be
dynamic and driven solely by the specific clini-
cal needs of the patient. You must balance the
breadth of expertise to cover all potential health
issues while avoiding unnecessary redundancy.

2. Candidate Specialist Pool
You have access to the following specialists. Se-
lect only those relevant to the case. There are
no mandatory agents; if a role (e.g., Pharma-
cist or Pathologist) is not clinically required for
the specific phase of diagnosis, do not include
them.

• General Internal Medicine Doctor: For
complex systemic diseases, infections, or
unclear internal symptoms.

• General Surgeon: For conditions poten-
tially requiring surgical intervention or
physical obstruction.

• Pediatrician: Strictly for patients under
18 years old (infants, children, adoles-
cents).

• Obstetrician and Gynecologist: For
female reproductive health and all
pregnancy-related conditions.

• Neurologist: For issues involving the cen-
tral or peripheral nervous system (seizures,
numbness, etc.).

• Radiologist: Essential if medical imaging
(X-ray, CT, MRI) is provided or if imaging
is needed for diagnosis.

977

• Pathologist: For interpreting biopsy re-
sults, lab cultures, or autopsy findings.

• Pharmacist: For medication manage-
ment, dosage adjustments, or checking
drug interactions.

3. Triage Logic & Multimodal Reasoning
Follow this step-by-step logic to determine the
team:
Step 1: Analyze Input Modality
Check if the patient input contains visual data.

• Text Only: Focus on symptoms, vital
signs, and history.

• Text + Image: If the input includes a med-
ical image (e.g., "Input includes a Chest
X-ray..."), you must typically include a
Radiologist to interpret the visual features.
If the image is a pathology slide, include
a Pathologist.

Step 2: Map Symptoms to Specialties
Determine the primary organ system involved
and select the Core Specialist (e.g., Neurologist
for brain, Ob/Gyn for pregnancy).
Step 3: Assess Support Needs
Decide if support roles are needed. For exam-
ple, include a Pharmacist only if medication
prescription is a key part of the expected solu-
tion.

4. Output Format
You are required to provide a detailed rationale
before the final list.

• Reasoning: Explain why these doctors
are selected. How will each contribute?
Address the multimodal aspect if images
are present.

• Output roles: Provide the final list in the
format: [{agent1}, {agent2}, ...].

5. Examples (Few-Shot)
Case 1 (Text Only): A 23-year-old pregnant
woman at 22 weeks gestation presents with burn-
ing upon urination, worsening despite cranberry
extract.

Reasoning: Given that the patient is
pregnant, the burning sensation sug-
gests a urinary tract infection (UTI).
An Obstetrician and Gynecologist
is the primary lead to rule out
pregnancy-specific complications
and ensure fetal safety. A Pathol-
ogist is selected to analyze urine
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cultures and identify the pathogen.
A Pharmacist is crucial here to
recommend antibiotics that are safe
for use during the second trimester
of pregnancy. A Radiologist is
not currently needed as there is no
imaging data or immediate sign of
structural defects.
Output roles: [{Obstetrician
and Gynecologist},
{Pathologist}, {Pharmacist}]

Case 2 (Multimodal - Image Provided): A
65-year-old male presents with chronic cough
and weight loss. Input includes a Chest X-ray
showing a suspicious mass in the right lung
field.

Reasoning: The presence of a "sus-
picious mass" on the Chest X-ray
explicitly requires a Radiologist
for professional interpretation of
the imaging features (size, density,
margins). A General Internal
Medicine Doctor is needed to man-
age the overall respiratory workup.
A Pathologist is included to prepare
for potential biopsy interpretation
of the mass. A Pharmacist is
included to assist with potential
chemotherapy protocols or symptom
management medications.
Output roles: [{General
Internal Medicine Doctor},
{Radiologist}, {Pathologist},
{Pharmacist}]

Case 3 (Pediatric/Surgical): A 3-week-old in-
fant is brought in with projectile vomiting (yel-
low) and mild abdominal distention.

Reasoning: The patient is a neonate,
making the Pediatrician the primary
care provider to assess overall
health and hydration. The symp-
toms (projectile bilious vomiting,
distention) strongly suggest a
gastrointestinal obstruction (e.g.,
malrotation or volvulus), which
is a surgical emergency; thus, a
General Surgeon is mandatory. A
Radiologist is required to conduct
and interpret urgent imaging (e.g.,
upper GI series) to confirm the
obstruction.
Output roles: [{Pediatrician},
{General Surgeon},
{Radiologist}]
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Strategic Note: Carefully analyze the patient’s
condition for each new case. Ensure that all
selected agents have a clear, defined purpose in
the diagnosis or treatment plan.

980

A.2 Specialist Doctor Agents 981

Here we only showcase the prompt template for 982

the Obstetrician and Gynecologist. Other specialist 983

doctor agents follow the same template, merely al- 984

tering the medical background section while main- 985

taining the same logical structure. 986

Obstetrician and Gynecologist Agent’s
Prompt Template

1. Role Description
You are an Obstetrician and Gynecologist, spe-
cializing in women’s reproductive health. Your
task is to provide professional diagnosis and
treatment recommendations based on the pa-
tient’s symptoms and medical images (if avail-
able), strictly prioritizing the safety of both the
pregnant woman and the fetus.

2. Tool Usage (Optional)
You have access to external medical tools. If spe-
cific drug contraindications or guidelines need
verification, invoke the tool. If not needed, out-
put "None".

3. Task Definition & Output Logic
Step 1: Check Input Modality. Determine if
the input contains medical images (e.g., Ultra-
sound, CT, MRI).
Step 2: Identify Round Number {i}.
Step 3: Identify Question Type.

• Closed-ended: If options (A, B, C...) are
provided. Conclusion must be {Option
ID}: {Option Content}.

• Open-ended: If no options are pro-
vided. Conclusion must be a {Concise
Clinical Summary}.

Case A: First Round (i = 1) - Independent &
Multimodal Analysis
Analyze the case independently. Do not halluci-
nate previous discussions.
Multimodal Instruction: If an image is pro-
vided, you **MUST** examine it. Incorporate
visual findings (e.g., fetal position, fluid levels)
into your reasoning.
Output Format:

• Tools Usage: {Tool output or
"None"}
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• Reasoning: {Step-by-step clinical
analysis. Explicitly describe
image findings if present. Safety
evaluation.}

• Conclusion: {Option ID / Concise
Summary based on Question Type}

Case B: Subsequent Rounds (i ≥ 2) - Contex-
tual Refinement
You will receive a Residual Context from pre-
vious rounds. Summarize it first, then refine
your judgment.
Output Format:

• Tools Usage: {Tool output or
"None"}

• Summary: {Summarize
consensus/conflicts from the
Residual Context.}

• Reasoning: {Updated analysis based
on Summary, patient status, and
original images.}

• Conclusion: {Option ID / Concise
Summary based on Question Type}

4. Demonstration (Few-Shot)
Scenario 1: Closed-ended (Round 1)
Q: Pregnant (22w), UTI. Options: {A: Ampi-
cillin, ..., E: Nitrofurantoin}

Tools Usage: None
Reasoning: Patient has UTI
symptoms. Nitrofurantoin
is Category B and safe
for 2nd trimester. Avoid
fluoroquinolones...
Conclusion: {E}:
{Nitrofurantoin}

Scenario 2: Multimodal Input (Round 1)
Q: 32w gestation, reports fluid leakage. Input
includes an Ultrasound image showing low
amniotic fluid index (AFI).

Tools Usage: None
Reasoning: Visual analysis
of the Ultrasound confirms
Oligohydramnios (low AFI
< 5cm). Combined with
the patient’s report of
leakage, this suggests
Preterm Premature Rupture of
Membranes (PPROM). Immediate
monitoring is required.
Conclusion: Hospital
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admission for antibiotics,
corticosteroids, and fetal
monitoring.

