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Abstract

While Retrieval-Augmented Generation (RAG)001
has become a standard paradigm for mitigat-002
ing hallucinations in Large Language Mod-003
els (LLMs), its effectiveness in complex medi-004
cal reasoning remains limited. Existing RAG005
methods suffer from two main challenges:006
First, Semantic Drift: without explicit do-007
main constraints, LLM-driven query decom-008
position often deviates from the original clin-009
ical intent, introducing substantial noise that010
degrades retrieval relevance. Second, Con-011
catenation Fallacy: retrieved evidence from012
different semantic aspects is aggregated in013
a naive, unstructured manner, without mod-014
eling their inter-dependencies and potential015
conflicts, which ultimately undermines down-016
stream reasoning. To address these challenges,017
we propose Med-SRAF, a multi-agent retrieval018
augmentation framework guided by medical019
domain knowledge. This framework recon-020
structs the traditional RAG process through021
two core mechanisms: (1) Intent-driven Se-022
mantic Routing, where a UMLS-based Nav-023
igationAgent dynamically maps queries to024
medical dimensions for strategic search space025
pruning; and (2) Evidence-based Agentic Fu-026
sion, where a FusionAgent resolves conflicts027
among dimension-specific evidence to build028
logically consistent reasoning chains. Exten-029
sive experiments on five widely used medi-030
cal benchmarks show that Med-SRAF consis-031
tently outperforms existing general RAG base-032
lines, achieving an average accuracy improve-033
ment of over 4.9%, highlighting its effective-034
ness in robust and interpretable medical rea-035
soning. Our code is at https://anonymous.036
4open.science/r/MultiAgent_RAG-F6DC.037

1 Introduction038

Recently, the rapid development of Large Language039

Models (LLMs) (Brown et al., 2020; Achiam et al.,040

2023; Touvron et al., 2023) has precipitated a fun-041

damental paradigm shift in artificial intelligence,042

Query: "Does the manic/mixed episode 

distinction in bipolar disorder patients 

run true over time?"

Sub-Query1: "How do clinicians currently 

distinguish between manic and mixed 

episodes in bipolar disorder patients?"

Sub-Query2: "What are the potential 

consequences of misclassifying a manic or 

mixed episode in bipolar disorder patients?"

Sub-Query3: "Are there any existing 

studies or research that have investigated the 

stability of manic/mixed episode distinctions 

over time in bipolar disorder patients?" Retrieval
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Maybe, I don‘t have enough 

information to answer it.

Figure 1: The traditional LLM-driven query decomposi-
tion struggled with semantic drift.

transforming Natural Language Processing (NLP) 043

from task-specific pipelines to generalist reason- 044

ing engines. Trained on massive-scale corpora en- 045

compassing diverse domains, these models have 046

demonstrated remarkable capabilities in language 047

understanding, generation, and logical reasoning, 048

reshaping how humans interact with information. 049

However, despite their extensive pre-training and 050

linguistic fluency, LLMs intrinsically suffer from 051

a critical limitation: hallucinations (Ji et al., 2023; 052

Zhang et al., 2025). That is, they may generate 053

responses that are syntactically plausible and con- 054

textually coherent yet factually incorrect, unverifi- 055

able, or unsupported by reliable evidence (Lin et al., 056

2022). Hallucinations significantly impede the ef- 057

fectiveness of large language models, particularly 058

in tasks that demand high accuracy and reliability, 059

such as academic research and medical diagnosis 060

(Nori et al., 2023; Aljohani et al., 2025). 061

To mitigate hallucinations in Large Language 062

Models (LLMs), Retrieval-Augmented Generation 063

(RAG) (Lewis et al., 2020) has emerged as a stan- 064

dard solution, aiming to ground model outputs 065

in external, verifiable knowledge bases to bridge 066
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the gap between static parametric memory and dy-067

