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Abstract001

Large language models (LLMs) have demon-002
strated strong performance and rapid progress003
in a wide range of medical reasoning tasks.004
However, their sequential autoregressive de-005
coding forces inherently parallel clinical rea-006
soning, such as differential diagnosis, into a007
single linear reasoning path, limiting both ef-008
ficiency and reliability for complex medical009
problems. To address this, we propose Med-010
Verse, a reasoning framework for complex med-011
ical inference that reformulates medical reason-012
ing as a parallelizable directed acyclic graph013
(DAG) process based on Petri Net theory. The014
framework adopts a full-stack design across015
data, model architecture, and system execution.016
For data creation, we introduce the MedVerse017
Curator, an automated pipeline that synthesizes018
knowledge-grounded medical reasoning path019
and transforms them into Petri Net–structured020
representations. At the architectural level, we021
propose a topology-aware attention mechanism022
with adaptive position indices that supports par-023
allel reasoning while preserving logical con-024
sistency. Systematically, we develop a cus-025
tomized inference engine that supports parallel026
execution without additional overhead. Empiri-027
cal evaluations show that MedVerse improves028
strong general-purpose LLMs by up to 8.9%.029
Compared to specialized medical LLMs, Med-030
Verse achieves comparable performance while031
delivering a 1.3× reduction in inference latency032
and a 1.7× increase in generation throughput,033
enabled by its parallel decoding capability.034

1 Introduction035

Recent advancements in Large Reasoning Models036

(LRMs) (OpenAI, 2024; Guo et al., 2025) have037

broadened the capabilities of medical artificial in-038

telligence (Moor et al., 2023a; Thirunavukarasu039

et al., 2023; Nori et al., 2023; Xia et al., 2024a),040

enabling a transition beyond simple information041

retrieval toward complex clinical reasoning (Xia042

et al., 2024b, 2025b; Alam et al., 2025; Zhang043

et al., 2025). In particular, state-of-the-art med- 044

ical LRMs, such as MedReason (Wu et al., 2025), 045

HuatuoGPT-o1 (Chen et al., 2024), and m1 (Huang 046

et al., 2025a), have shown that Chain-of-Thought 047

(CoT) (Wei et al., 2022) reasoning can significantly 048

enhance diagnostic accuracy. However, it remains 049

unknown whether such models can be reliably and 050

efficiently deployed in real-world clinical settings. 051

In practice, physicians increasingly employ these 052

models to assist with clinical decision-making. Yet, 053

the sequential nature of autoregressive (AR) mod- 054

els is misaligned with human cognitive processes, 055

which naturally considers multiple differential di- 056

agnoses simultaneously (Kassirer and Gorry, 1978). 057

Accordingly, this mismatch leads to three funda- 058

mental limitations: (i) Accuracy: linear reason- 059

ing narrows the diagnostic hypothesis space, limit- 060

ing the exploration of alternative diagnostic path- 061

ways; (ii) Efficiency: serialized decoding increases 062

response latency, posing challenges for real-time 063

clinical decision support; (iii) Interpretability: un- 064

structured CoT lacks explicit causal relationships, 065

hindering clinical interpretation and validation. An 066

overview of these challenges is shown in Figure 1. 067

To address these bottlenecks, prior work on 068

general-purpose LRMs has proposed parallel think- 069

ing (Luong and Lockhart, 2025; Wang et al., 2025; 070

Ding et al., 2025), enabling multiple reasoning 071

branches to be explored concurrently before being 072

synthesized into a final conclusion. However, most 073

existing parallel generation frameworks induce par- 074

allelism primarily through brute-force repeat sam- 075

pling at the early stages of generation (Brown et al., 076

2024). Such approaches fail to capture the complex 077

structure in clinical inference that involves multiple 078

competing hypotheses and conditional dependen- 079

cies (Elstein et al., 1978), resulting in suboptimal 080

token efficiency and limited structural interpretabil- 081

ity. Moreover, these inference-only solutions can- 082

not internalize parallel thinking into the model, due 083

to the absence of data-centric, end-to-end learning. 084
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While recent studies (Yang et al., 2025; Pan et al.,085

2025) enables recursive and consecutive parallel086

thinking patterns, they are limited to serial–parallel087

graph structures, failing to adapt either structure or088

knowledge required for complex clinical reasoning.089

In this work, we overcome these challenges with090

MedVerse, a novel modeling framework that en-091

ables native directed acyclic graph (DAG)-based092

parallel generation tailored for medical reasoning.093

Specifically, we formalize the entire differential094

diagnosis process with Petri Net (Petri, 1962), a095

bipartite graph composed of places and transitions.096

In this formulation, each place corresponds to a097

clinical entity (e.g., symptoms), while each transi-098

tion encodes a directed relation between entities.099

Built upon this structure, MedVerse is realized100

through a co-design of data, algorithm, and system:101

• Data Curation. We propose MedVerse Curator,102

an automated LLM-assisted pipeline that syn-103

thesizes knowledge-grounded medical reasoning104

trajectories. Starting from an entity-level knowl-105

edge graph extracted for each query, our curator106

leverages the Petri Net representation to trans-107

form it into a transition-level DAG, in which108

each node refers to an atomic reasoning step be-109

tween entities. In practice, this process yields110

MedVerse-14K, a training corpus of 13,904 high-111

quality structured medical reasoning examples.112

113

• Algorithm Design. We propose MedVerse Atten-114

tion, a new attention mechanism for DAG-based115

execution.This is achieved by modifying atten-116

tion masks and position embeddings to strictly117

ensure the DAG-structured dependency. This de-118

sign also excels in data efficiency: since these119

changes are minor, pre-trained AR models can be120

rapidly fine-tuned from causal attention to Med-121

Verse attention through a few thousand examples.122

123

• System Implementation. We propose MedVerse124

Engine, a high-performance serving engine built125

upon the Multiverse Engine (Yang et al., 2025).126

Our inference starts from a linear planning stage127

that generates the DAG-structured plan. Next,128

our engine dynamically extract this plan to en-129

able true parallel decoding while respecting the130

underlying topological dependencies. Our en-131

gine enables parallel generation with negligible132

cost via continuous batching and radix attention.133

Empirical evaluations on clinical benchmarks134

show that MedVerse improves accuracy by 4.8%135

Question: A 55-year-old male
with a history of chronic alcohol
use presents with fatigue and
tingling in his hands and feet
(neuropathy). Labs show
macrocytic anemia (MCV 110),
elevated Homocysteine, and
significantly elevated
Methylmalonic Acid (MMA). What
is the primary nutritional
deficiency?