Scenario 3: Open-ended (Round 2)
Q: Patient (30w) reports decreased fetal move-
ment. Recommendation?

Tools Usage:
Search("Guideline for
decreased fetal movement")
Summary: In Round 1, the
GP suggested counting kicks,
while the Radiologist advised
immediate ultrasound.
Reasoning: Decreased movement
can indicate fetal distress.
Based on guidelines and the
Radiologist’s valid concern,
immediate assessment is
critical.
Conclusion: Immediate
non-stress test (NST) and
biophysical profile (BPP).
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A.3 Lead Physician Agent 990

Lead Physician Agent’s Prompt Template

1. Role Description
You are the Lead Physician, responsible for or-
chestrating the Multi-Disciplinary Team (MDT).
Your goal is to synthesize the diverse inputs
from specialist agents into a structured, coher-
ent context. You do not treat the patient directly;
instead, you perform Agentic Context Engi-
neering to organize the discussion logic.

2. Core Task: The 6-Dimensional Synthesis
At the end of round {i}, you must classify all
specialist responses into six specific categories.

1. Consistency: Collects parts of agents’
statements/diagnoses that agree with each
other.

2. Conflict: Identifies contradictory points
(e.g., drug choices, diagnosis directions).
Leave empty if fully aligned.

3. Independence: Extracts unique insights
mentioned by only one agent that are not
addressed by others.

4. Integration: Synthesizes a structured
summary covering all perspectives (con-
sensus + disputes).

5. Tools Usage: Records external tools in-
voked in the current round (e.g., Search,
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Calculator) and their key outputs.

6. Long-Term Memory: Records key in-
formation retrieved from the Knowledge
Bases (CorrectKB / ChainKB) and how it
influenced the current reasoning.

3. Input Data Format (What you receive)
You will receive a collection of JSON-like out-
puts from specialists:

{
"Obstetrician": {
"Tools Usage": "Search('Drug
Safety')",
"Summary": "...", // (Only
if i >= 2)
"Reasoning": "Given the
pregnancy...",
"Conclusion": "E: Nitrofurantoin"

},
"Pharmacist": { ... }

}

4. Output Format (What you must generate)
You must output a single JSON object contain-
ing the processed context for the Historical
Shared Pool.
Required JSON Structure:

{
"round_id": {i},
"structured_context": {
"Consistency": [
"{Summarize agreements, e.g.,

'All agents agree on UTI
diagnosis.'}"
],
"Conflict": [
"{Specify disagreements, e.g.,

'Agent A suggests drug X, Agent
B warns of allergy.'}"
],
"Independence": [
"{Unique points, e.g.,

'Radiologist noted a specific
shadow on the scan.'}"
],
"Integration": [
"{A coherent paragraph

summarizing the round's progress
and current standing.}"
],
"Tools Usage": [
"{Aggregated tool results,

e.g., 'Pharmacist used Search to
confirm drug interaction.'}"
],
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"Long-Term Memory": [
"{Insights from KBs, e.g.,

'Similar case in CorrectKB
suggests checking specifically
for...'}"
]

}
}

5. Workflow Example
Scenario: Round 1, Specialists disagree on an-
tibiotics.
Input:

• Agent A: "Choice A (Ampicillin) because
it is safe."

• Agent B: "Choice E (Nitrofurantoin) be-
cause A has high resistance." (Used Tool:
Search)

Your Output:

{
"round_id": 1,
"structured_context": {

"Consistency": ["Both agents
agree on treating the bacterial
infection immediately."],
"Conflict": ["Agent A proposes
Ampicillin (Safety focus), while
Agent B proposes Nitrofurantoin
(Resistance focus)."],
"Independence": [],
"Integration": "The team agrees
on treatment necessity but
differs on drug selection due to
resistance concerns vs. safety
profile.",
"Tools Usage": ["Agent B
searched 'Ampicillin resistance
rates' -> found high
resistance."],
"Long-Term Memory": []

}
}
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A.4 Reflector 994

Reflector Agent’s Prompt Template

1. Role Description
You are the Reflector, the final gatekeeper and
evaluator of the medical consultation. Your re-
sponsibilities are twofold:

• Safety & Ethics: Ensure the recommen-
dation is free from harmful/unethical in-
formation (e.g., contraindicated drugs).
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• Convergence Judge (Open-ended Only):
For open-ended questions, you must eval-
uate in every round whether the team has
reached a stable consensus (Converged) or
if further discussion is needed (Not Con-
verged).

2. Task Workflow
Step 1: Identify Question Type. (Closed-
ended vs. Open-ended).
Step 2: Assess Consensus (Open-ended
Only).

• If agents repeat the same points without
new insights→ Converged.

• If agents contradict each other or lack in-
formation→ Not Converged.

Step 3: Safety Audit. Filter out harmful advice.
Step 4: Generate Output.

3. Output Format
Case A: Closed-ended Question (Options A,
B...)

• Safety Check: {Pass/Fail details}

• Final Answer: Answer ID: {Option
ID}: {Option Content}

Case B: Open-ended Question (No Options)

• Convergence Status: {Converged /
Not Converged}

• Reasoning: {Explain why the
discussion is sufficient or why it
needs to continue.}

• Safety Check: {Pass/Fail details}

• Final Answer: {If Converged: A
safe, concise summary. If Not
Converged: Suggest the focus for
the next round.}

4. Demonstration (Few-Shot)
Scenario 1: Closed-ended (Safety Filtering)
Context: Pregnant (22w), UTI. Debate:
Ciprofloxacin vs. Nitrofurantoin.

Safety Check: Ciprofloxacin
is unsafe for pregnancy
(teratogenic risk). Filtered
out.
Final Answer: Answer ID: {E}:
{Nitrofurantoin}
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Scenario 2: Open-ended (Not Converged)
Context: Patient with complex abdominal pain.
Surgeon suggests appendicitis; Internist sug-
gests ketoacidosis. No imaging results yet.

Convergence Status: Not
Converged
Reasoning: Major conflict
exists between surgical
and metabolic diagnoses.
Key evidence (CT/Labs) is
missing.
Safety Check: Premature
diagnosis could be dangerous.
Final Answer: Continue
discussion. Request CT scan
and blood glucose levels.

Scenario 3: Open-ended (Converged & Safe)
Context: 30w pregnant, decreased fetal move-
ment. All agents agree on immediate testing.

Convergence Status: Converged
Reasoning: Consensus
achieved. All specialists
recommend immediate
assessment to rule out
stillbirth.
Safety Check: Safe. Aligns
with standard guidelines.
Final Answer: Immediate
non-stress test (NST) and
biophysical profile (BPP) are
required.
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B Additional Details 998

B.1 Case Studies of the Lead Physician 999

Agent’s Role and Function 1000

In this section, we will illustrate how the Lead 1001

Physician organizes and refines the discussion out- 1002

comes from the current round of Agents into four 1003

categories: Consistency, Conflict, Independence, 1004

and Integration. All responses from the roles are 1005

based on gpt-4-turbo. We will use Case A and Case 1006

B as examples to demonstrate this process. 1007

Lead Physician Agent (Case A)

Question: A 1-year-old boy presents to the
emergency department with weakness and a
change in his behavior. His parents state that
they first noticed the change in his behavior this
morning and it has been getting worse. They
noticed the patient was initially weak in his up-
per body and arms, but now he won’t move his
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legs with as much strength or vigor as he used
to. Physical exam is notable for bilateral pto-
sis with a sluggish pupillary response, a very
weak sucking and gag reflex, and shallow res-
pirations. The patient is currently drooling and
his diaper is dry. The parents state he has not
had a bowel movement in over 1 day. Which
of the following is the pathophysiology of this
patient’s condition?
Options: {"A": "Antibodies against postsy-
naptic nicotinic cholinergic ion channels", "B":
"Autoantibodies against the presynaptic voltage-
gated calcium channels", "C": "Autoimmune de-
myelination of peripheral nerves", "D": "Block-
ade of presynaptic acetylcholine release at the
neuromuscular junction", "E": "Lower motor
neuron destruction in the anterior horn"}