namic real-world facts. By providing retrieved ev-068

idence related to the question, RAG significantly069

improves factual grounding and has been widely070

adopted across knowledge-intensive tasks. While071

RAG provides a promising foundation for mitigat-072

ing hallucinations and ensuring factuality, applying073

it to complex medical reasoning remains fraught074

with challenges.075

Medical reasoning often require precise intent076

alignment, current approaches often employ un-077

constrained Chain-of-Thought (CoT) (Wei et al.,078

2022) or Query Decomposition techniques (Khot079

et al., 2022) to break down queries. However, with-080

out domain-specific boundaries, these methods are081

prone to semantic drift. LLMs may decompose082

a clinical query into irrelevant sub-questions, in-083

troducing noise that distracts the retrieval process.084

Furthermore, unguided decomposition often leads085

to retrieval redundancy, where overlapping sub-086

queries exhaust the limited context window—a crit-087

ical bottleneck for local LLM deployment. Exist-088

ing frameworks lack a mechanism to strictly en-089

force clinical scope, resulting in reasoning paths090

that are computationally expensive yet diagnosti-091

cally vague. To address this issue, we propose092

semantic routing to provide structured guidance.093

This approach introduces a UMLS-based (Boden-094

reider, 2004) constraint mechanism, which disen-095

tangles the reasoning space into five distinct se-096

mantic dimensions (e.g., Disease, Symptom). By097

mapping queries to disjoint sets of UMLS Seman-098

tic Types, our method effectively prunes irrelevant099

search paths before retrieval ensues. This signifi-100

cantly improves the effectiveness of the informa-101

tion retrieved by the query after decomposition and102

reduces redundancy and noise.103

However, even when relevant information is suc-104

cessfully retrieved, a second fundamental limita-105

tion persists: the concatenation fallacy (Liu et al.,106

2024). Most multi-path retrieval systems adopt a107

naive strategy of mechanically concatenating re-108

trieved segments into the context window. This109

approach implicitly assumes that the LLM will110

spontaneously deduce the latent inter-relationships111

among disparate pieces of information. This as-112

sumption is particularly problematic in medical113

reasoning, where meaningful conclusions often114

depend on explicit interactions across semantic115

dimensions—for instance, linking a Pathological116

Mechanism from one piece of evidence to a Clini-117

cal Symptom from another requires an explicit in-118

ferential bridge. Simply concatenating these as 119

isolated facts creates information silos, leading to 120

fragmented reasoning where the model possesses 121

the puzzle pieces but fails to connect them. More- 122

over, this naive aggregation exacerbates the risk 123

of information conflicts, where contradictory evi- 124

dence retrieved from divergent paths is fed directly 125

to the model without reconciliation, causing hallu- 126

cination or indecision. To address this issue, we 127

propose agentic fusion, which makes implicit logi- 128

cal chains explicit by establishing connections be- 129

tween knowledge and resolves conflicts across dif- 130

ferent dimensions. This allows large models to 131

fully utilize the retrieved information, thereby gen- 132

erating more accurate responses. 133

Our main contributions can be summarized as 134

follows: 135

• We establish a new paradigm of structured guid- 136

ance grounded in five distinct semantic dimen- 137

sions derived from the UMLS onthlogy. 138

• We propose an Semantic Routing Mechanism 139

to specifically address semantic drift and re- 140

trieval redundancy, effectively pruning irrele- 141

vant search paths before retrieval ensues. 142

• We propose an Agentic Fusion Mechanism to 143

overcome the concatenation fallacy inherent in 144

traditional RAG systems, reconstructing latent 145

logical chains to support more accurate and co- 146

herent medical inferences. 147

• We conduct extensive experiments on five 148

widely used medical benchmarks. The results 149

show Med-SRAF achieves an average accuracy 150

improvement of over 4.9%. 151

2 Method 152

Overview. Figure 2 provides an overview of our 153

Med-SRAF. To effectively address the dual chal- 154

lenges of semantic drift and concatenation fallacy 155

highlighted in section 1, we introduce two novel 156

core modules: the NavigationAgent, which im- 157

plements semantic routing to strictly constrain the 158

reasoning scope, and the FusionAgent, which ex- 159

ecutes agentic fusion to explicitly synthesize log- 160

ical evidence chains. Orchestrated by a central 161

coordinator, these modules collaborate with spe- 162

cialized Sub-Agents to transform the QA pipeline 163

from a static retrieval task into a dynamic, structure- 164

grounded decision process. 165

Problem Formulation. Given a biomedical query 166

Q, which consists of a question stem q and a set of 167
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Figure 2: The Overview of Our Framework. Upon receiving a query, the NavigationAgent analyzes its clinical
intent and dynamically selects relevant dimensions from the predefined dimensions. Subsequently, the central
coordinator activates the corresponding Sub-Agents to execute retrieval tasks in parallel. This process involves
dimension-specific query decomposition and evidence retrieval. Following this, the FusionAgent conducts evidence
synthesis based on the evidence from the selected Sub-Agents to build logically consistent reasoning chains. Finally,
the LLM is prompted to generate the final response based on these fused chains.

candidate options op = {o1, o2, . . . , on}, the task168

is to identify the correct answer Ans ∈ op through169

the three-phase workflow of Med-SRAF.170

2.1 Phase I: Semantic Routing171

Upon receiving the query Q, traditional LLM-172

driven query decomposition tends to be uncon-173

strained and often deviates from the original clini-174

cal intent, causing the generation of irrelevant sub-175

queries called semantic drift. To mitigate it, we176

introduce semantic routing mechanism. Instead of177

allowing the LLM to freely decompose the query178

into arbitrary sub-queries, we explicitly constrain179

the action space to specific semantic dimensions180

grounded in the Unified Medical Language System181

(UMLS) (Bodenreider, 2004).182

2.1.1 UMLS-based Dimension Mapping183

Considering precise and controlled vocabulary are184

required for medical reasoning, and to prevent re-185

dundancy from query decomposition and ambigu-186

ity in open-ended retrieval, we ground our frame-187

work in the UMLS. We aggregate granular UMLS188

Semantic Types into five distinct semantic reason-189

ing dimensions.190

Specifically, we distill the vast UMLS Seman-191

tic Network into a quasi-orthogonal basis set.192

As illustrated in Figure 3, by explicitly pruning193

irrelevant categories (e.g., Reptile, Geographic194

Area) and aggregating clinically relevant seman-195

tic types (e.g., T047, T191), we construct five196

distinct reasoning dimensions, denoted as D =197

{ddis, dsym, dexam, dtreat, dmech}:198

Disease (ddis): Focuses on diagnosis, etiology, and199

prognosis. It maps to UMLS types such as Dis-200

ease or Syndrome (T047) and Neoplastic Process 201

(T191), providing the foundational scope when spe- 202

cific pathological definitions and classification cri- 203

teria are needed to answer the query. 204

Symptom (dsym): Focuses on clinical manifes- 205

tations and patient complaints. It captures phe- 206

nomenological evidence by consolidating UMLS 207

types such as Sign or Symptom (T184) and Clini- 208

cal Finding (T033), representing both subjective 209

complaints and observable signs. 210

Examination (dexam): Distinct from symptoms, 211

this dimension targets objective diagnostic investi- 212

gations used to confirm or rule out hypotheses. It 213

maps to UMLS types like Diagnostic Procedure 214

(T060) and Laboratory Procedure (T059), cover- 215

ing imaging, pathology, and biochemical assays 216

required for confirmation. 217

Treatment (dtreat): Focuses on all therapeutic in- 218

terventions. Unlike systems that separate pharma- 219

cotherapy from surgery, we aggregate types like 220

Pharmacologic Substance (T121) and Therapeutic 221

Procedure (T061) here, addressing both medication 222

management and surgical interventions uniformly. 223

Mechanism (dmech): Focuses on "why" and "how" 224

of medical phenomena. Mapping to UMLS types 225

like Pathologic Function (T046) and Molecular 226

Function (T044), this dimension is essential for an- 227

swering deep reasoning questions regarding patho- 228

physiology, mechanism of action (MOA), and 229

metabolic pathways. 230

This structured taxonomy establishes a con- 231

trolled action space for the NavigationAgent to 232

perform effective dimensional pruning. This pro- 233

cess significantly reduces retrieval noise and en- 234
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Figure 3: Illustration of the UMLS-based Dimension
Mapping strategy. By explicitly pruning irrelevant
categories and aggregating clinically relevant semantic
types, the vast UMLS Semantic Network is distilled into
five distinct semantic reasoning dimensions.