Options: A) Folate (Folic Acid) B)
Vitamin B12 (Cobalamin)

Path A: Investigate the patient's
history of chronic alcohol use and
its association with macrocytic
anemia.
Path B: Analyze the significance
of elevated Methylmalonic Acid
and Homocysteine levels.
Path C: Evaluate the cause of the
tingling in hands and feet.

Shared Reasoning Path
Executing Path A: The patient has chronic
alcohol use, a risk factor for nutritional
deficiency and macrocytic anemia … alcohol
use alone is not diagnostic.
Executing Path B: The labs show elevated
homocysteine … significantly elevated MMA,
which is specific for vitamin B12 deficiency.
Executing Path C: The patient has peripheral
neuropathy … neurological involvement
supports vitamin B12 deficiency rather than
folate deficiency.

Conclusion: Macrocytic
anemia with elevated
MMA and neurological
symptoms indicates
vitamin B12 deficiency,
with alcohol use as a
contributing
background factor.
Answer: (B) Vitamin
B12 (Cobalamin)

Executing Path A: Chronic alcohol use …
strongly associated with folate deficiency …
explains macrocytic anemia.
Executing Path B: Elevated homocysteine
and MMA …  MMA may also be elevated in
renal insufficiency … given the strong risk
factor for folate deficiency identified in Path A,
the MMA finding may be less specific.
Executing Path C: Peripheral neuropathy …
can be explained by chronic alcohol use.

Conclusion: Chronic
alcoholism provides a
unifying explanation for
macrocytic anemia and
neuropathy … most
consistent with folate
deficiency.
Answer: (A) Folate
Deficiency

Linear Execution Generation

Parallel Execution Generation

a

b

Linear Execution Generation

Reasoning Path: Path A: **Chronic alcohol use
(cirrhosis)**  Thiamine deficiency  Wernicke-
Korsakoff syndrome. Path B: **Confusion and
disorientation**  Thiamine deficiency  Wernicke-
Korsakoff syndrome.
Reasoning Process:  Executing Path A: ... further
supports the likelihood of thiamine deficiency. Thiamine
deficiency leads to ... , resulting in the characteristic
cognitive deficits seen in Wernicke-Korsakoff
syndrome. Executing Path B: ... Wernicke-Korsakoff
syndrome, a condition caused by thiamine deficiency... 

c

Linear Execution Generation

Reasoning Path: Path A： Psychiatric disorders →
Insula changes → Inter-hemispheric
connectivity↓ Path B： Substance abuse → Insula
changes → Inter-hemispheric connectivity↓ 
Reasoning Process:  ... Chronic substance abuse can
have profound effects on mental health... These
psychiatric conditions are known to involve structural
and functional alterations in the brain, ... insula ... As
insular structure and function become compromised, ...
leading to decreased inter-hemispheric connectivity.

Figure 1: Figure 1: Limitations of sequential chain-of-
thought reasoning in medical diagnosis. (a) Accuracy:
Linear execution suffers from contextual pollution due
to early incorrect hypotheses (red), whereas parallel
reasoning preserves correct inference paths (green). (b)
Efficiency: Sequential reasoning repeatedly processes
overlapping evidence, leading to redundant computation
(orange). (c) Interpretability: Unstructured chain-of-
thought (red) obscures explicit causal dependencies due
to a structural mismatch with parallel clinical reasoning.

on Qwen2.5-7B and 8.9% on Llama-3.1-8B, match- 136

ing the performance of specialized reasoning mod- 137

els such as MedReason and HuatuoGPT-o1. Be- 138

yond accuracy, MedVerse overcomes the serial 139

constraints of autoregression, achieving a 1.3× 140

speedup in inference latency and a 69.3% increase 141

in peak throughput. 142

2 Related Work 143

LLMs in Medical Reasoning. The application 144

of LLMs in healthcare has evolved from general 145

domain adaptation to specialized clinical reasoning. 146

Early efforts, such as Med-PaLM (Singhal et al., 147

2023) and PMC-LLaMA (Wu et al., 2023), fo- 148

cused on injecting medical knowledge via continual 149

pre-training on biomedical corpora. Subsequently, 150

instruction-tuned models like HuatuoGPT (Zhang 151

et al., 2023) and ChatDoctor (Li et al., 2023b) lever- 152

aged real-world dialogue data to align models with 153

physician behaviors (Li et al., 2023a; Moor et al., 154

2023b; Nath et al., 2025). More recently, the focus 155

has shifted towards enhancing diagnostic logic, e.g., 156
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models trained on MedReason are explicitly super-157