Pediatrician:
• Reasoning: As a pediatrician, I focus on com-
mon neuro-muscular diseases in children. The
symptoms of this 1-year-old boy — weakness
in both upper and lower limbs, sluggish pupil-
lary response, weakened swallowing and gag
reflexes, as well as drooling and a dry diaper
— suggest a possible neuro-muscular junction
disorder. Given the combination of these symp-
toms, the most likely pathophysiology is block-
ade of presynaptic acetylcholine release at the
neuromuscular junction (D). This is a manifesta-
tion of myasthenia gravis (MG), which typically
occurs due to immune responses disrupting nor-
mal neuromuscular signal transmission. Other
options, such as autoimmune demyelination or
lower motor neuron destruction, are less likely
given the patient’s clinical presentation.
• Choice: {D} {Blockade of presynaptic acetyl-
choline release at the neuromuscular junction}

Neurologist:
• Reasoning: As a neurologist, I would typically
consider neuro-muscular diseases in children.
The boy’s symptoms, including symmetric pto-
sis, sluggish pupillary response, and weakened
swallowing reflex, strongly suggest autoanti-
bodies against the presynaptic voltage-gated
calcium channels (B). This immune-mediated
pathology is often seen in diseases like myas-
thenia gravis. While other options could also
be linked to neuro-muscular disorders, autoan-
tibodies against presynaptic calcium channels
cause disruption of neural signal transmission,
which is particularly evident in this patient’s
symptoms.
• Choice: {B} {Autoantibodies against the
presynaptic voltage-gated calcium channels}
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Pathologist:
• Reasoning: As a pathologist, my role is to
analyze the relationship between symptoms and
pathological mechanisms. Based on the clinical
presentation, the 1-year-old boy’s symptoms,
such as bilateral ptosis, sluggish pupillary re-
sponse, and difficulty swallowing, suggest a dys-
function at the neuromuscular junction. Block-
ade of presynaptic acetylcholine release (D) best
explains these symptoms, especially when the
immune system interferes with neuromuscular
signal transmission. This pathophysiological
mechanism is common in myasthenia gravis
and often leads to muscle weakness and auto-
nomic dysfunction.
• Choice: {D} {Blockade of presynaptic acetyl-
choline release at the neuromuscular junction}

Pharmacist:
• Reasoning: As a pharmacist, I approach the
diagnosis from a pharmacological perspective.
The boy’s symptoms, including upper and lower
limb weakness, ptosis, and drooling, align with
blockade of presynaptic acetylcholine release
(D). In this case, neural signals cannot effec-
tively transmit to the muscles, leading to motor
dysfunction. This pathophysiology is similar to
myasthenia gravis, which is typically immune-
mediated and disrupts neuromuscular junction
signaling. Other options, such as autoimmune
demyelination or lower motor neuron destruc-
tion, do not fully align with these symptoms.
• Choice: {D} {Blockade of presynaptic acetyl-
choline release at the neuromuscular junction}

Radiologist:
• Reasoning: As a radiologist, I do not directly
participate in treatment selection, but I consider
the patient’s symptoms to hypothesize potential
causes. Based on the boy’s symptoms, includ-
ing ptosis, weakness, and weakened swallowing
reflex, the most likely pathophysiology is block-
ade of presynaptic acetylcholine release at the
neuromuscular junction (D). This mechanism
typically involves the immune system interfer-
ing with neuromuscular junction signaling, lead-
ing to a failure in signal transmission, which
aligns with the patient’s clinical presentation.
While other options could also be causes, this
mechanism is more commonly observed.
• Choice: {D} {Blockade of presynaptic acetyl-
choline release at the neuromuscular junction}

Lead Physician:
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Consistency:
The majority of specialists, including the Pedi-
atrician, Pathologist, Pharmacist, and Radiol-
ogist, consistently identified the pathophysiol-
ogy as blockade of presynaptic acetylcholine
release at the neuromuscular junction (D). They
agreed that the clinical presentation of bilateral
ptosis, generalized weakness, and bulbar symp-
toms (weak sucking/gag reflex) strongly points
to this mechanism.
Conflict:
A clear conflict exists between the Neurologist
and the rest of the team. The Neurologist advo-
cated for autoantibodies against the presynaptic
voltage-gated calcium channels (B), emphasiz-
ing an immune-mediated pathology. In contrast,
the other four specialists selected blockade of
presynaptic acetylcholine release (D), arguing
it better explains the specific pattern of descend-
ing paralysis and autonomic dysfunction.
Independence:
The Neurologist uniquely focused on the spe-
cific mechanism of calcium channel disruption
(autoantibodies against the presynaptic voltage-
gated calcium channels (B)), offering a distinct
differential diagnosis. The Pharmacist provided
a unique perspective on the failure of pharmaco-
logical signal transmission at the junction, while
the Pediatrician specifically contextualized the
symptoms within common pediatric neuromus-
cular presentations.
Integration:
Synthesizing the group’s perspectives, there is a
strong consensus favoring blockade of presynap-
tic acetylcholine release at the neuromuscular
junction (D). While the Neurologist’s sugges-
tion of autoantibodies against the presynaptic
voltage-gated calcium channels (B) presents a
valid autoimmune alternative, the collective rea-
soning of the Pediatrician, Pathologist, and Phar-
macist provides stronger support for Option D
as the primary pathophysiology for this patient’s
condition.
Tools Usage:
None.
Long-Term Memory:
None.
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Lead Physician Agent (Case B)

Question: A previously healthy 36-year-old
man comes to the physician for a yellow discol-
oration of his skin and dark-colored urine for
2 weeks. He does not drink any alcohol. Phys-
ical examination shows jaundice. Abdominal
and neurologic examinations show no abnormal-
ities. Serum studies show increased levels of
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alanine aminotransferase (ALT) and aspartate
aminotransferase (AST). A liver biopsy is per-
formed and a photomicrograph after periodic
acid-Schiff-staining is shown. Which of the fol-
lowing is the most likely additional finding in
this patient?
Options: {"A": "Tropheryma whipplei-specific
RNA on PCR", "B": "Bullous changes of the
lung bases on chest CT", "C": "Beading of
intra- and extrahepatic bile ducts on ERCP",
"D": "Myocardial iron deposition on cardiovas-
cular MRI", "E": "Dark corneal ring on slit-
lamp examination"}

General Internal Medicine Doctor:
• Reasoning: As a general internal medicine
doctor, I first consider the patient’s symptoms
— jaundice and dark-colored urine — which
strongly suggest the possibility of liver disease.
Combined with the patient’s abnormal liver
function (elevated ALT and AST) and the patho-
logical findings from the liver biopsy, there is
decisive evidence supporting liver dysfunction.
Given these findings, bullous changes of the
lung bases on chest CT (B) are a common com-
plication in such cases, especially since sys-
temic conditions like liver disease can affect
the lungs. I believe this aligns perfectly with the
clinical presentation, so I choose B.
• Choice: {B} {Bullous changes of the lung
bases on chest CT}

General Surgeon:
• Reasoning: As a general surgeon, I focus on
potential complications that may require surgi-
cal intervention. The patient’s liver dysfunc-
tion (indicated by jaundice and elevated liver
enzymes) suggests chronic liver disease, which
is known to lead to pulmonary complications.
There is decisive evidence in the literature that
bullous changes at the lung bases can occur in
patients with chronic liver conditions such as
cirrhosis. This finding is consistent with the pa-
tient’s overall clinical picture. Therefore, I also
choose B.
• Choice: {B} {Bullous changes of the lung
bases on chest CT}

