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Abstract001

Large Language Model (LLM)-based agents002
have recently demonstrated remarkable capa-003
bilities in deep research tasks, yet their appli-004
cation to the medical domain remains chal-005
lenging. The leading proprietary systems006
achieve only modest results on complex med-007
ical benchmarks. This exposes two key bot-008
tlenecks: (i) limited clinical-reasoning capa-009
bility in the underlying model, and (ii) un-010
reliable access to authoritative medical evi-011
dence when constrained to open-web retrieval.012
To address these limitations and equip agents013
with robust clinical reasoning capabilities, we014
present MedResearcher-R1, a medical deep re-015
search agent featuring two core innovations.016
First, we propose Knowledge-Informed Trajec-017
tory Synthesis (KISA), a novel approach that018
builds medical knowledge graphs to construct019
complex multi-hop question–answer pairs cen-020
tered on rare medical entities, overcoming021
the scarcity of high-quality domain-specific022
training data. Second, we integrate a medi-023
cal retrieval engine alongside general-purpose024
tools, enabling precise and reliable synthesis025
of medical evidence. Through this methodol-026
ogy, we yield over 2,100 diverse trajectories027
spanning 12 medical specialties. Trained with028
supervised fine-tuning and reinforcement learn-029
ing, our MedResearcher-R1-32B achieves state-030
of-the-art performance on MedBrowseComp031
(27.5/50 vs. 25.5/50 for o3-deepresearch) while032
demonstrating strong general performance on033
GAIA and xBench benchmarks. To the best034
of our knowledge, we present the first high-035
quality, tool-augmented medical dataset paired036
with a domain-specialized deep-research agent,037
demonstrating that smaller open-source mod-038
els can surpass substantially larger proprietary039
systems on specialized medical tasks.040

1 Introduction041

Recent advances in Large Language Models042

(LLMs) have catalyzed the emergence of deep043

research systems. Unlike static question answer- 044

ing, deep research systems maintain evolving hy- 045

potheses, actively acquire external evidence via 046

search and specialized tools, reconcile conflicting 047

information, and synthesize grounded conclusions 048

into structured artifacts (e.g., reports) over multi- 049

step trajectories (Xu and Peng, 2025). Despite 050

rapid progress, the medical domain imposes stricter 051

requirements on reasoning validity and evidence 052

authority, which current general-purpose deep re- 053

search agents still fail to satisfy reliably (Chen et al., 054

2025b). 055

First, the reasoning architectures of general 056

agents are often too rigid for the stochastic nature 057

of medical inquiry. Standard agent workflows typi- 058

cally follow linear "plan-and-execute" trajectories. 059

However, medical research is inherently abductive 060

and iterative. It requires agents to constantly re- 061

evaluate hypotheses and cross-validate conflicting 062

data points (Yu et al., 2025). 063

Second, there is a fundamental disconnect be- 064

tween general pre-training and clinical data. Gen- 065

eral deep research agents are trained to optimize 066

for plausible text generation rather than faithful 067

clinical reasoning. They lack exposure to the spe- 068

cific cognitive trajectories used by medical profes- 069

sionals (Wang et al., 2025). While Reinforcement 070

Learning (RL) offers a potential solution, it often 071

struggles in this domain due to the sparsity of in- 072

termediate reasoning signals. Consequently, Super- 073

vised Fine-Tuning (SFT) on expert-demonstrated 074

trajectories emerges as the most trustful strategy. 075

However, existing data synthesis pipelines for SFT 076

remain insufficient. They mainly focus on generat- 077

ing static, text-only samples (Quan, 2024; Nadas 078

et al., 2025) or unifying disparate benchmarks into 079

standardized schemas (Song et al., 2025). 080

Third, general agents suffer from a bottleneck 081

due to inadequate information retrieval. Most deep 082

research systems rely on commercial search en- 083

gines designed for consumer relevance rather than 084
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scientific accuracy. In medicine, where the "ground085