sures that the decomposition is both comprehen-235

sive (covering distinct clinical needs from diag-236

nosis to underlying mechanisms) and exclusive237

(minimizing semantic overlap).238

2.1.2 Intent-Aware Routing239

Having established the static semantic space D, the240

challenge shifts to how to map unstructured clin-241

ical queries into corresponding dimensions. The242

NavigationAgent acts as the brain in this process,243

analyzing the query Q to select the most relevant244

subset of dimensions D′ ⊂ D.245

D′ = {di ∈ D | P (di | Q) > τ} (1)246

where P (di | Q) denotes the probability that di-247

mension di is required to answer the query Q, and248

τ is a confidence threshold.249

We designed a specialized prompt to instruct250

the NavigationAgent to analyze the query’s la-251

tent needs. For example, consider a query re-252

garding "clinical signs of third cranial nerve dam-253

age following orbital trauma". The NavigationA-254

gent recognizes that the question focuses on phe-255

notypic manifestations and diagnostic validation256

rather than therapeutic intervention or molecular257

pathology. Consequently, it activates the subset258

D′ = {dsym, dexam} to retrieve information on259

specific signs like pupillary dilation and strabis-260

mus , while explicitly pruning {dtreat, dmech, ddis}.261

This scope locking strategy effectively filters out 262

irrelevant noise (e.g., surgical repair techniques or 263

metabolic pathways) before retrieval. 264

Upon receiving the semantic routing results D′, 265

the central coordinator dispatches the query Q to 266

the designated specialized sub-agents. To optimize 267

inference latency, these agents are orchestrated to 268

execute Phase II (Generative Retrieval) in paral- 269

lel, ensuring efficient and comprehensive evidence 270

retrieval across the selected dimensions. 271

2.2 Phase II: Generative Retrieval 272

In long-text medical scenarios, directly using the 273

original query for knowledge retrieval often faces 274

problems like high contextual noise and blurred 275

focus. To address this challenge, we adopts a gen- 276

erative retrieval paradigm, consisting of two con- 277

secutive sub-processes: Sub-Query Generation and 278

Structured Triple Generation. 279

2.2.1 Sub-Query Generation 280

This module is designed to decompose Q into sev- 281

eral short, precise search queries. Compared to 282

typical query decomposition and rewriting, we de- 283

signed a dimensional-aware generation strategy to 284

ensure the generated sub-queries strictly adhere to 285

the semantic dimensions selected during Phase I. 286

Specifically, for the received original question 287

stem q, the options set op = {o1, o2, . . . , on}, and 288

the selected dimension d ∈ D′, the sub-query gen- 289

eration process is strictly guided by a dimension- 290

specific prompt template Pd. 291

Sd = G(q, T (op), Pd; θ)

= {q(d)1 , q
(d)
2 , . . . , q

(d)
k }

(2) 292

where T (·) represents the function that converts 293

structured options into a textual context, and Sd 294

denotes the result set of k targeted verification sub- 295

queries tailored to dimension d. 296

2.2.2 Structured Triple Generation 297

After the generation of dimension-specific sub- 298

queries set Sd, the next task of the Sub-Agent is to 299

utilize these sub-queries to obtain structured med- 300

ical evidence. Here, we adopt a model fine-tuned 301

on PrimeKG (Chandak et al., 2023; Su et al., 2024) 302

to generate structured triples (h, r, t) for each sub- 303

query in Sd. 304

Kd =
⋃

sub_q∈Sd

E(sub_q; Φ)

= {τ1, τ2, . . . , τm}
(3) 305
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where E(·; Φ) denotes the generative extraction op-306

erator based on model Φ, incorporating robust pars-307

ing logic to get structured evidence; and τi repre-308

sents the resulting i-th standardized triplet (h, r, t).309

After parallel generative retrieval, the system ob-310

tains a set of dimension-specific triplet knowledge311

sets {Kd | d ∈ D′}. Then the set is flowed to312

FusionAgent for Agentic Fusion.313

2.3 Phase III: Agentic Fusion314

While the structured triples generated in Phase II315

provide reliable local evidence, they remain inher-316

ently discrete and dispersed across isolated seman-317

tic dimensions. Consequently, integrating this frag-318

mented information and reconciling potential cross-319

dimensional conflicts is crucial. The FusionAgent320

acts as the core in this process, synthesizing these321

sets of triples {Kd} into a unified reasoning chain322

for more accurate and coherent medical inferences.323

This process is not a simple union of sets, but324

rather a semantic reconstruction procedure. Specif-325

ically, we feed the raw triples from all selected di-326

mensions (e.g., Disease, Treatment, etc.) together327

with the original query Q into the FusionAgent.328

We designed prompts that strictly instruct the Fu-329

sionAgent to synthesize knowledge by adhering to330

three core principles:331

• Semantic Deduplication: Normalize entities332

that convey the same medical meaning but are333

expressed differently (e.g., myocardial infarction334

vs. heart attack) into standardized medical termi-335

nology to ensure semantic connectivity.336

• Conflict Resolution: When evidence from dif-337

ferent sources is contradictory, the system pri-338

oritizes statements with higher granularity and339

definitive logical relations over broad or ambigu-340

ous claims.341

• Relevance Filtering: Remove noisy triples that342

have no direct logical connection to the target343

unknown in Q.344

Gfused = Ψ({Kd}d∈D′ , Q;Pfuse) (4)345

where Ψ(·) denotes the semantic synthesis operator346

executed by the FusionAgent; {Kd}d∈D′ represents347

the collection of knowledge sets retrieved from348

parallel sub-agents in Phase II; and Pfuse refers to349

the steering prompt encoding the core synthesis350

constraints—specifically semantic deduplication,351

conflict resolution, and relevance filtering. This op-352

eration transforms the isolated local evidence into353

Gfused, a unified and consistent evidence landscape 354

serving as the ground truth for final reasoning. 355

Notably, the FusionAgent employs an adaptive 356

prompting strategy sensitive to the routing results 357

of Phase I. In scenarios where just one dimension 358

is selected (i.e., |D′| = 1), the FusionAgent’s role 359

shifts from Cross-Dimensional Synthesis to Single- 360

Source Data Refinement. In this case, the fusion 361

prompt Pfuse is reconfigured to emphasize preci- 362

sion within the dimension. Specifically, the instruc- 363

tion constraints focus on: 364

• Denoising: Strictly discarding ambiguous or 365

“None” values. 366

• Standardization: Converting vague predicates 367

into precise medical terminology. 368

• Hallucination Prevention: Ensuring that no un- 369

supported relations are fabricated. 370

This adaptive mechanism ensures that even when 371

cross-verification is unavailable, the output graph 372

Gfused maintains high logical density and reliability. 373

After FusionAgent processing, the coordinator 374

prompts the LLM to generate the answer Ans to 375

the query Q based on the Gfused. 376

3 Experiment 377

3.1 Experimental Setup 378

Datasets. Five multi-choice medical QA bench- 379

marks are utilized for experimental evaluation: 380

MMLU (Hendrycks et al., 2020), MedQA (Jin 381

et al., 2021), PubMedQA (Jin et al., 2019), BioASQ 382

(Nentidis et al., 2023) and MedDDx (Su et al., 383

2024). More details are provided in Appendix A. 384

Baselines. 12 models are included as baselines 385

in the evaluation, categorized into four types: (1) 386

General-purpose LLMs: LLaMA2 (7B/13B) (Tou- 387

vron et al., 2023), LLaMA3 (8B), and LLaMA3.1 388

(8B) (Dubey et al., 2024); (2) Medically-tuned 389

LLMs: MedAlpaca-7B (Han et al., 2023) and 390

PMC-LLaMA-7B (Wu et al., 2024); (3) RAG- 391

based Models: Self-RAG (7B/13B) (Asai et al., 392

2023) and MedRAG (13B) (Xiong et al., 2024); 393

and (4) KG-based Models: KG-Rank (13B) (Yang 394

et al., 2024) and KGARevion (LLaMA3/3.1-8B) 395

(Su et al., 2024). 396

Evaluation. The evaluation is designed as a multi- 397

choice question-answering task. Given an input 398

query with several candidate options, the model 399

needs to select the correct answer from the set of 400

candidate options. Accuracy (Acc) is employed 401
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Datasets Multiple Medical QA MedDDx

MMLU MedQA PubMedQA BioASQ Basic Intermediate Expert

Metrics Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std)
LLaMA2-7B 0.408 (.001) 0.371 (.003) 0.447 (.004) 0.577 (.002) 0.197 (.006) 0.199 (.004) 0.183 (.003)