Radiologist:
• Reasoning: As a radiologist, my role is to
detect and interpret abnormalities in imaging
studies. In this case, the patient’s jaundice and
liver dysfunction suggest a systemic disease that
often has pulmonary manifestations. Chest CT
showing bullous changes at the lung bases is
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a typical imaging feature in patients with liver
disease. The fact that these changes correlate
with the liver biopsy findings provides decisive
evidence for this diagnosis. Thus, I choose B.
• Choice: {B} {Bullous changes of the lung
bases on chest CT}

Lead Physician:

Consistency:
The panel demonstrates absolute unanimity. All
experts (General Internal Medicine Doctor, Gen-
eral Surgeon, and Radiologist) selected bullous
changes of the lung bases on chest CT (B). They
consistently linked the signs of liver disease
(jaundice, elevated ALT and AST, and biopsy
results) to systemic manifestations, specifically
identifying the pulmonary complication as the
most likely additional finding.
Conflict:
None. All agents are in full agreement regarding
both the diagnosis and the rationale.
Independence:
While the final conclusion was identical, the
Radiologist specifically contributed indepen-
dence by framing the Chest CT showing bullous
changes at the lung bases as a typical imaging
feature correlative to the biopsy. The General
Surgeon provided a unique perspective on the
chronicity of the condition leading to such com-
plications, reinforcing the diagnosis from a pro-
cedural viewpoint.
Integration:
The integrated consensus confirms that the pa-
tient’s liver pathology is key to the diagnosis.
The decisive evidence provided by the liver
biopsy and clinical presentation of jaundice and
elevated liver enzymes strongly points to a sys-
temic condition (likely Alpha-1 antitrypsin defi-
ciency, though not explicitly named by agents,
fits the profile). Consequently, bullous changes
of the lung bases on chest CT (B) is synthe-
sized as the correct answer, representing the pul-
monary manifestation of this underlying hepatic
disorder.
Tools Usage:
External knowledge verification confirmed that
periodic acid-Schiff-staining positive globules
in hepatocytes are pathognomonic for metabolic
liver diseases that frequently present with co-
occurring basilar pulmonary emphysema.
Long-Term Memory:
A similar case was successfully retrieved from
CorrectKB, where a young male patient pre-
senting with unexplained liver dysfunction and
specific biopsy staining patterns was diagnosed
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with a genetic condition affecting both liver and
lungs, validating the link to bullous changes of
the lung bases.

1015

B.2 Failed Case Analysis 1016

Failed MDTeam Consultation Case Example

Case Background: A 30-year-old Japanese woman
presented to the emergency department after fainting
at work, with increasing fatigue and joint pain for 4
months, absent right radial pulse, and elevated ESR of
56 mm/h.
The correct answer should be B: Myocardial infarc-
tion, but the team incorrectly chose A: Amaurosis fugax
after 15 rounds of discussion through majority voting.
Selected Medical Team: <{General Internal Medicine
Doctor}, {Neurologist}, {Radiologist}, {Pathologist},
{Pharmacist}>
Round 15 Discussion (Final Round):
General Internal Medicine Doctor:

• Reasoning: After thorough discussion, I have
reconsidered all experts’ opinions. Although neu-
rological symptoms are evident, we cannot ig-
nore this patient’s potential cardiovascular risk.
Takayasu arteritis can completely involve coro-
nary arteries. Considering the fatality of myocar-
dial infarction and this young woman’s long-term
prognosis, I believe cardiovascular complications
are the most concerning risk.

• Choice: {B} {Myocardial infarction}
Neurologist:

• Reasoning: I still maintain that the patient’s syn-
cope symptoms most directly point to cerebrovas-
cular insufficiency. She has already presented
clear neurological manifestations. The absent
right pulse suggests severe upper limb vascular
involvement, making carotid and vertebral artery
involvement highly likely. Although cardiovascu-
lar risk exists, based on her existing neurological
presentations, amaurosis fugax is a more urgent
complication to prevent.

• Choice: {A} {Amaurosis fugax}

Radiologist:

• Reasoning: From an imaging perspective, I ob-
serve that carotid artery involvement occurs fre-
quently in Takayasu arteritis patients. The pa-
tient’s pulse abnormalities are mainly in the upper
extremities, suggesting higher likelihood of head
and neck vascular involvement. Combined with
her syncope history, cerebral and visual system
hypoperfusion represents the most direct threat.
Amaurosis fugax as an early warning signal de-
serves the most attention.

• Choice: {A} {Amaurosis fugax}

Pathologist:

• Reasoning: After listening to everyone’s discus-
sion, I realize we must consider the most severe
consequences. From a pathological perspective,
the inflammatory process of Takayasu arteritis
can indeed involve coronary arteries, leading to
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coronary stenosis or even occlusion. Although
other complications are important, myocardial
infarction is fatal once it occurs, and it is often
overlooked in young women. We must be highly
vigilant.

• Choice: {B} {Myocardial infarction}

Pharmacist:

• Reasoning: From clinical medication experience,
Takayasu arteritis patients indeed need special at-
tention to cardiovascular complications. However,
considering this patient’s current main symptoms
are syncope and neurological manifestations, and
her pulse abnormalities are mainly in the upper
extremities, suggesting head and neck vascular
involvement, amaurosis fugax as a direct con-
sequence of cerebrovascular insufficiency is the
most urgent risk to prevent currently.

• Choice: {A} {Amaurosis fugax}

Lead Physician Final Erroneous Summary:
Consistency:
After 15 rounds of discussion, experts showed clear
opinion division. Experts supporting amaurosis fu-
gax (A) (Neurologist, Radiologist, Pharmacist) con-
sistently emphasized the direct correlation between
the patient’s existing neurological symptoms (syncope)
and cerebrovascular insufficiency. Conversely, experts
supporting myocardial infarction (B) (General Internal
Medicine Doctor, Pathologist) consistently focused on
the fatal nature of coronary involvement in Takayasu
arteritis.
Conflict:
Significant disagreement persisted in the final round.
The conflict centers on "Likelihood vs. Fatality." The
majority (3 votes) prioritized the high likelihood of
amaurosis fugax (A) based on current symptoms, while
the minority (2 votes) prioritized the high fatality of
myocardial infarction (B). The deadlock could not be
resolved.
Independence:
Distinct professional biases drove the divergence. The
Neurologist and Radiologist relied heavily on observ-
able symptoms (syncope, pulse) to deduce amaurosis
fugax (A). The Pathologist and General Internist re-
lied on the underlying disease mechanism (systemic
inflammation) to deduce the hidden risk of myocardial
infarction (B).
Integration:
Having reached the maximum discussion rounds of 10
without consensus, the system defaulted to majority
voting. Amaurosis fugax (A) became the final choice (3
vs 2). The integrated conclusion erroneously prioritized
the visible neurological symptoms over the insidious
but fatal cardiovascular risk, leading to the selection of
Option A.
Tools Usage:
None. (The absence of external tool verification regard-
ing "mortality rates of Takayasu arteritis complications"
contributed to the failure).
Long-Term Memory:
None. (The system failed to retrieve a relevant histor-
ical case that could have corrected the anchoring bias
towards neurological symptoms).