truth" is often sequestered in specialized, author-086

itative indices (e.g., FDA databases), reliance on087

open-web retrieval leads to the non-authoritative or088

outdated information (Lin et al., 2025). This "re-089

trieval gap" is a primary driver of hallucination in090

medical agents, as they attempt to bridge missing091

evidence with plausible but fabricated details.092

To bridge these gaps, we propose a framework093

that redefines how medical agents are designed and094

trained. We posit that robust medical reasoning095

demands both a domain-adaptive workflow and096

exposure to complex, knowledge-rich scenarios097

during training. Our contributions are as follows:098

• Domain-adaptive workflow for medical deep099

research. We introduce a multi-turn, iterative100

workflow (Figure 1) where the agent alternates101

between internal reasoning ("think") and exter-102

nal tool invocation. A central feature of this103

architecture is the cross-validation of retrieved104

evidence to ensure clinical accuracy. The clini-105

cal accuracy is critical requirement in medicine,106

where reliance on partial information often leads107

to hallucination or error.108

• Knowledge-Informed Trajectory Synthesis109

(KISA). We propose KISA, a novel data gen-110

eration framework for supervised fine-tuning111

deep research agents. KISA leverages biomedi-112

cal knowledge graphs to synthesize high-quality113

reasoning trajectories, effectively teaching the114

agent how to navigate the problem space and uti-115

lize tools strategically for deep research tasks.116

• Comprehensive medical tool integration. We117

augment the agent’s capabilities with a cus-118

tom retrieval engine accessing authoritative data119

sources. Unlike general agents, our system di-120

rectly queries FDA databases, official prescrip-121

tion records, clinical trial registries, and peer-122

reviewed literature to ground its reasoning in123

verified medical data.124

2 Related Work125

LLM-based Agents for Deep Research. Deep126

research (DR) systems equip LLMs to generate127

evidence-rich reports. Optimization strategies gen-128

erally fall into three categories: workflow en-129

gineering, supervised fine-tuning, and reinforce-130

ment learning (RL) (Shi et al., 2025). The RL131

paradigm has yielded agents with great perfor-132

mance such as Search-R1 (Jin et al., 2025), Deep-133

Researcher (Zheng et al., 2025), WebDancer (Wu134

et al., 2025), and Kimi-K2 (Team et al., 2025), 135

while workflow engineering is exemplified by sys- 136

tems like Gemini DeepResearch (LLC, 2024), Ope- 137

nAI DeepResearch (OpenAI, 2025), Manus (Ltd.), 138

2025), and SunaAI (AI, 2025). 139

Despite these advances, performance degrades 140

in high-stakes fields like medicine (Chen et al., 141

2025b). General-purpose agents often lack the spe- 142

cialized retrieval tools and reasoning depth nec- 143

essary for clinical synthesis. Consequently, they 144

struggle to navigate authoritative medical databases 145

or capture relationships between rare entities, a lim- 146

itation this work addresses. 147

Deep research agents for medicine. In the 148

medical domain, AI methodologies have evolved 149

from isolated diagnostic models to integrated agen- 150

tic systems. Initial approaches primarily lever- 151

aged Retrieval-Augmented Generation (RAG) to 152

ground clinical decision-making in external litera- 153

ture (Zhao et al., 2025; Toma et al., 2023). Recently, 154

this has expanded into multi-agent frameworks de- 155

signed for specialized clinical workflows, such as 156

sequential diagnosis (Nori et al., 2025) and dy- 157

namic knowledge management (Yao et al., 2024). 158

However, current agents struggle with ex- 159

ploratory medical research. Performance notably 160

deteriorates on tasks requiring deep, multi-step in- 161

ference (Schmidgall et al., 2025). This brittleness 162

is attributed to a lack of training data which can 163

reflect the high complexity of real-world medical 164

investigation, such as linking rare diseases with dis- 165

parate and authoritative findings. Therefore, devel- 166

oping high-quality training datasets for supervised 167

fine-tuning medical DR system is necessary. 168

SFT training data for deep research agents. De- 169

spite the success of RL and workflow engineer- 170

ing, SFT for DR agents is hindered by a lack of 171

training data. Standard synthetic data methods for 172

LLMs (Quan, 2024; Nadas et al., 2025) are unsuit- 173

able for agentic systems. This is because they lack 174

the requisite tool-use trajectories (e.g., <tool_call>). 175

While the Agent Data Protocol (ADP) successfully 176

standardizes diverse agent datasets into a common 177

schema (Song et al., 2025), it focuses on organiz- 178

ing existing datasets rather than generating agentic 179

training data from scratch. This can be particularly 180

acute for medical DR agents training due to the lack 181

of datasets in this domain. Existing approaches 182

regarding SFT training data primarily focus on in- 183

structing LLMs to utilize functions and invoke real- 184

world APIs (Patil et al., 2023; Qin et al., 2023; 185

Tang et al., 2023; Chen et al., 2024). However, 186
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Figure 1: Comparison of medical reasoning agents. MedResearcher-R1 improves general-purpose agents from
both the training-data and architectural perspectives. On the training data side, it is trained on a specially designed
medical dataset and guided by reasoning trajectories. On the architectural side, it employs a multi-turn tool-
invocation workflow based on a think, tool invocation, verification loop and is equipped with medical-specific tools.