LLaMA2-7B (COT) 0.406 (.001) 0.316 (.002) 0.477 (.003) 0.570 (.004) 0.263 (.016) 0.259 (.002) 0.231 (.012)

MedAlpaca-7B 0.598 (.003) 0.394 (.002) 0.345 (.014) 0.532 (.004) 0.356 (.012) 0.328 (.005) 0.295 (.005)

MedAlpaca-7B (COT) 0.601 (.007) 0.391 (.005) 0.294 (.005) 0.498 (.007) 0.370 (.018) 0.324 (.004) 0.297 (.014)

PMC-LLaMA-7B 0.227 (.005) 0.265 (.003) 0.182 (.006) 0.310 (.008) 0.095 (.002) 0.092 (.001) 0.068 (.005)

PMC-LLaMA-7B (COT) 0.231 (.003) 0.264 (.002) 0.180 (.005) 0.298 (.008) 0.086 (.012) 0.086 (.004) 0.060 (.009)

LLaMA2-13B 0.500 (.002) 0.394 (.004) 0.482 (.007) 0.554 (.004) 0.339 (.004) 0.345 (.010) 0.326 (.007)

LLaMA2-13B (COT) 0.498 (.004) 0.388 (.001) 0.478 (.007) 0.569 (.007) 0.301 (.006) 0.344 (.006) 0.320 (.009)

LLaMA3-8B 0.657 (.004) 0.549 (.003) 0.555 (.006) 0.664 (.014) 0.423 (.013) 0.358 (.003) 0.331 (.010)

LLaMA3-8B (COT) 0.684 (.001) 0.546 (.002) 0.563 (.004) 0.688 (.011) 0.439 (.014) 0.362 (.003) 0.355 (.009)

LLaMA3.1-8B 0.699 (.004) 0.605 (.003) 0.572 (.004) 0.685 (.009) 0.441 (.011) 0.401 (.003) 0.384 (.005)

LLaMA3.1-8B (COT) 0.706 (.002) 0.604 (.002) 0.567 (.004) 0.704 (.006) 0.452 (.018) 0.402 (.008) 0.383 (.009)

Self-RAG (7B) 0.512 (.004) 0.409 (.002) 0.338 (.010) 0.598 (.006) 0.224 (.019) 0.200 (.004) 0.209 (.005)

Self-RAG (13B) 0.234 (.004) 0.264 (.002) 0.173 (.006) 0.612 (.014) 0.235 (.013) 0.253 (.002) 0.224 (.014)

KG-Rank (13B) 0.454 (.005) 0.364 (.004) 0.312 (.007) 0.505 (.015) 0.238 (.012) 0.253 (.003) 0.220 (.007)

MedRAG (13B) 0.534 (.003) 0.410 (.004) 0.493 (.004) 0.585 (.008) 0.340 (.012) 0.318 (.006) 0.326 (.005)

KGARevion (LLaMA3-8B) 0.702 (.004) 0.599 (.003) 0.561 (.006) 0.740 (.005) 0.460 (.013) 0.394 (.004) 0.383 (.012)

KGARevion (LLaMA3.1-8B) 0.728 (.006) 0.598 (.004) 0.603 (.004) 0.756 (.004) 0.464 (.013) 0.442 (.005) 0.438 (.008)

LLaMA3-8B (Ours) 0.747(.003) 0.637(.003) 0.641(.008) 0.811(.008) 0.495(.023) 0.470(.006) 0.471(.012)

LLaMA3.1-8B (Ours) 0.769(.005) 0.640(.003) 0.652(.007) 0.835(.004) 0.503(.015) 0.499(.003) 0.475(.007)

Improvement over best baseline +4.1% +4.1% +4.9% +7.9% +3.9% +5.7% +3.7%

Table 1: The accuracy results of our method and all baseline methods on five multi-choice medical QA benchmarks.
The value highlighted in blue represents the best result among General-purposed LLMs and Medically-tuned LLMs
and the value highlighted in red marks the best result among RAG-based Models and KG-based Models. Gray
represents the results of our method. std means the standard deviation under three runs.

as the primary metric for evaluating the model’s402

performance.403

3.2 Results404

Table 1 presents the accuracy and standard de-405

viation of our Med-SRAF and all baseline mod-406

els across all five datasets. Results on five multi-407

choice medical QA datasets showed that our Med-408

SRAF achieves an average accuracy improve-409

ment exceeding 4.9%, consistently outperform-410

ing all baselines. On standard multiple medical411

benchmarks (MMLU, MedQA, PubMedQA and412

BioASQ), Med-SRAF achieves consistent accu-413

racy gains over baselines, improving the accuracy414

by 4.1%, 4.1%, 4.9% and 7.9%, respectively. These415

benchmarks span a diverse range of medical knowl-416

edge, from fundamental biomedical concepts to417

complex clinical heuristics, providing a compre-418

hensive evaluation of model generalization. The su-419

perior performance here validates the effectiveness420

of our Semantic Routing Mechanism. By mapping421

diverse queries into distinct semantic dimensions422

(Phase I), our framework effectively constrains the423

search space, mitigating the semantic drift high-424

lighted in section 1. In addition, the results on425

MedDDX are particularly significant, improving426

the accuracy by 3.9%, 5.7% and 3.7%. MedDDX is427

specifically designed to assess fine-grained discrim- 428

ination among semantically similar answer candi- 429

dates, such as drugs with overlapping mechanisms 430

of action. In this high-difficulty scenario, Med- 431

SRAF significantly outperforms all baselines. This 432

significant improvement is attributed to our Agen- 433

tic Fusion Mechanism (Phase III). While baseline 434

models often failed due to the vector similarity of 435

interfering options, our approach reconstructs ex- 436

plicit logical chains via structured triplets. This 437

allows the model to capture subtle semantic dis- 438

tinctions and causal relationships that are often 439

lost in unstructured text retrieval, which demon- 440

strates exceptional robustness in scenarios requir- 441

ing professional-grade differential diagnosis. 442

3.3 Ablation Study 443

The effect of semantic routing. To validate 444

whether domain-specific semantic routing is su- 445

perior to generic query decomposition strategies, 446

we designed experiments with three different set- 447

tings. Notably, to isolate the contribution of the 448

routing phase, the FusionAgent was excluded from 449

all settings, and the retrieved evidence was directly 450

concatenated for the final solver: 451

(1) Semantic Routing (Ours): The Naviga- 452

tionAgent analyzes the query intent and dynam- 453
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Datasets Multiple Medical QA MedDDx

MMLU MedQA PubMedQA BioASQ Basic Intermediate Expert

Metrics Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std) Acc. (std)
Semantic Routing (Ours) 0.578 (.002) 0.441 (.003) 0.524 (.005) 0.649 (.007) 0.392 (.015) 0.362 (.001) 0.341 (.007)