vised to generate CoT rationales (Wu et al., 2025;158

Xia et al., 2025a; Zhu et al., 2025; Lai et al., 2025;159

Huang et al., 2025b). Despite these advances, ex-160

isting models remain fundamentally constrained by161

the autoregressive decoding mechanism (Vaswani162

et al., 2017). They generate rationales as a rigid,163

serial token sequence, yielding an inference com-164

plexity of O(N). This computational linearity not165

only imposes high latency in real-time scenarios166

but also restricts the model to a single narrative167

thread, making it inefficient to maintain context168

across long, complex reasoning trajectories.169

Parallel Generation and Efficient Inference To170

break the serial decoding barrier, architectural171

approaches like Non-Autoregressive (NAR) de-172

coding (Gu et al., 2017) and Speculative Decod-173

ing (Leviathan et al., 2023) attempt simultane-174

ous token generation, though often facing coher-175

ence or verification bottlenecks. Notably, Multi-176

verse introduces a MapReduce paradigm, decom-177

posing generation into parallel “Map” branches178

merged via “Reduce” steps, supported by a spe-179

cialized engine leveraging Radix Attention (Zheng180

et al., 2024) for efficiency. However, these general-181

purpose paradigms lack medical grounding, and182

their topologies are constrained to simple fork-join183

patterns. This structural simplicity fails to capture184

the complex, non-linear branching networks of dif-185

ferential diagnosis (Bowen, 2006). MedVerse ad-186

dresses this limitation by co-designing a medically-187

grounded architecture with a custom vLLM-based188

engine (Kwon et al., 2023), utilizing Radix Atten-189

tion to enable zero-copy forking specifically tai-190

lored for complex medical reasoning topologies.191

3 MedVerse Modeling192

This section introduces MedVerse, a novel model-193

ing framework that reimagines the entire clinical194

reasoning process as DAG-based execution rather195

than sequential generation via a Petri Net abstrac-196

tion, thereby improving reliability and efficiency.197

3.1 DAG Structure for Medical Reasoning198

As illustrated in Figure 2, multiple diagnostic199

hypotheses may share intermediate evidence or200

converge on common pathological mechanisms,201

leading to complex DAG-structured dependencies202

across different entities for medical reasoning.203

Such structures extend beyond the capabilities of204

sequential CoT reasoning or the tree-based exten-205

sions (e.g., Tree-of-Thoughts (Yao et al., 2023)). 206

Motivated by this observation, we formalize medi- 207

cal reasoning using a DAG G = (V,E) as follows: 208

• Nodes as Reasoning States (V ): Each node rep- 209

resents an intermediate reasoning state. Specif- 210

ically, we distinguish three types of nodes: (i) 211

source nodes, corresponding to clinical entities 212

grounded in the input question, which only have 213

outgoing edges; (ii) hypothesis nodes, repre- 214

senting diagnostic hypotheses or pathological 215

states that may both split into multiple down- 216

stream paths and merge evidence from multiple 217

upstream paths; and (3) conclusion nodes, re- 218

ferring to final diagnostic outcomes, which only 219

admit incoming edges and serve as unique con- 220

vergence points of the entire reasoning process. 221

• Edges as Reasoning Steps (E): Each (directed) 222

edges encode conditional dependencies between 223

reasoning states. An edge (u, v) indicates an 224

admissible reasoning step from state u to state 225

v. To ensure structural acyclicity, all edges are 226

restricted to forward dependencies that follow the 227

temporal and causal order of clinical reasoning. 228

Figure 2 showcases that our formulation natu- 229

rally captures DAG structures in clinical reasoning. 230

3.2 Extension to Petri Nets 231

While the DAG structure provides a topological 232

blueprint, its static representation of solitary states 233

fails to capture the generative transition logic essen- 234

tial for contextualizing history-dependent LLM in- 235

ference. To realize this structure into an executable 236

parallel process, we formalize our framework using 237

Petri Nets. This mathematical grounding bridges 238

the gap between the logical graph G and the physi- 239

cal execution of LLM inference, enabling reason- 240

ing states to be instantiated as places and causal 241

dependencies as transitions for parallel execution 242

(Figure 2). 243

Formal Definition. We define the execution 244

model as a tuple N = (P, T, F,M0), explicitly 245

mapping to the DAG components: 246

• P = {p1, . . . , pm} is a finite set of places, corre- 247

sponding to the nodes (V ) in the DAG. Function- 248

ally, a place serves as a state container, holding 249

the context or belief state waiting to be processed. 250

• T = {t1, . . . , tn} is a finite set of transitions, 251

representing reasoning steps. Edges are mapped 252

via many-to-one aggregation: converging edges 253

(e.g., A,B → C) form a single transition, while 254
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Clinical Topological DAG

Family history
of cancer

Lynch
syndrome MSH2 defect

MLH1 defect

Colon mass

MSH6 defect

Mismatch
repair

Executable Petri Net (MedVerse Framework)

Question: A 47-year-old man presents to his primary care
physician for fatigue... His past medical history is notable for
obesity, type II diabetes mellitus, and hypertension. He takes
metformin and enalapril. His family history is notable for
colorectal cancer... and endometrial cancer... A colonoscopy
reveals a small hemorrhagic mass ... Which of the following
processes is likely impaired in this patient?
Answer: Mismatch repair

Clinical Question & Answer Pair

P1: Family 
history of cancer

P2: Colon Mass

P3: Lynch
syndrome

P4: MLH1 defect

P5: MSH2 defect

P6: MSH6 defect

P7: Mismatch 
repair

Transition1: 
P1, P2 -> P3

Transition2: 
P1, P3 -> P4

Transition3: 
P3 -> P5

Transition4: 
P3 -> P6

Transition5: 
P4, P5, P6 -> P7

∅

∅

∅

Legend

Place
Transition

Running Transition
Flow Run

∅

Figure 2: Illustration of the topological modeling process. The framework first extracts a structured clinical
topological DAG from an unstructured question-answer pair, capturing causal dependencies. This DAG is then
formally mapped into an Executable Petri Net, where reasoning states are instantiated as places and their dependency
relations are realized through transitions.