such datasets fall short in enhancing the complex187

reasoning capabilities required for deep research.188

Consequently, we aim to propose a data construc-189

tion method specifically designed to augment the190

cognitive processes of deep research agents.191

3 MedResearcher-R1: Medical Deep192

Research Agent Framework193

To adapt the agent workflow for solving deep med-194

ical research problems, we propose a think-tool195

invocation-verification loop (Figure 1). This pro-196

cess occurs before the final answer is generated.197

Specifically, given a query, MedResearcher-R1 per-198

forms the following steps: (i) Think: In this ini-199

tial step, the agent plans the research trajectory,200

identifies required information, and determines201

which parts of the retrieved evidence require cross-202

validation to ensure accuracy. It also selects the203

appropriate tools and defines their specific tasks.204

(ii) Tool Invocation: The agent executes the tools205

selected during the "Think" phase. (iii) Verifica-206

tion: This step conducts consistency checks on the207

evidence flagged for cross-validation. It compares208

the evidence from different sources and draw a con-209

clusion. Furthermore, once verification is complete210

and sufficient evidence has been accumulated, this211

module synthesizes the findings to generate the212

final evidence-based response.213

The tool set aims to retrieve comprehensive214

medical information. To do this, we add a spe-215

cialized Medical Search tool to standard utilities216

like web search and document reading. This spe-217

cific tool queries authoritative medical repositories. 218

Key sources include FDA datasets, prescription 219

databases, clinical trial registries, and PubMed. 220

4 KISA: Knowledge-informed trajectory 221

synthesis approach 222

We want to use Supervised Fine-Tuning (SFT) to 223

train MedResearcher-R1, which helps it to learn 224

reasoning steps rather than training with reinforce- 225

ment learning for random exploration. To ad- 226

dress the critical challenge of training data scarcity 227

for medical deep-research agents, we propose 228

a Knowledge-Informed Trajectory Synthesis Ap- 229

proach (KISA) that generates complex, multi-hop 230

medical reasoning trajectories for agent SFT. KISA 231

consists of five stages (Figure 2): (i) rare entity 232

extraction and selection (ii) knowledge graph con- 233

struction via search engine (iii) longest path extrac- 234

tion (iv) path enrichment with adjacent nodes and 235

(v) reasoning trajectory generation with masked 236

trajectory guidance. We now describe each of these 237

stages in detail. 238

A knowledge graph represents real-world enti- 239

ties and the relationships among them. This is 240

particularly useful for medical reasoning because 241

it encodes tractable relationships between medical 242

concepts. Therefore, we aim to generate questions 243

with reasoning trajectories for agent SFT from a 244

medical knowledge graph. 245

Rare entity extraction and selection. Inspired by 246

large-scale efforts to construct knowledge graphs 247

from literature (Kostis et al., 2020), we begin by 248
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Figure 2: KISA process illustration. The process aims to generate explicit reasoning trajectories for agent SFT.

extracting medical terminologies as entities from249

over 30 million PubMed abstracts. Specifically,250

we use Qwen3-235B (Yang et al., 2025) with care-251

fully designed prompts to extract precise entities.252

This process also returns basic statistics such as253

frequency of entities, which helps screening. Addi-254

tionally, the entity set for the knowledge graph is255

constructed incrementally. Each time we consider256

adding a new entity to the entity set, we require257

LLM to determine whether it should be added as258

a distinct entity based on current entity set. This259

procedure helps us handle typos and different repre-260

sentations referring to the same entity. After the en-261

tity set is constructed, we select rare entities whose262

frequencies are less then a threshold (10−6).263

Knowledge graph construction via search en-264

gine. We focus on an entity e ∈ E that represents a265

rare medical term. For this entity, we construct266

a knowledge graph G(e) = (E(e),R(e), T (e)).267

E(e) denotes the entities, and R(e) denotes the268

relation types. The set T (e) contains triples in the269

form (h, r, t). These represent a head h, a relation270

r, and a tail t. To construct the graph, we query271

the seed entity e in a search engine. This retrieves272

data from both general and medical resources. We273

extract relational triples from the search results.274

These triples form the structure of G(e).275

Longest path extraction and enrichment. We
extract the longest path P ∗(G(e)) from G(e), i.e.

P ∗(G(e)) = arg max
P∈P(G(e))

|P |

where P(G(e)) denotes the set of paths in graph276

G(e) and |P | denotes the length (number of edges)277

of path P . This strategy ensures that questions 278

require multiple reasoning hops. Next, we retrieve 279

the adjacent nodes for every node in this path. We 280

use these to expand the path into a sub-knowledge 281

graph Gsub(e). Let V (P ) denotes the set of nodes 282

in path P and N (e) denotes the neighbors of entity 283

e in graph G(e). Then 284

Gsub(e) = (Esub(e),Rsub(e), Tsub(e)) 285

Esub(e) = ∪v∈V (P ∗(G(e)))N (v) 286

This provides extra information to accurately de- 287

scribe the nodes. This context supports the masked 288

trajectory guidance method. Finally, we use 289

Gsub(e) to generate question and answer pairs with 290

reasoning trajectories. 291

Reasoning trajectory generation with masked 292

trajectory guidance (MTG). We input the sub- 293

knowledge graph into LLMs. They generate ques- 294

tions, answers, and reasoning trajectories in natu- 295

ral language. Domain experts verify the extracted 296

paths to ensure medical relevance. Additionally, 297

we enforce adaptive difficulty calibration. We test 298

each question with OpenAI-o3 and GPT-4. If ei- 299

ther model achieves accuracy greater than 50%, 300

the system regenerates the question. This ensures 301

sufficient complexity. 302

This process yields Q&A pairs with reasoning 303

trajectories. Figure 3 (left) illustrates an example. 304

The reasoning trajectories describe how to solve 305

the given question from the initial entity step by 306

step. However, these text trajectories lack tool-call 307

indicators. They also lack observations from tool 308

invocations which are necessary for agent training. 309
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Therefore, we propose Masked Trajectory Guid-310