Error Analysis:
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This MDTeam consultation failure primarily stemmed
from limitations of two objective factors. First, the case
itself possessed strong confounding characteristics, as
the patient’s clinical presentations (syncope, pulse ab-
normalities, elevated ESR) simultaneously pointed to
multiple possible complications. Amaurosis fugax, be-
ing a common neurovascular complication of Takayasu
arteritis, showed high symptomatic correlation with the
patient’s syncope manifestations, creating a reasonable
but incorrect reasoning pathway for most experts. The
case design cleverly exploited the "anchoring effect"
in clinical thinking, where existing neurological symp-
toms became powerful misleading clues, while the cor-
rect answer of myocardial infarction, as a relatively
insidious risk, was difficult to prioritize without obvi-
ous cardiovascular symptoms. Second, current general
large language models still have performance limita-
tions in complex medical reasoning, as models tend
to excel at processing intuitive symptom-disease cor-
respondences but struggle with complex medical prob-
lems requiring deep pathophysiological understanding
and long-term risk assessment. In this case, the model
more easily established linear reasoning chains like
"syncope-cerebrovascular problems-amaurosis fugax"
while finding it difficult to perform complex reasoning
requiring deeper medical knowledge integration such
as "Takayasu arteritis-systemic vascular involvement-
coronary risk-myocardial infarction." Although some
experts identified the correct answer in the final round,
this reasoning limitation of general models dominated
the majority of experts, ultimately leading to collective
misjudgment.
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C Extension to Multimodal Scenarios 1020

C.1 Metrics 1021

We report three metrics. For open-ended questions,
we use Recall and an overall score returned by the
evaluator J , which is implemented via the LLM-
as-a-Judge paradigm utilizing GPT-5. For closed-
ended questions, we use Accuracy. Let the open-
ended set contain No items with outputs Yi and
references Y ⋆

i . The token-level recall is defined as:

Recall =
1

No

No∑
i=1

∣∣T ⋆
i ∩ Ti

∣∣∣∣T ⋆
i

∣∣ . (4)

The overall score s is computed by J based on four
specific evaluation dimensions: helpfulness (Help),
relevance (Rel), accuracy (Acc), and level of detail
(LoD). This is formulated as:

s = J
(
Y, Help, Rel, Acc, LoD

)
. (5)

For Nc closed-ended items, accuracy is calcu-
lated as:

Acc =
1

Nc

Nc∑
i=1

1[Yi = Y ⋆
i ] . (6)

Here Ti = Tok(Yi) and T ⋆
i = Tok(Y ⋆

i ), where 1022

Tok(·) denotes tokenization. s ∈ [1, 10], and 1023
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each component score Help,Rel,Acc,LoD ranges1024

within [1, 10]. 1[·] is the indicator function.1025

C.2 Datasets1026

Evaluation covers two medical VQA benchmarks.1027

VQA-RAD (Lau et al., 2018) focuses on radiology1028

with X-ray, CT and MRI images. SLAKE (Liu1029

et al., 2021) provides bilingual multimodal data.1030

To keep settings consistent across datasets, 20001031

image and text pairs are sampled from each cor-1032

pus for consultation experience accumulation only,1033

used for experience writing and retrieval without1034

updating model parameters. All results are reported1035

on the official test sets.1036

C.3 Multimodal Experiments1037

As shown in Table 5, we evaluate MDTeamGPT on1038

the VQA-RAD and SLAKE datasets using gpt-5 as1039

the default backbone model. We report three core1040

metrics: Accuracy for closed-ended questions, and1041

Recall together with a composite score s for open-1042

ended questions. The score s utilizes an LLM-as-a-1043

Judge paradigm to complement traditional recall,1044

quantifying generation quality in terms of useful-1045

ness and level of detail.1046

The experimental results indicate that, com-1047

pared with existing single-agent methods and multi-1048

agent frameworks, our approach not only main-1049

tains leading accuracy on closed-ended tasks but1050

also achieves significant improvements in both re-1051

call and the composite score s for open-ended1052

generation. Relative to these competitive meth-1053

ods, MDTeamGPT demonstrates clear advantages1054

across all evaluated dimensions. Specifically, on1055

the VQA-RAD dataset, it attains an accuracy of1056

82.7%, while achieving a recall of 55.1% and a1057

comprehensive score of 7.2. Furthermore, it ex-1058

hibits robust performance on the SLAKE dataset,1059

recording an accuracy of 81.3%, along with a recall1060

of 57.3% and a score of 6.7.1061

By integrating the visual reasoning capabilities1062

of multiple specialist roles, the multi-agent frame-1063

work significantly enhances the precision of medi-1064

cal image feature recognition while also improving1065

the logical coherence of open-ended responses. As1066

a result, MDTeamGPT reliably outperforms com-1067

peting approaches on both the s score and conven-1068

tional metrics. Overall, these results provide strong1069

evidence that MDTeamGPT retains excellent per-1070

formance when extended to multimodal settings.1071

Beyond validating the robustness of multi-agent1072

collaboration for vision–language reasoning, they1073

also demonstrate that our framework generalizes 1074

smoothly from text-only diagnosis to complex med- 1075

ical visual question answering tasks, highlighting 1076

its potential as a versatile and general-purpose med- 1077

ical AI system. 1078

C.4 Multimodal Context 1079

To further verify the effectiveness of the proposed 1080

mechanism in mitigating context collapse under 1081

multimodal settings, we mix the VQA-RAD and 1082

SLAKE datasets and evaluate round-by-round the 1083

impact of the generated summaries on open-ended 1084

recall (Open Recall) and closed-ended accuracy 1085

(Closed Accuracy), while keeping all other settings 1086

consistent with Section 4.4. 1087

As shown in Figure 5, the baseline method ex- 1088

hibits pronounced instability when handling multi- 1089

modal context. As the trajectory progresses, token 1090

consumption accumulates and reaches a peak at the 1091

ninth round (approximately 15,736 tokens). Under 1092

the pressure of the context window, a typical con- 1093

text collapse occurs at the tenth round, where the 1094

token count abruptly drops to 2,326. This forced 1095

lossy compression of multimodal historical infor- 1096

mation triggers a cascading effect, leading to a 1097

sharp decline in both open-ended recall and closed- 1098

ended accuracy. These results indicate that simple 1099

linear summarization is insufficient to effectively 1100

preserve complex interaction histories that include 1101

high-density visual descriptions. 1102

In contrast, MDTeamGPT demonstrates strong 1103

robustness. Benefiting from the Lead Physician’s 1104

structured reorganization of key information and 1105

the Residual Context mechanism, the system main- 1106

tains relatively stable and efficient token usage 1107

while successfully avoiding severe information loss. 1108

Specifically, the model reaches peak performance 1109

around the fifth to sixth rounds, achieving an open- 1110

ended recall of up to 56.4% and a closed-ended 1111

accuracy of 83.5%, and continues to sustain a high 1112

level of reasoning capability throughout extended 1113

interactions without noticeable degradation. These 1114

findings provide strong evidence that, even in sce- 1115

narios involving complex visual information, agen- 1116

tic context engineering can effectively ensure co- 1117

herence and accuracy in long-range reasoning. 1118

C.5 Multimodal Progression 1119

Figure 6 illustrates the evolutionary trajectory of 1120

MDTeamGPT within multimodal scenarios. These 1121

results confirm that our self-evolving mechanism 1122

is not limited to text-only tasks but successfully 1123
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VQA-RAD SLAKEMethod
Open (%) Closed (%) Score (s) Open (%) Closed (%) Score (s)

Qwen-vl-plus 20.3 56.5 2.9 24.6 50.1 3.1
GPT-4o 23.9 60.7 3.3 32.3 55.9 4.1
GPT-5 30.6 72.9 5.4 49.4 70.0 4.3
Claude-4-Sonnet 26.4 70.4 4.2 37.5 77.2 4.8
LLaVA-Med 28.2 61.5 5.3 39.2 52.1 4.6

GPT-5 w/ CoT 40.7 75.9 6.2 53.7 68.8 5.7
GPT-5 w/ EoT 38.9 71.1 6.3 52.1 72.8 6.1
GPT-5 w/ ReAct 41.6 74.8 5.8 56.5 71.1 6.2

Med-MoE (StableLM) (Jiang et al., 2024) 28.0 67.6 3.8 40.6 52.9 4.0
MMedAgent (Li et al., 2024a) 46.5 75.6 5.7 52.5 75.1 6.0
Multi-expert Prompting (Long et al., 2024) 26.9 69.7 4.1 51.8 75.9 4.3
AgentClinic (Schmidgall et al., 2024) 24.5 68.4 5.0 26.7 78.4 3.6