divergent edges (A → B,A → C) instantiate255

distinct transitions.256

• F ⊆ (P×T )∪(T×P ) defines the flow arcs that257

adhere to the DAG’s topological direction. We258

denote the set of input places for a transition t as259

the pre-set •t = {p | (p, t) ∈ F} and the output260

places as the post-set t• = {q | (t, q) ∈ F}.261

• M0 is the initial marking such that for any262

place p ∈ P corresponding to a DAG node263

with in-degree zero, M0(p) is non-empty, while264

M0(p) = ∅ for all other places.265

MedVerse Token Semantics. Standard Petri nets266

treat tokens as simple counters. To support the rich267

context of medical reasoning, we instantiate N as268

a Colored Petri Net (CPN). We define a token not269

as a scalar, but as a semantic tuple τ = (h,k):270

• h: Encapsulates the textual history generated271

along the current path.272

• k: Denotes the KV-cache indices associated with273

that history.274

This definition transforms tokens into computa-275

tional state carriers, enabling the system to pass276

memory references rather than copying full text,277

which is pivotal for efficiency.278

Execution as Inference. Inference is modeled279

as token flow through the Petri Net. A transition t280

is enabled when tokens are present in all its input281

places and its output places are empty, ensuring 282

each reasoning step executes exactly once. When 283

fired, t invokes the LLM to generate the correspond- 284

ing reasoning output, reading from the input tokens 285

and producing new tokens at its output places. Each 286

resulting token inherits and extends both the textual 287

history h and KV-cache references k: the engine 288

appends the newly generated text to h and maps 289

the corresponding memory blocks to k. Multiple 290

enabled transitions may fire concurrently, yielding 291

parallel decoding streams. 292

3.3 Execution Semantics 293

Given the executable Petri Net constructed in Sec- 294

tion 3.2, we specifies the execution semantics of 295

MedVerse. We decouple scheduling from execu- 296

tion: scheduling identifies the set of causally en- 297

abled transitions ready for execution, while execu- 298

tion operates on this set via two abstract primitives, 299

Fork and Join, to realize parallel generation with 300

explicit causal synchronization. 301

Scheduling via Enabled-Transition Frontier. At 302

runtime, execution is governed by the current Petri 303

Net marking Mk, which encodes token availability 304

at each place. A transition is schedulable if tokens 305

are present in all its input places and all output 306

places are empty. The enabled-transition frontier 307
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at step k is defined as308

Fk =
{
t ∈ T

∣∣∣ (∀p ∈ •t,Mk(p) ̸= ∅
)
∧(

∀q ∈ t•,Mk(q) = ∅
)}

,
(1)309

which represents the maximal set of transitions310

that can be executed concurrently without violating311

causal dependencies.312

Fork and Join Primitives. Given the frontier Fk,313

the engine executes transitions based on their topo-314

logical dependencies. Fork is applied to transitions315

sharing a common predecessor, initiating parallel316

decoding streams that inherit the exact same con-317

text. Conversely, Join is applied to transitions ag-318

gregating multiple reasoning branches, performing319

logical synchronization by merging distinct prede-320

cessor histories before generation proceeds.321

Execution Loop. After all transitions in Fk com-322

plete, the marking advances to Mk+1, the frontier323

is recomputed, and the scheduling–execution cycle324

repeats until no further transitions are enabled.325

3.4 Structured Generation Flow326

Building on the structured representations and ex-327

ecution semantics introduced in Sections 3.1–3.3,328

MedVerse organizes LLM generation into a struc-329

tured three-stage flow: planning, execution, and330

conclusion (see Figure 3). The process first con-331

structs an explicit reasoning plan, executes it under332

graph-based constraints, and finally aggregates the333

results into a unified conclusion.334

Planning Stage. Generation begins with a plan-335

ning stage that reconciles sequential generation336

with non-linear reasoning via a Think–then–Map337

strategy. The model first generates multiple lin-338

ear reasoning paths connecting clinical evidence339

to candidate diagnoses. These paths collectively340

encode overlapping dependencies that implicitly341

form a logical DAG. The model then consolidates342

them into a structured <Plan> block, where rea-343

soning steps are organized using <Outline> tags344

annotated with dependency information. These345

annotations instantiate the flow relation F of the346

Petri Net, specifying the reasoning topology while347

deferring detailed inference to execution.348

Execution Stage. Given the specified plan, gen-349

eration proceeds within the <Execution> block350

following the execution paradigm in Section 3.3.351

At each iteration, the enabled-transition frontier is352

identified from the current marking. The engine353

then concurrently executes the transitions within354

... first find a reasoning path, then transform that path into an outlined plan... 
Finding Reasoning Path: 
1. Thyrotoxicosis -> High Dose Potassium iodide -> Reduced thyroid vascularity.
2. Thyrotoxicosis -> High Dose Therapeutic Iodine -> Reduced thyroid vascularity.
...

<Plan> <Outline> Transient Step 1: Thyrotoxicosis -> High Dose Potassium iodide;
Dependency: [] </Outline> <Outline> Transient Step 2: Thyrotoxicosis -> High
Dose Therapeutic Iodine; Dependency: [] </Outline> ... <Outline> Transient Step
4: High Dose Potassium iodide, High Dose Therapeutic Iodine -> Reduced thyroid
vascularity; Dependency: [1, 2] </Outline> ...

Planning Stage

<Execution> <Step> Transient Step 1: Thyrotoxicosis -> High Dose Potassium iodide
High-dose potassium iodide is administered as a therapeutic intervention to acutely
inhibit thyroid hormone release and reduce thyroid blood flow. </Step>
<Step> Transient Step 2: Thyrotoxicosis -> High Dose Therapeutic Iodine
High-dose therapeutic iodine is administered to transiently suppress thyroid hormone
release and decrease thyroid blood flow. </Step> ...
<Step> Transient Step 4: High Dose Potassium iodide, High Dose Therapeutic Iodine 
 -> Reduced thyroid vascularity
High-dose potassium iodide reduces thyroid vascularity through acute suppression of
hormone release, while high-dose therapeutic iodine reduces thyroid vascularity by
transiently inhibiting thyroid hormone release.</Step> ...