ance (MTG). This method generates comprehen-311

sive reasoning paths for agent SFT. It incorporates312

the thinking process, tool tokens, invocation obser-313

vations, and the final answer.314

Masked trajectory guidance (MTG). We em-315

ploy a powerful LLM to generate trajectories for316

supervised fine-tuning. Our goal is to guide the317

reasoning process. However, we must not leak318

information that requires retrieval from tool invo-319

cations. To achieve this, we input the natural lan-320

guage trajectories alongside the question. We mask321

key entities within these trajectories. Specifically,322

MTG identifies entities present in the extracted323

path P ∗(G(e)). It replaces them with placeholders,324

such as "Entity A". It also adds context descrip-325

tions based on adjacent nodes in the sub-knowledge326

graph. Figure 3 illustrates an example. We feed the327

questions with the masked guidance to OpenAI-o3328

(OpenAI, 2025), which is equipped with our tool329

packages. The model generates complete reason-330

ing trajectories, including the thinking process, tool331

tokens, and final answers. This output is ideal for332

agent SFT. We store the resulting data in Dguided.333

We also control the data mix. This prevents over-334

reliance on trajectory guidance in case there are335

easier reasoning ways to reach the answers. In336

specific, we create another training dataset called337

Dexplore. Here, we input only the questions into338

OpenAI-o3. We do not provide masked trajecto-339

ries for detailed guidance. If the LLM generates a340

correct answer, we accept the associated trajectory.341

This ensures the model learns tool invocations nat-342

urally. It also prevents overfitting to the longest343

reasoning paths.344

The final training dataset can be denoted as345

Dtrain = {(xi, yi)}Ni=1. Here, xi is the medical346

question. yi contains the answer and the reason-347

ing trajectory. This dataset combines Dguided and348

Dexplore. In Dguided, yi stems from questions and349

masked trajectories. In Dexplore, yi stems from350

questions alone. We maintain a 7:3 ratio between351

these subsets. This balances structured learning352

with exploration.353

5 Large-scale Agent Training354

We adopt a two-stage training paradigm, consist-355

ing of supervised fine-tuning (SFT) followed by356

reinforcement learning (RL) optimization.357

5.1 Stage 1: Supervised Fine-Tuning 358

According to the KISA method described in sec- 359

tion 4, we now have the training dataset Dtrain = 360

{(xi, yi)}Ni=1. xi are the medical questions. yi are 361

correct answers and real reasoning trajectories with 362

tool invocations. Specifically, yi is serialized with 363

a sequence of tokens. 364

yi = {yi,1, yi,2, ..., yi,Ti} 365

Each token yi,t might be an agent token (plain text 366

or tool-call tokens) or a tool output token. Then the 367

objective of the supervised fine-tuning is 368

LSFT(θ) = − 1

N

N∑
i=1

Ti∑
t=1

mi,t log pθ(yi,t|xi, yi,<t) 369

where pθ(yi,t|xi, yi,<t) denotes the probability of 370

the agent parameterized with θ generating yi,t 371

given the question xi and the previous tokens yi,<t. 372

mi,t is an indicator function that follows 373

mi,t =

{
1, if yi,t is an agent token
0, if yi,t is a tool output token

374

We trained the agent from a base model 375

Qwen2.5-32B-Instruct (Team, 2024; Yang et al., 376

2024) through SFT on 2,100+ synthetic medical tra- 377

jectories generated by our KISA framework. The 378

training incorporates robustness augmentations in- 379

cluding tool failure simulation (5% corruption rate), 380

intermediate thought supervision, and multi-task 381

sampling across medical domains. This stage estab- 382

lishes fundamental tool usage patterns and medical 383

reasoning capabilities. Detailed training configura- 384

tions are provided in Appendix A. 385

5.2 Stage 2: Reinforcement Learning 386

Following SFT, we refine the agent using Grouped 387

Regularized Policy Optimization (GRPO) with 388

composite rewards balancing task accuracy, expert 389

alignment, and efficiency. For reinforcement learn- 390

ing training, the agent is modeled as a policy πθ 391

parameterized by θ. The reward is formulated as: 392

r = αrtask + βrexpert − γrefficiency 393

where rtask is the accuracy of the final predictions, 394

rexpert is a strong LLM evaluation on the medical 395

accuracy and completeness, refficiency is a penalty 396

for redundant tool usage. For GRPO, we conduct 397

G rollouts {o1, o2, ..., oG} calculate the rewards 398

and advantages Âi,t within the rollouts. Then the 399

objective becomes 400
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Original Trajectory

Question: Identify the specific chemical compound

Step 1. Swiss Pharmaceutical History

• Started with [Ciba-Geigy]
• It ceased .. after a landmark fusion in 1990s

Step 2. Corporate Merger Investigation

• [Ciba-Geigy] and Sandoz created [Novartis]