MDTeamGPT (ours) 55.1 82.7 7.2 57.3 81.3 6.7

Table 5: Performance comparison on multimodal medical tasks. The best results are highlighted in bold, and the
second-best results are marked with underline.
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Figure 5: Context behavior of Baseline and MDTeamGPT. (a) Open Recall and (b) Closed Accuracy on VQA tasks,
where the Baseline exhibits context collapse while MDTeamGPT keeps tokens optimized and performance stable.

extends to complex multimodal environments. As1124

the number of training cases increases from 0 to1125

2,500, all base models exhibit a significant upward1126

trend across both VQA-RAD and SLAKE datasets,1127

validating the framework’s ability to continuously1128

optimize diagnostic performance by leveraging his-1129

torical experience in multimodal settings.1130

A closer inspection of the data reveals that while1131

performance improves rapidly during the initial1132

accumulation of cases, open-ended recall, closed-1133

ended accuracy, and the comprehensive score s be-1134

gin to plateau once the training cases reach approx-1135

imately 2,000, with some metrics showing only1136

slight fluctuations as data increases. This suggests1137

that within multimodal medical contexts, the model1138

can reach its capability boundary through a spe-1139

cific amount of accumulated experience, thereby1140

achieving robust performance convergence with a1141

manageable data scale.1142

C.6 Multimodal Ablation1143

As shown in Table 6, the ablation results on the1144

VQA-RAD and SLAKE datasets are highly con-1145

sistent with the conclusions drawn in Section 4.3.1146

Specifically, introducing Residual Context alone 1147

without the Lead Physician yields only limited 1148

performance gains, indicating that the discussion 1149

mechanism requires a strong guiding role to fully 1150

realize its effectiveness. 1151

Regarding knowledge augmentation, we observe 1152

that using ChainKB in isolation is generally less ef- 1153

fective than CorrectKB. However, their joint utiliza- 1154

tion (Experiment 7) achieves the best performance, 1155

significantly outperforming either module alone. 1156

This finding not only highlights the necessity of 1157

complementary multi-source knowledge, but also 1158

further demonstrates that the proposed framework 1159

maintains strong adaptability and generalization 1160

capability in multimodal settings. 1161

C.7 Specialist Selection Distribution 1162

To investigate the dynamic team composition strat- 1163

egy of MDTeamGPT across different medical sce- 1164

narios, we analyzed the distribution of special- 1165

ist selection probabilities by the Lead Physician 1166

on MedQA, PubMedQA, and multimodal datasets 1167

(VQA-RAD and SLAKE), as shown in Figure 7. 1168

Observations indicate that, despite the tasks encom- 1169
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Figure 6: Performance scaling with varying numbers of training cases on (a) VQA-RAD and (b) SLAKE datasets.
The bar charts represent the Recall (Open) and Accuracy (Closed) metrics, while the line plots indicate the
comprehensive quality score s. Hatched bars denote open-ended questions, solid bars denote closed-ended questions,
and star-marked lines track the s score trends across different base models.

VQA-RAD SLAKEResidual
Context

Lead
Physician

CorrectKB
(900 rounds)

ChainKB
(900 rounds) Open (%) Closed (%) s Open (%) Closed (%) s

✗ ✗ ✗ ✗ 30.7 72.9 5.4 44.4 70.3 4.3

✓ ✗ ✗ ✗ 32.3 73.1 5.5 48.8 72.1 4.7

✗ ✓ ✗ ✗ 36.7 73.5 5.8 52.5 72.4 5.2

✓ ✓ ✗ ✗ 38.3 72.9 5.7 53.0 72.9 5.3

✓ ✓ ✓ ✗ 44.6 81.2 6.8 55.4 78.3 6.4

✓ ✓ ✗ ✓ 42.3 82.1 6.8 53.4 76.7 6.2

✓ ✓ ✓ ✓ 55.1 82.7 7.2 57.3 81.3 6.7

Table 6: Ablation study on VQA-RAD and SLAKE datasets. The best results are highlighted in bold and the
second best are underlined.
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Figure 7: Distribution of the number of specialist agents
assigned by the Primary Care Doctor: (a) MedQA, (b)
PubMedQA, (c) VQA-RAD, and (d) SLAKE.

passing both unimodal and multimodal contexts,1170

as well as open-ended and closed-ended formats,1171

the agent exhibits a consistent tendency to assign 31172

to 5 specialists per consultation. Specifically, the1173

selection distribution on MedQA is primarily con-1174

centrated around 3 agents, whereas for PubMedQA1175

and multimodal tasks (VQA-RAD, SLAKE), it1176

shifts slightly toward 4 to 5 agents. This distri-1177

bution characteristic suggests that the system effec-1178

tively achieves a balance between pursuing compre-1179

hensive cross-disciplinary coverage and avoiding1180

information redundancy. Extreme configurations1181

involving only 2 or as many as 7 agents are rare,1182

confirming the system’s adaptive capability to dy-1183

namically adjudicate the optimal team size based1184

on specific case requirements.1185

C.8 Human Evaluation 1186

To comprehensively evaluate the user experience 1187

of MDTeamGPT, we invited five volunteers with 1188

clinical medicine backgrounds, including two li- 1189

censed physicians, to participate in the human eval- 1190

uation. Utilizing gpt-5 as the backbone model, we 1191

randomly selected 5 cases from each of the four 1192

datasets, including MedQA, PubMedQA, VQA- 1193

RAD, and SLAKE, resulting in a total of 20 test 1194

samples. Volunteers quantitatively rated the out- 1195

puts based on the 10 dimensions defined in Table 7. 1196

As shown in Figure 8, MDTeamGPT achieved fa- 1197

vorable scores in core metrics such as accuracy, ex- 1198

plainability, and safety, with average scores reach- 1199

ing 3.8. This validates its reliability in real-world 1200

medical evaluation scenarios. However, we observe 1201

that the score for “Efficiency” is relatively low at 1202

2.6. This is primarily attributed to the time cost as- 1203

sociated with multi-round multi-agent interactions, 1204

but it remains acceptable for non-emergency set- 1205

tings such as Multi-Disciplinary Team (MDT) con- 1206

sultations. Meanwhile, the scores for “Diversity” 1207

(2.8) and “Completeness” (3.0) suggest that the 1208

current temperature parameter settings and prompt 1209

engineering strategies still leave room for optimiza- 1210

tion. To address these shortcomings, future work 1211

will focus on exploring strategies to enhance re- 1212
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Evaluation Criterion Description Score (0-4)

Accuracy The correctness of the system’s diagnosis or suggestion.
0 = Completely wrong
1 = Partially correct with major mistakes
2 = Partially correct with minor mistakes
3 = Mostly correct with small gaps
4 = Fully correct

Explainability Evaluate how clearly the system explains its reasoning. Does the explanation make
sense?
0 = No explanation or completely unclear
1 = Explanation lacks logic or clarity
2 = Explanation is mostly clear but somewhat confusing
3 = Clear explanation with good logic but some details could be refined
4 = Clear, detailed, and logical explanation

Completeness Rate the system’s response in terms of how comprehensive it is.
0 = Lacks important information and key factors
1 = Missing some key information
2 = Covers some key factors but leaves out a few
3 = Covers most of the relevant factors with minor omissions
4 = Comprehensive and covers all important factors

Rationality Evaluate if the system’s suggestion is logical and grounded in medical knowledge.
0 = Completely illogical
1 = Partially illogical with some reason
2 = Mostly logical but with some issues
3 = Reasonable and generally follows medical knowledge
4 = Fully logical and based on solid medical knowledge

Diversity Does the system provide multiple potential diagnostic paths or solutions?
0 = No diversity, always gives the same answer
1 = Minimal diversity
2 = Few variations, but answers are similar
3 = Provides multiple distinct solutions or perspectives
4 = Offers diverse diagnostic approaches with different viewpoints

Efficiency Rate the time efficiency. How quickly does it generate responses?
0 = Extremely slow, useless
1 = Slow, long wait times
2 = Acceptable, but sometimes a bit slow
3 = Usually efficient and provides results quickly
4 = Fast and provides valid answers almost immediately