Generic Query Decomposition (w/o Semantic Routing) 0.526 (.004) 0.409 (.003) 0.490 (.003) 0.581 (.003) 0.361 (.008) 0.347 (.005) 0.329 (.005)

Full Activation 0.534 (.005) 0.410 (.004) 0.495 (.006) 0.598 (.005) 0.341 (.010) 0.349 (.004) 0.329 (.011)

Med-SRAF (Ours) 0.615 (.004) 0.489 (.002) 0.545 (.008) 0.681 (.008) 0.423 (.009) 0.374 (.001) 0.362 (.005)

Med-SRAF (w/o Agentic Fusion) 0.578 (.002) 0.441 (.003) 0.524 (.005) 0.649 (.007) 0.392 (.015) 0.362 (.001) 0.341 (.007)

Table 2: The Results under Different Settings. All approaches above are evaluated with LLama2-13B.

ically activates only a subset of relevant dimension-454

specific agents (e.g., selecting only Disease and455

Symptom) for sparse retrieval;456

(2) Generic Query Decomposition (w/o Se-457

mantic Routing): The NavigationAgent is re-458

placed by a standard Chain-of-Thought (CoT) de-459

composition module without access to predefined460

medical dimensions;461

(3) Full Activation: The routing mechanism is462

bypassed, and all five dimension-specific agents463

are forcibly activated for every query.464

As shown in Table 2, the results underscore the465

critical role of the Semantic Routing Mechanism.466

Our method outperforms Generic Query Decompo-467

sition by an average of 3.4%. This improvement468

indicates that without domain-specific priors (i.e.,469

the five medical dimensions), generic decompo-470

sition tends to generate divergent or less relevant471

sub-queries, failing to capture the precise medical472

intent. And our approach achieves a 3.3% accuracy473

gain over the Full Activation baseline. It shows our474

Semantic Routing Mechanism perform effective475

dimensional pruning to reduce the irrelevant noise476

and enhance reasoning precision.477

The effect of Agentic Fusion. To evaluate the478

explicit conflict resolution and fusion mechanism479

(FusionAgent) outperforms simple context splicing480

in multi-source retrieval scenarios, we designed481

experiments with two different settings:482

(1) Med-SRAF (Ours): The retrieved triplets483

from selected sub-agents are processed by the Fu-484

sionAgent, which applies semantic deduplication,485

conflict resolution (based on clinical specificity),486

and relevance filtering to generate unified evidence487

for the solver;488

(2) Med-SRAF (w/o Agentic Fusion): The Fu-489

sionAgent is removed. All raw triplets retrieved by490

the active dimension agents are directly concate-491

nated and fed into the solver without any interme-492

diate logic or filtering.493

As shown in Table 2, the accuracy improvement494

in our Med-SRAF exceeded 2.8% after incorporat-495
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Figure 4: Effect of Backbone Models. Performance
comparison across three backbone models (LLaMA2-
13B, LLaMA3-8B, LLaMA3.1-8B).