Step 3. Medication Identification

• Searched for [Novartis] heart failure medications 
that reduce hospitalization

• Led to [Valentas 100 Tablet]

Step 8. Final answer

• All evidence pointed to [Valsartan]

…

Original Trajectory

Question: Identify the specific chemical compound

Step 1. Swiss Pharmaceutical History

• Started with [Entity A], a major Swiss life-sciences company from Basel
• It ceased .. after a landmark fusion in 1990s

Step 2. Corporate Merger Investigation

• [Entity A] and Sandoz created [Entity B], also a 
Pharmaceuticals Corporation based Basel

Step 3. Medication Identification

• Searched for [Entity B] heart failure medications that reduce hospitalization
• Led to [Entity C], a branded prescription for cardiac insufficiency

Step 8. Final answer

• All evidence pointed to [Target Entity]

Mask Trajectory

…

Figure 3: Masked trajectory guidance sample. The entities in the original reasoning path are masked with blurred
descriptions. [bold] notation indicates entities from the knowledge graph on which this reasoning trajectory is
constructed. The green-shaded texts are descriptions from the additional nodes.

J =
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min{ πθ(oi,t|q, oi,<t)

πθref (oi,t|q, oi,<t)
Âi,t,

clip

(
πθ(oi,t|q, oi,<t)

πθref (oi,t|q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Âi,t}

401

We deliberately omit KL regularization follow-402

ing recent findings (He et al., 2025) and implement403

curriculum learning for progressive task complex-404

ity. The GRPO objective employs group-level base-405

line normalization for stable gradient estimation.406

Other details are shown in Appendix A.407

6 Experiments408

6.1 Benchmarks409

We evaluate MedResearcher-R1 using three pub-410

lic benchmarks: MedBrowseComp, GAIA, and411

XBench-DeepSearch. While MedBrowseComp fo-412

cuses on the medical domain, the latter two serve413

as general-purpose benchmarks, allowing us to as-414

sess MedResearcher-R1’s performance across both415

specialized medical tasks and general inquiries.416

MedBrowseComp (Chen et al., 2025b) is de-417

signed to assess the capabilities of LLM-based418

agents in answering medical questions that require419

multi-hop reasoning. This benchmark comprises420

50 questions drawn from a wide range of medical421

topics. Each question requires a detailed explo-422

ration of medical databases, literature, and clinical423

knowledge. Agents are evaluated based on their424

accuracy on these 50 questions.425

GAIA (Mialon et al., 2023) is a general-purpose426

benchmark that evaluates assistant capabilities in427

MedBrowseComp (Accuracy ↑)

o3 search 19.0/50
Gemini-2.5-pro Deepsearch 24.5/50
o3 deepsearch 25.5/50
claude-cua 18.0/50
MedResearcher-R1 (Ours) 27.5/50

Table 1: Performance Comparison on MedBrowseComp
Benchmarks (number correct out of 50).

tasks requiring multi-modal tool use, web search, 428

and multi-step reasoning. We utilize a subset of 429

103 cases from the text-only validation set to test 430

the agent’s ability to understand complex scenar- 431

ios, reason effectively, and interact with tools to 432

generate responses. 433

XBench-DeepSearch (Chen et al., 2025a) is a 434

multi-domain benchmark focused on evaluating 435

tool usage capabilities in search and information 436

retrieval scenarios. It tests the agent’s ability to 437

perform advanced information synthesis across var- 438

ious domains. 439

6.2 Main Results 440

State-of-the-Art Performance in Medical Re- 441

search. As shown in Table 1, MedResearcher-R1 442

establishes a new state-of-the-art on the challeng- 443

ing MedBrowseComp benchmark. With a score 444

of 27.5/50, it outperforms strong proprietary sys- 445

tems like o3-deepresearch (25.5) and Gemini-2.5- 446

Pro-deepsearch (24.5). This result validates the 447

effectiveness of our specialized data synthesis and 448

domain-specific tools in equipping the agent with 449

superior medical reasoning capabilities. 450
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Strong Generalization to Open-Domain Tasks.451

Notably, our specialization in the medical domain452

does not come at the cost of general capabilities.453

Table 2 shows that MedResearcher-R1 achieves454

highly competitive performance on general agent455

benchmarks. On both GAIA (53.4) and XBench-456

DeepSearch (54.0), our 32B model performs on par457

with the open-source agent, WebSailor-32B (53.2458

and 53.3, respectively). This demonstrates that459

the complex reasoning patterns and robust tool-use460

strategies learned from the medical domain transfer461

effectively to general problem-solving scenarios.462

Model Paradigm Xbench-DeepSearch GAIA

Qwen-2.5-32B Direct 8.7 13.6
Qwen-2.5-72B Direct 12.7 14.6
GPT-4o Direct 18.0 17.5
GPT-4.1 Direct 17.0 22.3
QwQ-32B Direct 10.7 22.3
o4-mini Direct 22.3 33.3
DeepSeek-R1 Direct 32.7 16.5
Qwen-2.5-32B Search-o1 3.7 28.2
WebDancer-32B ReAct 38.7 40.7
QwQ-32B Search-o1 25.0 39.8
WebSailor-7B ReAct 34.3 37.9
WebSailor-32B ReAct 53.3 53.2
MedResearch-R1-32B(Ours) ReAct 54.0 53.4