Execution Stage

<Conclusion> Explanation: Transient Steps 1 and 2 show that high-dose potassium
iodide or therapeutic iodine can be used in thyrotoxicosis... As summarized in Transient
Step 4, either agent independently reduces thyroid vascularity by acutely suppressing
thyroid hormone release... Among the options, potassium iodide is the appropriate
choice.
Answer: a) Potassium iodide
</Conclusion>

Conclusion Stage

Figure 3: Example of the structured generation flow in
MedVerse. The reasoning process is explicitly decom-
posed into planning, execution, and conclusion stages.

this frontier by applying Fork and Join, encapsu- 355

lating the generated reasoning for each transition 356

within <Step> tags. 357

Conclusion Stage. After all executable reasoning 358

steps have completed, the process transitions to a 359

final synthesis phase marked by the <Conclusion> 360

block. In this phase, the outcomes of all completed 361

reasoning branches are aggregated to produce a 362

unified diagnostic conclusion. 363

4 MedVerse Instantiation 364

To instantiate our MedVerse model discussed in 365

Section 3, we present a comprehensive suite includ- 366

ing three core components: the MedVerse Cura- 367

tor for structured data generation, the MedVerse 368

Attention for DAG-structured modeling, and the 369

MedVerse Engine to enable parallel execution. 370

4.1 Data Curation: MedVerse Curator 371

We introduce the MedVerse Curator, an LLM- 372

assisted pipeline that extracts knowledge-grounded 373

reasoning paths from a medical knowledge graph 374

and compiles them into structured training in- 375

stances executable under the MedVerse framework. 376

Specifically, it includes four steps. 377

I. Knowledge-Grounded Retrieval. The curator 378

grounds medical reasoning in established clinical 379

knowledge by first mapping questions and answer 380
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candidates to standardized medical concepts. It381

then retrieves plausible reasoning paths connecting382

these concepts through a medical knowledge graph,383

and prunes irrelevant or low-confidence branches.384

II. Topological Planning. The resulting linear rea-385

soning skeletons are refined into executable plans386

using a specialized prompt that removes redun-387

dancy and enforces logical correctness and coher-388

ence. A DAG validity check ensures that all depen-389

dencies are acyclic; paths with invalid structures390

are discarded or re-routed.391

III. Structural Synthesis. Given a topology, the392

curator generates structured data in the MedVerse393

format. An LLM produces step-by-step reasoning394

for each execution transition, followed by an auto-395

mated refinement module that smooths transitions396

across branches and ensures reasoning correctness.397

Finally, a coherent conclusion is synthesized from398

the refined execution trajectory.399

IV. Dual-Layer Verification. Finally, syntax-level400

validation and model-based logical evaluation are401

applied. Samples failing either check are iteratively402

regenerated until all constraints are satisfied.403

MedVerse-14K Dataset. In practice, we ap-404

ply our automated pipeline to the training sub-405

set of multiple medical training datasets, includ-406

ing MedQA (Jin et al., 2021), MedMCQA (Pal407

et al., 2022), PubMedQA (Jin et al., 2019), MMLU-408

Medical (Hendrycks et al., 2021a,b), HuatuoGPT-409

o1, MedXpert (Zuo et al., 2025), and Humanity’s410

Last Exam (HLE) (Phan et al., 2025). This pro-411

cess yields MedVerse-14K that comprises 13,904412

high-quality and structured reasoning trajectories,413

covering complex long-context medical problems.414

4.2 Algorithm Design: MedVerse Attention415

Next, we introduce MedVerse Attention to replace416

standard causal attention (Vaswani et al., 2017).417

The causal attention computes the i-th token’s out-418

put with query qi, and keys kj , values vj (j ≤ i):419

aij = Softmax
(
(qi · P (i))⊤(kj · P (j)) +Mij

)
.

(2)
420

where Mij =

{
0, j ≤ i

−∞, otherwise
is casual atten-421

tion mask and P (i) is embedding for position i.422

DAG-based Attention Mask. Transitions within423

the same enabled-transition frontier may execute424

concurrently and must remain causally indepen-425

dent. To enforce this property, we construct a layer-426

wise mutual exclusion mask M . During training, 427

the input sequence is segmented into frontier layers 428

according to the execution plan, where each layer 429

contains a set of parallel reasoning steps S1, S2, . . .. 430

For two tokens i and j associated with steps Su and 431

Sv, the attention bias is defined as: 432

Mij =


−∞ if j > i

−∞ if Layer(i) = Layer(j) ∧ Su ̸= Sv

0 otherwise
(3) 433

The first condition preserves standard autoregres- 434

sive causality, while the second prevents informa- 435

tion leakage between parallel transitions. 436

Adaptive Position Indices. While masking en- 437

forces causal isolation, standard monotonic posi- 438

tion indices cannot represent Petri Net execution 439

synchronization. We therefore assign position in- 440

dices based on the logical execution timeline rather 441

than linear token order. Tokens generated by tran- 442

sitions within the same enabled-transition frontier 443

are assigned an identical starting index (fork align- 444

ment). For transitions that join multiple branches in 445

a subsequent frontier, the position index is set to the 446

maximum index among all predecessor branches, 447

allowing the model to attend to the complete causal 448

history. 449

Together, topology-aware masking and adaptive 450

position indices implement the execution semantics 451

of Section 3.3 within standard autoregressive Trans- 452

formers, without modifying the training pipeline. 453

4.3 Inference Engine: MedVerse Engine 454

To translate the execution semantics of the Petri 455

Net into practical inference speedups, we develop 456

the MedVerse Engine, a high-performance serving 457

system built upon the Multiverse Engine. Unlike 458

standard engines that treat generation as a uniform 459

stream, our engine implements a Hybrid Execu- 460

tion Pipeline that seamlessly transitions from linear 461

LLM-driven planning to system-guided parallel ex- 462

ecution. This engine includes two phases, which 463

are detailed as follows: 464

Phase I: Linear Planning & Graph Initialization. 465

The engine first employs standard autoregressive 466

decoding to perform linear planning, during which 467

the LLM translates the input into multiple linear 468

reasoning paths followed by a topological <Plan> 469

block. This phase is managed strictly as a con- 470

ventional linear generation process to ensure log- 471

ical correctness and coherence. Upon detecting 472

the </Plan> tag, the engine pauses generation and 473
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Table 1: Performance comparison on medical reasoning benchmarks. We report accuracy (%) across different
datasets. Bold indicates the best performance.