ing the Agentic Fusion Mechanism. This demon- 496

strates that naive concatenation of multi-source evi- 497

dence is inadequate for complex medical reasoning, 498

especially when there are conflicts among the re- 499

trieved information. By leveraging strategies such 500

as conflict resolution and clinical specificity filter- 501

ing, our mechanism functions as a rigorous logical 502

consistency filter, ensuring the final solver operates 503

on a coherent knowledge set rather than a noisy 504

mixture of contradictory facts. 505

3.4 Evaluation with different backbones 506

To evaluate the versatility and robustness of our 507

method, we implemented Med-SRAF across dif- 508

ferent Large Language Model (LLM) backbones. 509

Specifically, we benchmarked the performance 510

gain on three models: LLaMA2-13B, LLaMA3- 511

8B and LLaMA3.1-8B. As illustrated in Figure 4, 512

our Med-SRAF consistently enhances the perfor- 513

mance of different backbone LLMs, improving 514

7



average accuracy by over 7.8% with LLaMA2-515

13B, over 10.4% with LLaMA3-8B, and over 8.2%516

with LLaMA3.1-8B. These improvements under-517

score the adaptability of Med-SRAF across dif-518

ferent model architectures, significantly boosting519

the reasoning capabilities of foundation models in520

knowledge-intensive medical QA tasks.521

3.5 Case Study522

To explicitly demonstrate how Med-SRAF miti-523

gates semantic drift and concatenation fallacy, we524

present the analysis of a representative sample:525

“Does the manic/mixed episode distinction in bipolar526

disorder patients run true over time?”.527

Failure of Generic RAG. As illustrated in the528

Figure 1, generic query decomposition lacking529

domain constraints exhibited significant seman-530

tic drift. The generic model generated irrelevant531

sub-queries such as “What are the potential conse-532

quences of misclassifying a manic or mixed episode533

in bipolar disorder patients?”. While linguistically534

related to the topic, it shifts the focus from diag-535

nostic stability to social or clinical consequences,536

introducing noise documents that overwhelmed the537

context window and led to retrieval failure.538

Success of Med-SRAF. As shown in Figure 5, our539

framework successfully solved this complex rea-540

soning problem through its three-phase workflow:541

• Phase I: Intent-Driven Routing. The Navigation-542

Agent accurately identified the query’s core in-543

tent as pertaining to “disease classification” and544

“clinical symptoms” definitions. Consequently,545

it activated only the Disease (ddis) and Symp-546

tom (dsym) dimensions, while explicitly prun-547

ing the irrelevant Treatment (dtreat), Examina-548

tion (dexam) and Mechanism (dmech) dimensions.549

This strategic pruning physically blocked the in-550

gestion of noise related to drug side effects or551

misdiagnosis consequences.552

• Phase II: Generative Retrieval. Upon activation,553

the selected Sub-Agents executed retrieval tasks554

in parallel. The DiseaseAgent targeted the tem-555

poral stability aspect (e.g., Prognosis and long-556

term outcomes...), retrieving the contextual evi-557

dence (Bipolar disorder, evaluated in, Longitudi-558

nal studies). Simultaneously, the SymptomAgent559

focused on phenomenological distinctions, gen-560

erating queries such as What clinical manifesta-561

tions differentiate manic from mixed episodes...,562

retrieving the definitive triplet (Manic episodes,563

different from, Mixed episodes).564

• Phase III: Agentic Fusion. This case highlights 565

the critical role of the FusionAgent in resolving 566

inter-source knowledge conflicts. During paral- 567

lel retrieval, the sub-agents retrieved two contra- 568

dictory evidence triplets: From dsym: (Manic 569

episodes, different from, Mixed episodes). From 570

ddis: (Manic Episode, characterized by, Mixed 571

Episode) A naive concatenation strategy would 572

force the LLM to process these conflicting as- 573

sertions simultaneously, likely leading to hallu- 574

cination. However, the FusionAgent detected 575

this logical contradiction. By applying a clinical 576

specificity filter, the FusionAgent reasoned that 577

the relationship “different from” in the symptom 578

dimension offers a precise diagnostic distinction, 579

whereas “characterized by” in the disease dimen- 580

sion was vague and contradictory in this context. 581

Consequently, it discarded the latter and synthe- 582

sized a coherent reasoning chain confirming that 583

longitudinal studies support the distinct nature of 584

these episodes, leading to the correct answer. 585

4 Conclusion 586

In this paper, we propose Med-SRAF, a multia- 587

gent framework designed to enhance the reliability 588

of Retrieval-Augmented Generation in complex 589

medical reasoning. By introducing intent-driven se- 590

mantic routing and evidence-based agentic fusion, 591

our framework effectively addresses the dual chal- 592

lenges of semantic drift during query decomposi- 593

tion and knowledge conflicts inherent in multi-path 594

retrieval that plague general-purpose RAG systems. 595

Extensive experiments and ablation studies on five 596

multiple-choice benchmarks demonstrate the effec- 597

tiveness of our Med-SRAF. 598

Beyond performance gains, this work offers a 599

valuable perspective for high-stakes AI applica- 600

tions: integrating domain priors (such as medi- 601

cal reasoning dimensions) into agentic workflows 602

significantly enhances system interpretability and 603

trustworthiness. As our case studies demonstrate, 604

Med-SRAF delivers not only accurate predictions 605

but also transparent, verifiable reasoning traces. 606

Constrained by the textual nature of current 607

benchmarks, our Med-SRAF presently targets tex- 608

tual reasoning. We plan to extend it to a multi- 609

modal framework by integrating visual data (e.g., 610

medical imaging) directly into the routing and fu- 611

sion pipelines and to explore more autonomous 612

planning mechanisms to handle complex clinical 613

queries with minimal human intervention. 614
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Limitations615

Although the significant performance improve-616

ments achieved by our Med-SRAF, there are still617

limitations needed to be addressed. Compared to618

the strongest baseline, Med-SRAF requires approx-619

imately 13.9% more processing time per query.620

However, considering that this moderate temporal621

cost yields an accuracy improvement of over 6.2%,622

we regard it as a justifiable trade-off for complex623

medical reasoning.624
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Appendix 822

A Datasets 823

We evaluate our system using five representative multi-choice medical QA datasets: MMLU (Hendrycks 824

et al., 2020), MedQA (Jin et al., 2021), PubMedQA (Jin et al., 2019), BioASQ (Nentidis et al., 2023), and 825

MedDDx (Su et al., 2024). Notably, the MedDDx dataset is further categorized into three complexity 826

levels: Basic, Intermediate, and Expert, to test the model’s depth of clinical reasoning. Detailed statis- 827

tics, including sample counts and option formats for each dataset, are summarized in Table 3, while 828

representative examples are provided in Table 4. 829

Dataset Count Options

MMLU 1,089 A/B/C/D
MedQA 1,273 A/B/C/D
PubMedQA 500 Yes/No/Maybe
BioASQ 618 Yes/No
MedDDx-Basic 483 A/B/C/D
MedDDx-Intermediate 1,041 A/B/C/D
MedDDx-Expert 245 A/B/C/D

Table 3: The size and options of datasets

B Related Works 830

Structured RAG. Traditional Naive RAG typically retrieves the top− k unstructured paragraphs based 831

on semantic similarity (e.g., dense retrieval) (Lewis et al., 2020; Karpukhin et al., 2020). However, 832

these approaches are highly susceptible to retrieval noise, meaning that irrelevant documents can affect 833

the inference of large models (Amiraz et al., 2025). Furthermore, unstructured documents aggravate 834

the "Lost-in-the-Middle" phenomenon (Liu et al., 2024). To mitigate these issues, recent research has 835

shifted towards Structured RAG, introducing explicit symbolic representations (e.g., graphs, tables) to 836

organize evidence. For instance, GraphRAG (Edge et al., 2024), StructRAG (Li et al., 2024), S-RAG (Lin 837

et al., 2025) and KG-Guided RAG (Zhu et al., 2025) demonstrate that structured evidence enables more 838

controllable aggregation and reliable multi-hop reasoning. Notably, KGARevion (Su et al., 2024) employs 839

an agent-based "Generate-Review-Revise" framework to construct high-quality triplets. Despite these 840

advancements, retrieving valid and helpful structured evidence remains a challenge, as most methods lack 841

a high-level routing mechanism to lock the retrieval scope. 842

Multi-Agent RAG. To better support complex reasoning, recent work has extended conventional single- 843

agent RAG into multi-agent frameworks, where multiple specialized agents collaborate to exploit comple- 844

mentary capabilities. (Chang et al., 2025) proposed MAIN-RAG to filter and score retrieved documents 845

through multi-agent collaboration. RAGentA by (Besrour et al., 2025) iteratively filters retrieved docu- 846

ments by combining a multi-agent framework with hybrid retrieval, generating attributed answers with 847

inline references. And, strategies like Multi-Agent Debate (Du et al., 2023) allows multiple agents to 848

provide their own responses and reasoning processes, thereby reaching consensus through multiple rounds 849

of discussion. Similarly, TableCritic (Yu et al., 2025) iteratively improves the collaborative critique and 850

reasoning process among multiple agents until it converges to the correct solution. However, a critical 851

limitation persists in the integration phase: most existing systems rely on majority voting or simple 852

concatenation to aggregate evidence. 853

Query Decomposition. Decomposing complex queries into manageable sub-tasks is essential for effective 854

medical reasoning. Recent works have explored various decomposition strategies. (Lin et al., 2023) 855

breaks down the query into individual clues, retrieves information using a specialized search engine, and 856

then integrates the retrieved information. And ReDI by (Zhong et al., 2025) leverages the reasoning and 857

11



Dataset Sample

MMLU A lesion causing compression of the facial nerve at the stylomastoid foramen
will cause ipsilateral:
A: paralysis of the facial muscles.
B: paralysis of the facial muscles and loss of taste.
C: paralysis of the facial muscles, loss of taste and lacrimation.
D: paralysis of the facial muscles, loss of taste, lacrimation and decreased
salivation.

MedQA A junior orthopaedic surgery resident is completing a carpal tunnel repair with
the department chairman as the attending physician. During the case, the
resident inadvertently cuts a flexor tendon. The tendon is repaired without
complication. The attending tells the resident that the patient will do fine, and
there is no need to report this minor complication that will not harm the patient,
as he does not want to make the patient worry unnecessarily. He tells the resident
to leave this complication out of the operative report. Which of the following is
the correct next action for the resident to take?
A: Disclose the error to the patient and put it in the operative report.
B: Tell the attending that he cannot fail to disclose this mistake.
C: Report the physician to the ethics committee.
D: Refuse to dictate the operative report

PubMedQA Is oral endotracheal intubation efficacy impaired in the helicopter environment?
A: yes. B: no. C: maybe.