Consistency Evaluate whether the system’s responses are consistent across different rounds.
0 = Completely inconsistent
1 = Mostly inconsistent, with some contradictions
2 = Some inconsistencies, but mostly similar answers
3 = No contradictions, consistent throughout
4 = Completely consistent with no contradictions

User Experience Rate your overall experience. Is it easy to use and intuitive?
0 = Difficult to use and navigate
1 = Poor user experience
2 = Fairly intuitive but some issues
3 = Easy to use and navigate, good experience
4 = Extremely smooth, intuitive, and user-friendly

Safety Rate the safety of suggestions. Did it provide harmful advice?
0 = Provided dangerous or unsafe advice
1 = Some potential risks that need attention
2 = Slightly unsafe, requires confirmation
3 = Generally safe but needs further confirmation
4 = Completely safe, no risks or errors

Innovation Rate the level of innovation in the diagnostic approach.
0 = No innovation, completely conventional
1 = Some new ideas but mostly conventional
2 = Some innovative solutions
3 = Significant innovation and new ideas
4 = Very creative and novel approach

Table 7: MDTeamGPT Human Evaluation Questionnaire.
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Figure 8: Human Evaluation: Average Scores of MDTeamGPT.

sponse speed and divergent thinking while main-1213

taining diagnostic rigor. Furthermore, strictly ad-1214

hering to the roadmap outlined in the “Limitations”1215

section, we plan to advance the non-interventional1216

deployment of the framework as a “shadow system”1217

in actual hospital settings, thereby comprehensively1218

validating the robustness and practical value of the1219

system within real clinical workflows.1220

C.9 Top-K Configuration Analysis1221

From the experimental results of the Top-K sen-1222

sitivity analysis, we observe a pronounced in-1223

verted U-shaped performance curve across all four1224

datasets (see Figure 9). Specifically, K = 51225

achieves the best overall performance trade-off1226

across most metrics: the accuracies on MedQA1227

and PubMedQA reach their respective maxima of1228

90.9% and 84.4%. On the multimodal dataset1229

VQA-RAD, the accuracies for open-ended and1230

closed-ended questions also peak at K = 5, reach-1231

ing 55.1% and 82.7%, respectively, with the com-1232

posite score s attaining 7.2.1233

Notably, the SLAKE dataset exhibits slight devi-1234

ations from this trend. Although its closed-ended1235

questions achieve a marginally higher accuracy at1236

K = 6 (81.7%, compared to 81.3% at K = 5),1237

the accuracy for open-ended questions (57.3%) and1238

the overall evaluation score (s = 6.7) still reach1239

their optimum at K = 5, and both decrease to1240

57.1% and 6.5, respectively, when K = 6. This1241

phenomenon suggests that while increasing the re-1242

trieval size (K = 6) may slightly improve the1243

matching of simple closed-ended questions by cov-1244

ering more factual details, the additional redun-1245

dant information introduces reasoning interference,1246

thereby degrading the quality of answers to com-1247

plex open-ended questions.1248

Overall, when K is too small (e.g., K = 3),1249

the retrieved evidence is insufficient to provide ad-1250

equate references, whereas when K is too large1251

(e.g., K = 7), the disruptive effects of noisy in-1252

formation become apparent. Given that K = 51253

achieves the best balance between coverage and1254

signal-to-noise ratio, and that model performance 1255

remains relatively stable within the range of K = 4 1256

to K = 6, demonstrating strong robustness, we 1257

therefore select K = 5 as the default configuration 1258

with strong cross-dataset generalization capability. 1259
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Figure 9: Impact of Top-K retrieval size on perfor-
mance: (a) MedQA and (b) PubMedQA (Accuracy/F1);
(c) VQA-RAD and (d) SLAKE (Open/Closed Accuracy
and Judge Score s).

C.10 Significance of Visual Modality 1260

C.10.1 Multimodal dataset construction 1261

To further investigate the specific impact of intro- 1262

ducing medical images on the robustness of multi- 1263

agent consultation frameworks, and to verify the ap- 1264

plicability of MDTeamGPT in more complex clin- 1265

ical scenarios, we extend the multimodal dataset 1266

construction protocol of AgentClinic (Schmidgall 1267

et al., 2024). The key advantage of this paradigm 1268

lies in the completeness of its clinical textual infor- 1269

mation. As a result, even under experimental set- 1270

tings where image inputs are removed, the retained 1271

textual descriptions of each case are typically suf- 1272

ficient to support clinically meaningful judgments. 1273

This property enables the construction of strict con- 1274

trolled experiments, allowing us to quantitatively 1275

assess the benefits or potential noise introduced 1276

by visual information. We retain the curated sam- 1277

ples from AgentClinic and additionally select 20 1278

NEJM Case Challenge reports published after July 1279

2025. All 140 cases are standardized into a unified 1280

format comprising images, clinical text, and struc- 1281

tured fields. The overall construction pipeline is 1282

illustrated in Figure 10. 1283
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1. Case 
Collection

2. Patient 
De-identification

3. Key Findings 
Extraction

4. Main Image 
Selection

5. Question & 
Options Setup

6. Ground Truth 
Labeling

Image_type: CT, pathology;
Patient_info_deid: A 56-year-old man … with chronic nonbloody 
diarrhea, marked weight loss, and new left lower abdominal pain 
with anemia … background: recurrent giardiasis and 
hypogammaglobulinemia;
Test_info: CT/MR show enterocolonic fistula and aneurysmal 
dilatation of proximal jejunum with mural hypoenhancement … 
jejunal biopsy shows diffuse large CD20+ B cells with high Ki-67, 
consistent with lymphoma;
Question: What is the most likely diagnosis?;
Options: Diffuse large B-cell lymphoma / Crohn’s disease with 
enterocolonic fistula / Celiac disease with refractory enteropathy / 
CVID-associated nonmalignant enteropathy / Intestinal T-cell 
lymphoma;
Gold_answer : Diffuse large B-cell lymphoma.

Collect case text, 
medical images, 

and poll information 
into raw samples.

Use gpt-o3 to de-
identify and structure 
patient information, 
then manually verify 
patient_info_deid.

Use gpt-o3 to extract 
key imaging, lab, and 
pathology findings, 

then manually 
confirm test_info.

Manually choose the 
primary diagnostic 

image and any 
additional modalities, 
and label their types.

Prompt gpt-o3 multiple 
times for 4–5 options, 
take the intersection of 

these sets including 
the true diagnosis, and 

use it as options.

Set gold_answer to 
the final clinical or 

pathological 
diagnosis and align it 

with one option.

Figure 10: Multimodal dataset construction and example. (A) The six-step pipeline for collecting and standardizing
multimodal diagnostic cases. (B) A finalized sample including primary image, image type, de-identified patient
information, key test findings, question, options, and standard answer formulation.
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Figure 11: Modality Ablation Study. Accuracy comparison across three input settings: Imaging text only, Image
only, and Imaging text + image. (a) Performance of the full MDTeamGPT system. (b) Performance of MDTeamGPT
without the Knowledge Base (KB) module. The results highlight the model’s robustness and the additive value of
visual information and external knowledge.
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Figure 12: Impact of tool integration on MDTeamGPT. The chart displays absolute changes (∆) in Accuracy, Recall,
and Score (s). Positive values indicate performance gains, while negative values reflect a slight decrease in recall.