Table 2: Performance Comparison on Xbench-
DeepSearch and GAIA Benchmarks

6.3 Qualitative Analysis463

To understand the underlying factors driving per-464

formance improvements, we conducted an in-depth465

analysis of the training data patterns and their466

impact on agent behavior. For medical deep re-467

search problems, the workflow based on an iter-468

ative think–tool invocation-verification paradigm469

might be the most significant improvement in deep470

research capabilities. Given the dynamic nature of471

medical knowledge, continuous cross-validation is472

essential for ensuring factual accuracy and correct-473

ing outdated information.474

As illustrated in Figure 4, our agent achieves su-475

perior research depth through systematic evidence476

synthesis. The methodical approach relies on multi-477

ple cross-validation cycles to ensure response con-478

sistency. This make it contrast sharply with base-479

line models, which often exhibit premature conver-480

gence or suboptimal tool-use patterns.481

Cross validations from different resources are482

significant for medical deep research questions.483

We performed a comparative analysis of success-484

ful trajectories, contrasting our cross-validation485

pipeline against a self-verification baseline. In486

cross-validation, the agent searches for the same487

information from different sources and draws a488

conclusion based on an analysis over all informa- 489

tion. As comparison, a self-validation agent is set 490

to self-check about whether the retrieved informa- 491

tion is valid for the problem to be solved. Our 492

results indicate that trajectories employing cross- 493

validation achieve a 34.2% higher success rate on 494

complex multi-hop reasoning tasks. This iterative 495

approach ensures factual grounding and response 496

convergence, which are vital for high-precision do- 497

mains like medical diagnostics. These findings 498

suggest that the efficacy of tool-augmented agent 499

training is tied to the structural complexity of the 500

training data, with iterative cross-validation serving 501

as a driver of robust research capabilities. 502

7 Ablation Study 503

To isolate the factors driving performance gains, 504

we systematically remove some components from 505

MedResearcher-R1 to isolate their contributions. 506

The ablation results are shown in Table 3. From 507

the results, we can draw following conclusions. 508

Tool sets and MTG method are important for 509

agent. The integration of medical tools markedly 510

enhances performance (40.0 to 54.0 on XBench), 511

underscoring that specialized tool environments 512

are essential for complex reasoning. MTG also 513

improve the agent performance. Our analysis of 514

the MTG-derived SFT data reveals a fundamental 515

requirement for training dataset design: agents ben- 516

efit most from heterogeneity that balances the ex- 517

ploitation of long reasoning chains with exploratory 518

trajectories (our data mix of Dguided and Dexplore). 519

This dual approach is key to developing agents 520

capable of dealing with complex medical research. 521

Rare entities-based KISA are crucial. Restrict- 522

ing the knowledge graph to common entities re- 523

sults in a significant performance degradation, with 524

scores on MedBrowseComp falling from 27.5 to 525

23.0. This decline suggests that common-entity 526

graphs primarily generate queries with low reason- 527

ing complexity and high information accessibility. 528

Consequently, models trained on such datasets fail 529

to develop the sophisticated ability required for 530

multi-hop reasoning. These results underscore that 531

agent proficiency in solving complex problems is 532

contingent upon the structural complexity and in- 533

formational density of the knowledge graph. 534

Supervised Fine-tuning works better when given 535

high-quality training data. SFT alone achieves 536

25.5/50 on MedBrowseComp while RL alone fails 537

(12.0/50). The relative failure of RL can be at- 538
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<think> I'll help you research this question about Survivor 
winners born in May. Let me start by searching for 
information about Survivor US winners and their birth 
months. <\think>

<tool_call>{"name": "search", "arguments": {"query": 
["Survivor US winners birth dates birthdays", 
"Survivor winners born May", 
"Survivor champion birth months"]}}</tool_call>

<tool_response>A Google search for 'Survivor US winners 
birth dates birthdays' found 10 results: …</tool_response>

Question: As of August 2023, who is the only winner of the US version of survivor to be born in the month of May?
Correct answer: Michele Fitzgerald

Search: search for necessary information Search for verify: search for lacked information and information for cross-validation

Synthesize outputs

<think>Great! I found some key information. Let me search more specifically for Michele 
Fitzgerald and verify the information about Survivor winners born in May.</think>

<tool_call>{"name": "search", "arguments": {"query": 
["Michele Fitzgerald Survivor winner May 5", 
"Survivor winners born May 2023", 
"Michele Fitzgerald Survivor China winner"]}}</tool_call>

<tool_response>A Google search for 'Michele Fitzgerald Survivor winner May 5' found 10 
results: …</tool_response>

<think>Based on my comprehensive research, I can now provide a definitive answer. Let me summarize what I've found: … From multiple sources, I have 
confirmed that Michele Fitzgerald is indeed the only Survivor winner born in May.</think>
<answer>Michele Fitzgerald</answer>

Figure 4: Sample trajectory demonstrating the thinking-tool invocation-verification workflow. The image
depicts the agent’s workflow for answering a given question. In the “think” phase, the agent performs (i) searching
for necessary information, (ii) identifying missing information and selecting evidence that requires cross-validation.
Then the verification step searches the required information and continues the loop. Finally the agent summarizes
and synthesizes the retrieved information into an output.