BioASQ Are there microbes in human breast milk?
A: yes. B: no

MedDDx-Basic Would you be able to provide information on whether the specified medication
acts on genes or proteins that play a role in the signaling pathways of blood
clotting receptors, particularly those associated with protein tyrosine kinase
activator activity, given the importance of anticoagulation for specific medical
conditions?
A: Heparin Disaccharide Iii-S.
B: Heparin Disaccharide I-S.
C: Human blood group H type 1 trisaccharide.
D: H TYPE II TRISACCHARIDE.

MedDDx-Intermediate Could you suggest any medications effective for treating beriberi that are safe
to use with Zopiclone?
A: Niacinamide ascorbate.
B: N-(4-phenoxyphenyl)-2-[(pyridin-4-ylmethyl)amino]nicotinamide.
C: N-methylnicotinamide.
D: Nicotinamide.

MedDDx-Expert Which genes or proteins are expressed exclusively in the pericardium and not in
either the dorsal or ventral regions of the thalamus?
A: ADH1A. B: ADH1C. C: ADH4. D: ADH1B.

Table 4: Samples of five multi-choice medical QA datasets
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comprehension capabilities of LLMs to break down complex queries into targeted sub-queries and enrich 858

each sub-query with detailed semantic interpretations. (Petcu et al., 2025) combines query decomposition 859

with information retrieval in an exploitation-exploration setting, where retrieving one document at a time 860

builds a belief about the utility of a given sub-query and informs the decision to continue exploiting or 861

exploring an alternative. Nevertheless, standard decomposition methods are often unconstrained, suffering 862

from "Semantic Drift" in domain-specific applications. 863

C Implementions Details 864

C.1 Experimental Environments 865

Hadrware. All experiments were conducted on a high-performance computing server equipped with 8 866

NVIDIA A800 GPUs. During inference, we adopted a dynamic resource allocation strategy: we allocated 867

4 NVIDIA A800 GPUs for large-scale language models (e.g., LLaMA-2-13B, LLaMA-3, LLaMA-3.1) to 868

ensure efficient and stable generation under high concurrency. For smaller-scale models, a single NVIDIA 869

A800 GPU was sufficient to complete the inference process. This strategy allows for optimized resource 870

efficiency and reduced computational overhead, ensuring experimental reproducibility while effectively 871

balancing performance and cost. 872

Software. Our framework is implemented in Python 3.8+ and is designed for fully local deployment 873

to ensure data privacy and reproducibility. We utilized the ollama framework as the unified inference 874

backend, which serves quantized GGUF versions of LLMs and exposes an OpenAI-compatible API. 875

This setup allows for seamless interaction via the openai Python library while avoiding cloud-based 876

latency. To support the high concurrency required by our multi-agent architecture, we employed Python’s 877

concurrent.futures module to implement a ThreadPoolExecutor. This mechanism enables the 878

NavigationAgent to dispatch tasks to downstream dimension agents (e.g., Disease, Symptom) in parallel, 879

effectively utilizing the multi-GPU hardware setup. Additionally, PyTorch (v2.0.1) is used to load the 880

external Knowledge Graph Augmentation model (KGARevion), and the backoff library is incorporated 881

to implement exponential retry strategies, ensuring system stability during intensive inference tasks. 882

C.2 Baselines 883

C.2.1 General-purpose LLMs 884

We chose the LLaMA series as General-purpose LLMs in this paper. LLama2(7B, 13B) (Touvron et al., 885

2023), developed by Meta, is a series of open-source large language models that build upon the original 886

LLaMA architecture. The 7B and 13B versions denote models with 7 billion and 13 billion parameters, 887

respectively. These models are pre-trained on massive internet text corpora, demonstrating powerful 888

language understanding and generation capabilities. Their open-source nature has led to their widespread 889

use in academia and industry, making them an effective backbone for retrieval-enhanced generative 890

(RAG) systems. Building upon this, LLaMA 3 (8B) (Dubey et al., 2024) represents a significant leap in 891

performance, trained on a massive corpus of over 15 trillion tokens (approximately 7× that of LLaMA 892

2). Despite its smaller parameter size, it incorporates architectural optimizations such as Grouped Query 893

Attention (GQA) and a larger vocabulary, enabling it to outperform many larger predecessors. Its successor, 894

LLaMA 3.1 (8B), further extends the context window to 128k tokens. This long-context capability is 895

particularly critical for our medical RAG framework, as it allows the model to comprehensively analyze 896

extensive retrieved guidelines and case reports without truncation. 897

C.2.2 Medically-tuned LLMs 898

To assess the effectiveness of parametric knowledge injection versus our retrieval-based approach, we 899

compared two representative domain-adapted models. MedAlpaca-7B (Han et al., 2023) represents the 900

instruction tuning paradigm. Built upon the LLaMA architecture, it is fine-tuned on a diverse collection of 901

medical tasks, including Q&A pairs and dialogue data, designed to align the model’s behavior with clinical 902

interaction patterns. In contrast, PMC-LLaMA-7B (Wu et al., 2024) adopts a continued pre-training 903

strategy. By training on 4.8 million biomedical academic papers (S2ORC) and medical textbooks, it 904
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aims to internalize raw domain knowledge directly into the model’s parameters. Comparing these models905

allows us to evaluate the limits of static internal knowledge in handling complex, evolving medical queries.906

C.2.3 RAG-based Models907

These baselines represent mainstream solutions for mitigating hallucinations through external text retrieval.908

Self-RAG (7B/13B) (Asai et al., 2023) introduces an advanced self-reflection framework. Unlike standard909

RAG, it trains the model to generate "reflection tokens" that dynamically critique the necessity of retrieval910

and the relevance of retrieved documents. This serves as a state-of-the-art baseline for autonomous911

retrieval-augmented generation. MedRAG (13B) (Xiong et al., 2024) serves as a specialized benchmark912

for medical retrieval. It combines a robust retriever with authoritative medical corpora (e.g., PubMed,913

textbooks) to ground the model’s responses. We include MedRAG to benchmark the performance of914

standard "Retriever-Reader" pipelines against our structured multi-agent approach.915

C.2.4 KG-based Models916

These models share our focus on structured knowledge but differ in their utilization mechanisms (Re-917

ranking vs. Verification). KG-Rank (13B) (Yang et al., 2024) integrates Knowledge Graphs (KGs)918

to enhance the retrieval stage. Instead of utilizing KGs for reasoning, it leverages the graph structure919

to re-rank retrieved documents, filtering out noise and prioritizing evidence that aligns with medical920

facts. KGARevion (LLaMA3/3.1-8B) (Su et al., 2024) represents a state-of-the-art KG-agent specifically921

designed for biomedical QA. Unlike standard retrieval, it employs a “Generate-Review-Revise” pipeline,922

where an LLM generates structured “Entity-Relation-Entity” triplets that are rigorously verified against a923

KG before answer generation.924

D Efficiency Analysis925

To evaluate the computational cost of our framework, we compared the average inference latency per926

query of our Med-SRAF against the strongest baseline KGARevion. As shown in Table 5, our method927

incurs an average latency of 101.75 seconds per query, representing a moderate increase of approximately928

13.9% compared to KGARevion (89.32 seconds). This additional temporal cost primarily stems from929

the Agentic Fusion phase. However, this investment yields a highly favorable return: in exchange for a930

13.9% increase in latency, Med-SRAF achieves an average accuracy improvement exceeding 6.2%. Given931

the high-stakes nature of clinical diagnosis where decision precision is paramount, investing marginal932

computational time to secure such significant accuracy gains is a justifiable and necessary trade-off.933

Method Avg. Latency (s) Avg. Acc. (%)

KGARevion 89.32 54.8
Med-SRAF (Ours) 101.75 61.0

Table 5: Efficiency vs. Performance Trade-off. Comparison of average inference latency (seconds per query) and
average accuracy between the strongest baseline KGARevion and our Med-SRAF. Both methods utilize LLaMA3-
8B as the backbone. Despite a marginal increase in latency, Med-SRAF achieves superior accuracy.