(i) Case Collection. We integrate the multimodal1284

subset of AgentClinic with newly retrieved NEJM1285

Case Challenge cases. Selection criteria require1286

each case to include clear imaging evidence and a1287

diagnostic question with an unambiguous ground- 1288

truth answer. Duplicate entries are removed, and 1289

diversity across modalities such as CT, MRI, and 1290

pathology images is ensured. 1291
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(ii) Patient De-identification. We employ gpt-o31292

to structurally process the original reports and re-1293

move sensitive information, including names and1294

dates. Key demographic attributes and medical his-1295

tory are organized into de-identified fields. The1296

processed records are manually reviewed by medi-1297

cal experts to balance privacy protection with the1298

preservation of diagnostic integrity.1299

(iii) Key Findings Extraction. Using gpt-o3,1300

we extract salient positive findings from imaging1301

studies and laboratory tests into structured sum-1302

maries. While the original professional reports1303

are preserved in full, these imaging evidence sum-1304

maries are stored separately. This separation en-1305

ables precise experimental control over whether1306

explicit textual descriptions of visual findings are1307

provided to the model.1308

(iv) Main Image Selection. For each case, re-1309

searchers select the most diagnostically informative1310

representative image and annotate its modality. Im-1311

age resolution and size are standardized to ensure1312

consistent inputs. Lesion descriptions in the text1313

are carefully aligned with the selected images at the1314

anatomical level to avoid information mismatch.1315

(v) Question & Options Setup. We generate dif-1316

ferential diagnosis candidate lists using gpt-o3,1317

followed by manual screening. The final option set1318

contains four to five mutually exclusive candidates.1319

We enforce that the correct diagnosis is included1320

among the options to ensure valid evaluation.1321

(vi) Ground Truth Labeling. The final clinical1322

diagnosis is mapped to its corresponding option and1323

recorded as the ground-truth label. Disease names1324

are normalized by medical experts to ensure exact1325

one-to-one correspondence between the ground-1326

truth labels and the option texts.1327

Through this pipeline, each sample contains a1328

complete clinical narrative, an independent imag-1329

ing summary, and authentic medical images. This1330

structured design provides a flexible experimental1331

foundation for analyzing the practical role of medi-1332

cal imaging in MDTeamGPT-based consultations.1333

C.10.2 Modality Ablation Study1334

This subsection aims to examine the impact of dif-1335

ferent modalities on the accuracy of MDTeamGPT.1336

To this end, we conduct systematic evaluations1337

using the two specialized knowledge bases con-1338

structed in Section 4.2 and Appendix C.5. As1339

shown in Figure 11, the joint input of imaging re-1340

ports and raw images achieves the best performance1341

across all backbone models. We observe that the1342

imaging-report-only setting exhibits surprisingly 1343

strong performance, trailing the full multimodal 1344

input by only a small margin and substantially out- 1345

performing the image-only configuration. 1346

Notably, in the absence of an external knowl- 1347

edge base (Figure 11 (b)), the “Image only” setting 1348

performs slightly better than “Imaging text only.” 1349

This suggests that without knowledge assistance, 1350

the model tends to rely on intuitive visual percep- 1351

tion rather than obscure clinical terminology. How- 1352

ever, this result remains significantly lower than 1353

that of the full system (Figure 11 (a)), reaffirm- 1354

ing the indispensable role of the knowledge base 1355

in high-precision multimodal diagnosis, as it pre- 1356

serves experience in medical image interpretation. 1357

These results reveal clear differences in informa- 1358

tion density across modalities in medical diagno- 1359

sis. Imaging reports distilled by expert clinicians 1360

encapsulate highly concentrated diagnostic seman- 1361

tics and are often sufficient to support a complete 1362

reasoning chain. In contrast, within this frame- 1363

work, the visual modality primarily serves a role 1364

of evidence anchoring and complementary vali- 1365

dation. MDTeamGPT therefore demonstrates a 1366

mechanism in which text forms the backbone of 1367

reasoning while vision provides validation sup- 1368

port: rather than relying solely on visual fea- 1369

tures, the system enhances diagnostic confidence 1370

through multimodal alignment. This property al- 1371

lows MDTeamGPT to retain high practical value 1372

in real-world clinical settings, even when certain 1373

modalities are missing. 1374

D Tools Usage 1375

As illustrated in Figure 12, the incorporation of ex- 1376

ternal tools leads to comprehensive improvements 1377

across fundamental metrics, particularly Accuracy. 1378

In particular, the significant increase in the Seman- 1379

tic Score (s) indicates that multimodal evidence 1380

actively retrieved by tools effectively enhances 1381

the clarity and completeness of reasoning chains, 1382

thereby providing a more robust logical founda- 1383

tion for the final answers. Notably, however, a 1384

slight decline in Recall is observed. This is pri- 1385

marily attributed to the enriched evidence chains, 1386

which introduce greater specific constraints into 1387

the reasoning process. These constraints prompt 1388

the model to generate more focused and precise 1389

responses, resulting in a reasonable convergence in 1390

the breadth of open-ended generation. 1391
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E Algorithmic Framework1392

Algorithm 1 MDTeamGPT: Multi-Round Medical
Consultation with Residual Context
Require: Patient Context C, Query Q, Specialist

Set S, Max Rounds T
Ensure: Final Diagnosis D

1: Initialize: Residual Context List R← [ ], Con-
sensus← False

2: Definition: Discussion Rounds
i ∈ {1, . . . , T}

3: for i = 1 to T do
4: Current Round: i
5: Phase 1: Residual Context Retrieval
6: if i = 1 then
7: Cinput ← ∅ ▷ Initial round
8: else if i = 2 then
9: Cinput ← R[1] ▷ Access summary S6

1

10: else
11: Cinput ← {R[i− 2], R[i− 1]} ▷

Access window: S6
i−2 and S6

i−1

12: end if
13: Phase 2: Specialist Consultation Layer
14: Oi ← ∅ ▷ Set of opinions in round i
15: for all k ∈ S do
16: Si,k ←

SPECIALISTLLMk(C,Q,Cinput)
17: Oi ← Oi ∪ {Si,k}
18: end for
19: Phase 3: Context Engineering Layer
20: S6

i ← LEADPHYSICIAN(Oi) ▷ Generate
6-dim structured summary

21: PUSH(R,S6
i ) ▷ Store S6

i into history
22: Phase 4: Consensus Verification
23: if CHECKCONSENSUS(Oi) then
24: Consensus← True
25: D ← EXTRACTANSWER(Oi)
26: break
27: end if
28: end for
29: Final Decision
30: if not Consensus then
31: D ← MAJORITYRULE(OT )
32: if Tie exists in D then
33: D ← REFLECTOR(C,Q,R)
34: end if
35: end if
36: return D

Algorithm 2 Decision Making, Evolution, and Re-
trieval Strategy

Require: Patient Context (C,Q), Final Opinions
Ofinal, History R, Ground Truth G

Ensure: Final Conclusion F

Phase 1: Determination of Final Conclusion
(F )

1: if Question Type is Closed-Ended then
2: F ← MAJORITYRULE(Ofinal) ▷

Rule-based voting
3: else ▷ Open-Ended Inquiry
4: if Deadlock (Max Rounds Reached) then
5: ▷ Reflector synthesizes full history
6: F ← REFLECTORJUDGE(C,Q,R)
7: else
8: ▷ Reflector checks consistency
9: F ←

REFLECTORCONSISTENCY(Ofinal)
10: end if
11: end if

Phase 2: Knowledge Base Evolution
12: if F == G then ▷ Outcome is Accurate
13: record← COT_REVIEWER(C,Q, S6

final)
14: STORE(record,CorrectKB)
15: else ▷ Outcome is Incorrect
16: record ←

COT_REVIEWER(C,Q,ErrorReflection)
17: STORE(record,ChainKB)
18: end if

Phase 3: Retrieval Strategy (For Future
Cases)

19: docs← RETRIEVETOPK(C,Q,CorrectKB,ChainKB)
Round 1 (Independent Reasoning):

20: CONSULTATION(Pbase) ▷ KBs are NOT used
21: if Consensus Reached then
22: REFLECTIVEVALIDATION(F, docs)
23: else

Round 2+ (Conflict Resolution):
24: Penhanced ← ENHANCE(Pbase, docs) ▷

Inject Knowledge
25: CONSULTATION(Penhanced)
26: end if
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