Model Configuration MedBrowseComp (correct/50) GAIA (%) XBench-DeepSearch (%) Avg. Tool Calls

MedResearcher-R1 (Full) 27.5 53.4 54.0 4.2

Component Ablations
w/o Medical Tools 23.1 48.3 40.0 3.3
w/o MTG 24.2 44.3 47.8 3.5

Data Ablations
Common Entities Only 23.0 43.0 46.0 4.5

Training Ablations
SFT Only 25.5 49.0 48.0 3.4
RL Only (no SFT) 12.0 34.0 34.0 3.2

Table 3: Ablation study for MedResearcher-R1. Remove key components while keeping all other settings fixed.
Component ablations include: removing the medical tool sets, and generating reasoning trajectories without the
masked reasoning path. Data ablations consist of constructing questions using only common entities. Training
ablations include using SFT only and using RL only without SFT training.

tributed to the sparse reward signals inherent in539

long-horizon medical reasoning. Without the struc-540

tural priors provided by high-quality SFT trajecto-541

ries, the agent’s search space is too vast to explore542

effectively. This suggests that explicit behavioral543

guidance on expert-level reasoning chains is a pre-544

requisite for stabilizing agentic performance before545

RL optimization.546

8 Conclusion547

In this work, we introduce MedResearcher-R1. It is548

a specialized medical research agent fine-tuned on549

data synthesized via our KISA framework. KISA550

addresses the scarcity of high-quality SFT data by551

systematically generating challenging, multi-hop552

medical queries paired with dense reasoning tra-553

jectories. This ensures that agents are exposed to554

the compositional complexity inherent in clinical 555

research. MedResearcher-R1 integrating an itera- 556

tive "think–tool invocations–verification" paradigm 557

with a suite of domain-specific tools. The SFT with 558

training data plus the special work paradigm make 559

it achieve a state-of-the-art (SOTA) pass@1 accu- 560

racy of on MedBrowseComp, while maintaining 561

robust generalization across broader agent bench- 562

marks such as GAIA and XBench-DeepSearch. 563

Our empirical evaluation shows that training on 564

KISA-generated data improves agent performance. 565

Additionally, the integration of specialized medical 566

tools and our custom workflow contributes to the 567

high performance observed in the medical deep 568

research domain. We believe that KISA-generated 569

training data for agent SFT can help agents achieve 570

more stable and better training results. 571
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Limitations572

While our knowledge graph (KG)-based framework573

effectively synthesizes training data for complex re-574

search tasks, its generalizability to broader agentic575

domains remains to be fully explored. The cur-576

rent methodology is optimized for the structural577

properties of deep research problems, specifically578

those requiring multi-step reasoning and factual579

tracing. This may not be directly applicable to580

task-oriented agents (e.g., UI automation or cre-581

ative generation). Furthermore, we acknowledge582

that medical research is increasingly multi-modal.583

However, our framework is not capable of gen-584

erating training data for multi-modal deep search585

problems.586
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Appendix 750

A Training setting 751

A.1 Supervised Fine-Tuning Configuration 752

Dataset. The final training dataset (D = 753

{(x(i), y(i))}Ni=1) generated by KISA contains a to- 754

tal 2,137 questions with corresponding trajectories 755

(N = 2, 137). The objective function is: 756

LSFT(θ) = − 1

N

N∑
i=1

Ti∑
t=1

mi,t log pθ(yi,t|xi, yi,<t) (1) 757

where pθ(yi,t|xi, yi,<t) denotes the probability of 758

the agent parameterized with θ generating yi,t 759

given the question xi and the previous tokens yi,<t. 760

Ti is the token length of the i-th sample trajectory. 761

mi,t is an indicator function that follows 762

mi,t =

{
1, if yi,t is an agent token
0, if yi,t is a tool output token

763

Robustness Augmentations. 764

• Tool failure simulation: We introduce a 5% ran- 765

dom corruption rate of tool outputs to encourage 766

error recovery. Specifically, there is a 5% of prob- 767

ability that an API return will be replaced with a 768

blank response. This simulates scenarios where 769

information retrieval fails during the multi-turn 770

thinking process. Therefore, this enhances the 771

agents’ capacity to re-search the information. 772

• Multi-task sampling: Balanced batching across 773

different medical question types. For example, 774

diagnosis (30%), treatment (25%), guidelines 775

(25%), rare diseases (20%). 776
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Optimization.777