E Case Study Figure934

Figure 5 provides a visualization of the successful reasoning for the case discussed in subsection 3.5.935

While this specific sample failed under traditional query decomposition due to Semantic Drift, Med-SRAF936

successfully derives the correct answer through its structured workflow.937

F Regarding the use of LLMs938

LLMs were employed solely for polishing the writing and enhancing readability. All scientific ideas, data,939

and analyses presented herein are human-generated and original.940

G Prompts941
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SymptomAgent "How do patient complaints and signs of manic 

versus mixed episodes change over time in 
bipolar disorder?"

DiseaseAgent "Prognosis and long-term outcomes of 

patients initially diagnosed with manic 
episodes versus those with mixed episodes"
……

(Mixed Episode, associated with, longer remission duration)

……

(Manic Episode, characterized by, Mixed Episode)

……

(Manic episodes, different from, Mixed episodes)

 ……

(Manic Episodes, characterized by, Patient Complaints)
FusionAgent

(Mixed Episode, associated with, longer remission duration)

……

(Manic Episode, characterized by, Mixed Episode)

(Manic episodes, different from, Mixed episodes)

……

(Manic Episodes, characterized by, Patient Complaints)

Semantic Routing Agentic Fusion & Answer

Coordinator

Generative Retrieval

Query

Query: "Does the manic/mixed episode 

distinction in bipolar disorder patients 
run true over time?"

NavigationAgent

Disease

Symptom

Examination

Treatment

Mechanism Final Solver

Yes. The distinction between 

manic and mixed episodes in 

bipolar disorder remains valid 

over time. 

Figure 5: The same samples processed by SRAF.

Prompts for General-purpose LLMs

system_prompt:

You will receive a medical question. Please answer it. Return the answer strictly in JSON 

format, where the value is a single letter from the options (A/B/C/D).

user_prompt:

Question: {question}

Options: {options}

Answer: 

Prompts for General-purpose LLMs with CoT

system_prompt:

You will receive a medical question. Please answer it. Think step by step. Return the answer 

strictly in JSON format, where the value is a single letter from the options (A/B/C/D).

user_prompt:

Question: {question}

Options: {options}

Answer: 
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Prompts for NavagationAgent

system_prompt:

You are a medical query analysis specialist. Your task is to analyze medical multiple-choice questions and select the most relevant 

dimensions for comprehensive analysis.

AVAILABLE DIMENSIONS:

1. disease: Questions focused on diagnosis, disease identification, etiology, prognosis, or risk factors.

2. symptom: Questions focused on clinical manifestations, patient complaints, signs, and presentation features.

3. examination: Questions focused on diagnostic investigations including laboratory tests, imaging, pathology, physical examination 

findings, and diagnostic criteria.

4. treatment: Questions focused on therapeutic decisions, medications, procedures, surgeries, or clinical management steps.

5. mechanism: Questions focused on biological, pathological, physiological, or pharmacological mechanisms, including mechanis m 

of action (MOA), pathophysiology, metabolic pathways, enzyme regulation, or causal explanations.

IMPORTANT:

- You MUST return dimension names in LOWERCASE only: "disease", "symptom", "examination", "treatment", "mechanism”

- Choose 1–3 dimensions that best match the primary logic needed to answer the question.

user_prompt:

Question: {question}

Options: {options}

Selected_dimensions: 

Prompts for Sub-Query Generation

system_prompt:

You are a medical research assistant.

user_prompt:

Task: Generate 1-3 specific search queries to help verify if the [Options] are the correct answer to the [Question]. 

The queries must link the clinical clues in the question to the provided options.

Question: {question}

Options: {options}

Dimension Requirement: {dimension_instruction}

Sub-Queries: 

Prompts for Cross-Dimensional Knowledge Synthesis

system_prompt:

You are a strict Medical Evidence Integrator. Your goal is to MERGE these fragmented facts into a unified, high-

precision knowledge set to answer the specific query.

[CORE PRINCIPLES]

1. **Deduplication**: Merge identical facts (e.g., [A, causes, B] and [A, leads to, B] -> merge into one).

2. **Conflict Resolution**: If Dimension A and Dimension B contradict, prioritize the source with higher clinical 

specificity or standard textbook definition.

3. **Relevance Filter**: STRICTLY discard any triplets that are irrelevant to the user's specific question.

4. **Connectivity**: If Dim A provides X->Y and Dim B provides Y->Z, preserve this chain to show X->Y->Z.

user_prompt:

[FUSION EXECUTION STEPS]

1. Analyze the User Query to understand the "Target Unknown".

2. Filter the Input Triplets: Keep only those that help differentiate options or confirm the diagnosis.

3. Merge & Standardize: Unify entity names to standard medical terminology (e.g., "stomach pain" -> 

"Abdominal Pain").

4. Output the final minimal set of fused triplets.

Question: {question}

Options: {options}

Formatted_Triplets: {formatted_triplets}

Fused_Triplets: 
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Prompts for Single-Source Data Refinement

system_prompt:

You are a Medical Data Analyst. Your goal is to CLEAN, STANDARDIZE, and REFINE triplets you received.

[CORE PRINCIPLES]

1. **NO HALLUCINATION**: Do NOT invent new triplets that are not supported by the input or standard 

medical consensus.

2. **Precision**: Convert vague relationships into precise medical predicates (e.g., change "related to" to 

"causes" or "is symptom of" if clearly supported).

3. **Filtering**: Remove noise, redundant entries, or triplets that contain empty/meaningless values (like "None").

4. **Consistency**: Ensure the triplets are logically consistent with the patient's presentation in the query.

user_prompt:

[REFINEMENT EXECUTION STEPS]

1. Review the Input Triplets against the User Query.

2. discard irrelevant noise.

3. Standardize entities (e.g., capitalize Disease names, unify symptom descriptions).

4. Return the refined list.

Question: {question}

Options: {options}

Formatted_Triplets: {formatted_triplets}

Fused_Triplets: 
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