Qwen2.5-7B-Instruct LLaMA-3.1-8B-Instruct

Benchmark Original MedReason MedVerse Original MedReason Huatuo-o1 MedVerse

HLE (Medical) 18.4 20.8 19.6 13.6 20.2 14.6 20.6
MedBullets (op4) 45.8 49.7 55.2 48.7 57.1 55.8 62.3
MedBullets (op5) 39.6 44.2 48.0 42.5 51.0 53.9 53.6
MedQA 56.2 56.2 58.6 58.7 63.9 72.4 66.4
MedXpert 12.3 14.5 15.3 13.2 18.4 16.8 19.3

Average 34.5 37.1 39.3 35.3 42.2 42.7 44.2

parses the dependency annotations specified in the474

<Outline> tags to instantiate the in-memory Petri475

Net structure N and initialize the token marking476

M0, thereby triggering an immediate transition to477

graph-based execution mode.478

Phase II: Frontier-Based Graph Execution.479

Guided by the parsed topology, the scheduler iden-480

tifies the enabled-transition frontier Fk (Sec. 3.3) at481

each step and executes all transitions in the frontier482

concurrently using two memory-optimized primi-483

tives. For transitions that branch from a common484

predecessor, the engine applies Fork execution,485

spawning multiple parallel decoding streams that486

share the same prefix KV cache via Radix Atten-487

tion, thereby enabling zero-copy prefix reuse until488

each corresponding <Step> block completes. Con-489

versely, for transitions with multiple predecessors,490

execution is deferred until all upstream reasoning491

paths finish, after which the engine applies Join492

execution by merging the KV states of all prede-493

cessor paths together with the preceding context494

to construct a unified KV cache. Leveraging the495

flexible radix cache layout, this merge is performed496

without padding or physical memory copying, and497

generation then proceeds from the merged KV state498

along the newly constructed sequence.499

5 Experiments500

5.1 Setup501

Training. We fine-tune MedVerse variants from502

the Qwen2.5-7B-Instruct (Team et al., 2024) and503

Llama-3.1-8B-Instruct (Dubey et al., 2024) check-504

points, incorporating our proposed MedVerse at-505

tention mechanism. Training is conducted on the506

curated MedVerse-14K dataset. All base models507

are trained for 3 epochs with a learning rate of 10−5508

and a batch size of 128. Fine-tuning is conducted509

using 4 NVIDIA H200 GPUs with PyTorch FSDP.510

Evaluation. We evaluate all MedVerse variants 511

across five standard medical reasoning bench- 512

marks, including MedQA, MedXpert, MedBul- 513

lets (Chen et al., 2025), and Humanity’s Last Exam 514

(HLE) (Phan et al., 2025). All experiments are con- 515

ducted using our SGLang-based MedVerse Engine. 516

517

Baselines. We compare MedVerse against the orig- 518

inal base models and other medical LLMs, includ- 519

ing MedReason-8B and HuatuoGPT-o1-RL-8B. In 520

addition to accuracy, we report both latency and 521

throughput to assess efficiency gains of MedVerse. 522

For fair comparisons, MedReason-8B is fine-tuned 523

using the same number of examples as MedVerse- 524

14K, while following its official training recipe. 525

5.2 Performance Evaluation 526

Table 1 reports the performance of MedVerse on 527

medical reasoning benchmarks. Across both back- 528

bones, MedVerse consistently outperforms the base 529

models and strong autoregressive medical LLM 530

baselines. For Qwen2.5-7B-Instruct, MedVerse im- 531

proves the average accuracy from 34.5% to 39.3%, 532

exceeding MedReason (37.1%). For LLaMA-3.1- 533

8B-Instruct, MedVerse achieves the highest aver- 534

age accuracy of 44.2%, surpassing both MedRea- 535

son (42.2%) and HuatuoGPT-o1-RL-8B (42.7%). 536

5.3 Efficiency Analysis 537

To validate the efficiency of our system, we con- 538

ducted a rigorous efficiency evaluation comparing 539

MedVerse against standard autoregressive base- 540

lines on NVIDIA H200 GPUs. Our analysis fo- 541

cuses on two key dimensions: the latency for 542

generating full reasoning chains and the engine’s 543

throughput under controlled output lengths. 544

End-to-End CoT Latency. First, we measured the 545

total wall-clock time required to answer medical 546

queries across five diverse datasets (e.g., MedX- 547
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Figure 4: Efficiency Metrics. (a) Average latency
and relative speedup (orange line) across five datasets.
MedVerse consistently outperforms the baseline. (b)
Throughput vs. Sequence Length. Our method exhibits
better scaling properties, maintaining higher throughput
as token complexity increases.

pertQA, MedQA) with a batch size of 64. As548

shown in Figure 4(a), MedVerse consistently out-549

performs the sequential AR baseline, achieving a550

stable speedup ranging from 1.25× to 1.33× (in-551

dicated by the orange trend line). Theoretically, in552

standard AR models, generating a comprehensive553

diagnosis with multiple branches requires linear554

time O(N), where N is the total token count. In555

contrast, MedVerse leverages its topological struc-556

ture to generate independent reasoning paths si-557

multaneously. This shifts the latency complexity558

from total length to the topological depth of the559

reasoning graph O(D), drastically reducing user560

wait time for complex, multi-step queries.561

Iso-Length Throughput Comparison. To iso-562

late the system’s raw generation capability, we563

conducted an “Iso-Length” stress test on the HLE564

dataset with a batch size of 1, where both models565

were constrained to generate identical sequence566

lengths ranging from 128 to 2048 tokens. Fig-567

ure 4(b) illustrates the throughput divergence.568

While the AR baseline maintains a relatively static569

throughput (∼10 tokens/sec) limited by mem-570

Model Variant Linear Parallel Accuracy (%) Latency (s)

Autoregressive ✓ × 18.4 5.1
Direct Petri Net × ✓ 17.4 4.5
MedVerse ✓ ✓ 19.3 4.0

Table 2: Efficacy of Linear-to-Parallel Hybridization.
Ablation study on the MedXpert benchmark.