• Optimizer: AdamW with β1 = 0.9, β2 = 0.98778

• Learning rate: λ = 0.01 with cosine annealing779

to ηmin = 3× 10−7780

• Batch size: 128 (16 per GPU × 8 H800 GPUs)781

• Training epochs: 3782

• Gradient clipping: 1.0783

• Warmup steps: 100784

A.2 Reinforcement Learning Configuration785

Reward Components. The composite reward786

function r = αrtask + βrexpert − γrefficiency com-787

prises:788

• rtask: Binary task completion (1.0 for correct, 0.0789

for incorrect)790

• rexpert: GPT-4 preference score ∈ [0, 1] evaluat-791

ing medical accuracy and completeness792

• refficiency: Penalty for redundant tool usage, com-793

puted as:794

refficiency =0.1× nredundant+

0.2× npost-answer + 0.15× nirrelevant
(2)795

where n· is the tool usage count of the footnote796

type.797

GRPO Configuration. For GRPO, we conduct798

G rollouts {o1, o2, ..., oG} calculate the rewards799

and advantages Âi,t within the rollouts. Then the800

objective for reinforcement learning is:801

J =
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

min{ πθ(oi,t|q, oi,<t)

πθref (oi,t|q, oi,<t)
Âi,t,

clip

(
πθ(oi,t|q, oi,<t)

πθref (oi,t|q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Âi,t}

802

Detailed settings are:803

• Group size: 4 responses per query804

• Sampling temperature: 0.7805

• PPO clip range: 0.2806

• Value loss coefficient: 0.5807

• Entropy coefficient: 0.01808

• Training iterations: 500809

• KL regularization: Disabled (following He et al.810

(2025))811

B Prompt 812

Here we show the prompts for constructing reason- 813

ing trajectories with masked trajectory guidance. 814

The system prompts are: 815
816

role_definition = "You are a professional 817

information research assistant" 818

base_content = '''. Your core 819

responsibility is to solve complex questions 820

through intelligent tool usage and logical 821

reasoning, providing accurate and reliable 822

answers. 823

824

**Working Methodology**: 825

826

1. **Problem Analysis**: First analyze the 827

nature of the question and required 828

information types: 829

- **Basic Reasoning**: Mathematical 830

calculations, logical deduction, common 831

sense judgments should be completed directly 832

- **External Information**: Only use tools 833

when you need real-time data, specific facts 834

, or web content 835

836

2. **Intelligent Tool Usage**: Use tools only 837

when external information is needed: 838

- Search for unknown facts, data, news, etc. 839

- Retrieve webpage content and specific 840

information 841

- Verify time-sensitive information 842

843

3. **Reasoning First**: For content that can be 844

deduced through reasoning, analyze directly: 845

- Mathematical operations and logical 846

judgments 847

- Time calculations and numerical 848

relationships 849

- Inference based on known information 850

851

4. **Comprehensive Analysis**: Combine external 852

information obtained through tools with 853

autonomous reasoning to provide complete 854

answers. 855

856

**Working Principles**: Wisely choose when to 857

use tools and when to rely on autonomous 858

reasoning, ensuring efficient and accurate 859

problem-solving.''' 860861

The main prompts are: 862
863

"""Do research on the question and answer it 864

when you finish the research. When you 865

finish your research, you should explain 866
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first and then answer, your answer should be867

place inside <answer></answer>, and your868

answer should be direct answer without any869

explanation.870

871

**IMPORTANT**: You are provided with some search872

guidance hints below. These hints suggest873

potential SEARCH DIRECTIONS and874

INVESTIGATION APPROACHES. You MUST NOT use875

any specific information from these hints876

directly as your answer or for direct877

reasoning.878

879

## Search Guidance (Use ONLY as search880

directions):881

{reasoning_path}882

883

## Critical Instructions:884

885

1. **Search Direction Only**: The above hints886

are ONLY suggestions for what topics/887

keywords to search for and what aspects to888

investigate. They are NOT factual889

information to be used directly in your890

reasoning or answers.891

892

2. **Mandatory Tool Verification**: For any893

information mentioned in the guidance hints,894

you MUST use tools to independently find,895

verify, and confirm that information. Never896

assume the hints contain accurate facts.897

898

3. **Balanced Approach**:899

- **Basic reasoning** (mathematical900

calculations, logical deductions, common901

sense): Handle directly without tools902

- **Information from hints** (specific facts,903

data, claims): MUST be verified through904

tools905

- **External information** (current events,906

specific details): Use tools to search and907

verify908

909

4. **Independent Research**: Treat the guidance910

as a research roadmap only. You must911

independently discover, verify, and validate912

all specific information through your tools913

.914

915

5. **Evidence-Based Answers**: Your final answer916

must be based on:917

- Verified information you actually found918

through tools (not from hints)919

- Sound reasoning and calculations you920

performed directly 921

922

**Remember**: The guidance hints may contain 923

inaccurate or incomplete information. Always 924

verify through tools before using any 925

specific claims from the hints. 926

927

When you finish your research, explain your 928

findings first and then provide your answer 929

inside <answer></answer>. Your answer should 930

be a direct answer without any explanation 931

inside the answer tags. 932

933

User Question: """, 934935
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