ory bandwidth and serial dependency, MedVerse 571

demonstrates superior parallel scalability. The 572

performance gap widens significantly as the se- 573

quence length increases: at 2048 tokens, our sys- 574

tem achieves a peak throughput of ∼17.1 token- 575

s/sec, representing a +69.3% gain over the baseline. 576

This confirms that MedVerse effectively converts 577

the GPU’s parallel compute capacity into valid to- 578

ken throughput, making it increasingly efficient for 579

long-context medical reasoning tasks. 580

5.4 Ablation Study 581

We conduct a targeted ablation to assess the neces- 582

sity of linear-to-parallel hybrid reasoning by com- 583

paring MedVerse with a Direct Petri Net variant 584

that directly generates topological structures with- 585

out linear planning. As shown in Table 2, when 586

evaluated on MedXpert (batch size 1), the Direct 587

Petri Net variant exhibits a substantial accuracy 588

drop and underperforms even the autoregressive 589

baseline, indicating that standard LLMs struggle 590

to construct sound execution graphs from scratch. 591

In contrast, MedVerse achieves both the highest 592

accuracy (19.3%) and the lowest latency (4.0s), 593

demonstrating that linear planning is essential for 594

reliable graph construction and that its combina- 595

tion with parallel execution yields the best accu- 596

racy–efficiency trade-off. 597

6 Conclusion 598

This work addresses the fundamental mismatch 599

between sequential autoregressive decoding and 600

the inherently parallel nature of clinical reason- 601

ing. By reformulating medical inference as a DAG- 602

structured process grounded in Petri Net theory, 603

MedVerse enables large language models to reason 604

over multiple diagnostic hypotheses concurrently 605

while preserving causal consistency. This paradigm 606

alleviates key limitations of linear chain-of-thought 607

reasoning in accuracy, efficiency, and interpretabil- 608

ity, and offers a principled path toward structurally 609

aligned medical reasoning systems suitable for real- 610

world clinical decision support. 611
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7 Ethical Considerations612

This work focuses on methodological advances in613

structured and parallel reasoning for medical lan-614

guage models and does not involve new data collec-615

tion from human subjects. All training and evalua-616

tion data are derived from existing, publicly avail-617

able benchmarks or automatically generated syn-618

thetic reasoning trajectories. No personally iden-619

tifiable information is used. While the proposed620

framework aims to improve reasoning accuracy,621

efficiency, and interpretability, it is not intended622

for direct clinical deployment without human over-623

sight. Any real-world medical application should624

ensure appropriate clinical validation and adhere to625

established ethical and regulatory standards.626

Limitations627

While MedVerse demonstrates consistent gains in628

both reasoning accuracy and inference efficiency,629

several limitations merit discussion. First, although630

MedVerse reduces inference latency by shifting631

computational complexity from sequence length to632

topological depth, the achievable speedup depends633

on the inherent parallelism of the reasoning graph.634

For reasoning problems with predominantly linear635

dependency structures, the benefits of parallel ex-636

ecution may be limited. Automatically adapting637

execution strategies to different reasoning topolo-638

gies remains an important direction for future work.639

Second, our evaluation focuses on offline bench-640

marks under controlled inference settings. While641

the proposed framework is designed with real-time642

clinical deployment in mind, additional studies are643

required to assess its behavior under interactive,644

user-in-the-loop scenarios, where user feedback,645

partial responses, or dynamic query refinement may646

influence the execution process.647
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A Additional Analysis 906

A.1 Effect of Training Data Scale 907

Samples 1k 2k 5k 8k 14k

Subset Ratio ∼7% ∼14% ∼36% ∼57% 100%
Average Accuracy 29.2% 32.5% 37.5% 38.7% 39.2%

Table 3: Scalability Analysis. The monotonic improve-
ment in average accuracy across all benchmarks con-
firms the effectiveness of our data scaling strategy.

We investigate the scalability of our approach 908

by fine-tuning the base model on varying sub- 909

sets of the MedVerse-14K dataset (ranging from 910

1k to 14k samples). As presented in Table 3, 911

we observe a clear monotonic positive correlation 912

between dataset size and the average reasoning 913

accuracy across all evaluation benchmarks. No- 914

tably, the model exhibits exceptional data effi- 915

ciency: with only 5k samples (∼36% of the total 916

data), it achieves an accuracy of 37.5%, recovering 917

over 95% of the peak performance. Furthermore, 918

the performance does not plateau even at the 14k 919

mark.This validates the high quality of our synthe- 920

sized data and suggests that further scaling could 921

yield even greater improvements. 922
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A.2 Analysis of Training Strategies and923

Inference Modes924

To further investigate the source of MedVerse’s per-925

formance gains, we conducted a comprehensive926

ablation study decoupling the training strategies927

(standard autoregressive vs. MedVerse attention)928

from the inference execution mode (serial vs. par-929

allel). We evaluated four configurations on the930

Qwen2.5-7B-Instruct backbone across our bench-931

marks. The aggregated results are summarized in932

Table 4.933

The four configurations are defined as follows:934

• Auto-Ser: Standard autoregressive training935

executed with a standard serial engine (base-936

line).937

• Auto-Par: Standard autoregressive training938

executed with our DAG-based parallel engine.939

• Mask-Ser: MedVerse topology-aware train-940

ing (masked attention) executed serially.941

• Mask-Par: MedVerse topology-aware train-942

ing executed with our DAG-based parallel en-943

gine.944

Metric Auto-Ser Auto-Par Mask-Ser Mask-Par (Ours)

Average Accuracy 0.3690 0.3792 0.3856 0.3934

Table 4: Ablation study on Training Strategies and In-
ference Modes. We report the average accuracy across
five medical reasoning benchmarks (HLE, MedBullets-
op4/op5, MedQA, MedXpert).

Discussion. The results demonstrate a strong945

synergistic effect, with Mask-Par achieving the946

highest accuracy (39.34%, +2.44% over baseline).947

This improvement highlights two critical insights.948

First, the superiority of Mask-Ser over the baseline949

(+1.66%) confirms that topology-aware masking950

enhances learning; by “hiding” irrelevant parallel951

branches, the mechanism prevents reliance on spu-952

rious positional correlations and forces the model to953

focus on genuine causal dependencies. Second, re-954

garding topological alignment, the consistent gains955

from parallel structures in both training and in-956

ference indicate that medical reasoning inherently957

follows a DAG topology rather than a linear chain.958

MedVerse succeeds precisely by aligning the com-959

putational framework with this non-linear cognitive960

structure.961

B Detailed MedVerse Curator Pipeline 962

This appendix provides a detailed description of 963

the MedVerse Curator, including phase-wise proce- 964

dures for knowledge grounding, topological plan- 965

ning, structural synthesis, and data verification. 966

Phase 1: Knowledge-Grounded Path Initializa- 967

tion. The pipeline begins by anchoring the rea- 968

soning in established medical knowledge, lever- 969

aging the retrieval methodology from MedReason 970

(Steps 1–3): 971

(i) Knowledge Retrieval: We first retrieve po- 972

tential reasoning paths connecting the ques- 973

tion entities to answer candidates from a large- 974

scale medical Knowledge Graph (KG). 975

(ii) Entity Mapping: We perform medical entity 976

extraction to map unstructured query terms to 977

standardized KG nodes. 978

(iii) Path Pruning: We search for and prune ir- 979

relevant branches to isolate the original, raw 980

reasoning paths. 981

This phase provides a "ground truth" skeleton, 982

ensuring the subsequent generation is factually 983

grounded rather than hallucinated. 984

Phase 2: Topological Planning and Filtering. 985

We then transform these linear skeletons into the 986

MedVerse architecture (Steps 4–5). We employ 987

a specialized prompt to filter and edit the raw 988

paths, removing redundancy and ensuring logical 989

coherence. Crucially, we perform a DAG Valid- 990

ity Check: the refined path is analyzed to ensure 991

it forms a valid Directed Acyclic Graph. If the 992

dependencies form a cycle, the path is rejected or 993

re-routed. 994

Phase 3: Structural Synthesis and Refinement. 995

This core phase generates the XML-structured data 996

(Steps 6–8): 997

• Plan Generation (<Plan>): We iteratively de- 998

compose the verified path, utilizing regex-based 999

formatting to outline the Petri Net structure, 1000

defining transitions and explicit dependency lists. 1001

• Parallel Execution (<Execution>): The teacher 1002

LLM generates the "transient step" content for 1003

each transition. 1004

• Iterative Refinement: We implement a Refine- 1005

ment Module to knit these independent steps 1006

into a cohesive narrative. This module dedupli- 1007

cates overlapping logic across parallel branches, 1008

removes non-contributory details, and smooths 1009

the transition flow to ensure the reasoning natu- 1010

12



rally bridges the gap from the problem descrip-1011

tion to the final entity.1012

• Conclusion Synthesis: Finally, conditioned on1013

the refined execution trajectory, the model gen-1014

erates the <Conclusion>, providing the final an-1015

swer and a holistic explanation.1016

Phase 4: Dual-Layer Verification Loop. To1017

guarantee data quality, we append two supplemen-1018

tary validation stages:1019

(a) Syntax Verification: Ensures strict adherence1020

to the XML schema and Petri Net definition1021

(e.g., matching <Step> indices to <Outline>1022

plans).1023

(b) Logic & Completeness Evaluation: An eval-1024

uator model assesses the reasoning chain for1025

logical gaps and verifies that the conclusion1026

correctly addresses the user goal.1027

Data failing either check triggers an iterative regen-1028

eration loop until all criteria are met.1029

C Prompting Protocol for the MedVerse1030

Curator1031

In this section, we present the complete five-stage1032

prompting protocol used by the MedVerse Curator1033

to construct the MedVerse-14K dataset, powered1034

by the GPT-5.1 model accessed via the ChatGPT1035

API. The goal of this protocol is to systematically1036

transform question–answer pairs into structured,1037

parallel medical reasoning trajectories suitable for1038

topology-aware execution.1039

The protocol is implemented as an offline data1040

construction pipeline consisting of five sequential1041

phases. Phase 1 adopts the knowledge-grounded re-1042

trieval procedure proposed in MedReason to initial-1043

ize medically valid reasoning paths; as this phase1044

directly reuses an existing method without modifi-1045

cation, we do not reproduce the original prompts.1046

Phases 2–4 introduce new structured transforma-1047

tions that progressively induce parallel reasoning1048

structure, repopulate detailed clinical content, and1049

enforce execution-ready constraints. The full spec-1050

ifications and prompts for Phases 2–4 are listed1051

below.1052

D Use of Large Language Models1053

We utilized large language models (LLMs) exclu-1054

sively for linguistic refinement and as coding assis-1055

tants for routine programming tasks. These tools1056

played no role in the study’s conceptualization, ex-1057

perimental design, data analysis, or the interpreta-1058

tion of result. The authors retain full responsibility1059

for the validity and originality of the scientific con- 1060

tent. 1061
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Phase 2: Reasoning Chain Filtering Template

SYSTEM PROMPT
You are a strict reasoning chain filter. Given a question, a list of candidate reasoning chains (original_reasoning), and
the correct answer, select only the reasoning chains that are directly relevant for deriving the answer from the question.
Filtering Rules (Follow All Exactly):
1) Relevance: Keep only chains that directly or critically contribute to deriving the answer from the question. Discard

any chain that is unrelated or unnecessary for reaching the answer.
2) Consistency: Remove chains that contradict the facts stated in the question or that lead to conclusions conflicting

with the answer.
3) Duplicate Removal: If multiple chains are textually identical, keep only the first occurrence.
4) Order & Priority: Preserve the original order of appearance in original_reasoning. If more than 10 chains

remain, output the 10 most useful ones for deriving the answer (strongest/direct connection).
5) Text Integrity: Do not modify any retained reasoning chain text. Each chain must remain exactly identical to its

original text (from ’A->B->C->...’ to the end). Only reassign new indices starting from 1 in ascending order.
6) Empty Case: If no chains satisfy the rules, output nothing (no text, no comment).

USER INPUT
Input:
• question: {question}
• answer: {answer}
• original_reasoning (each line formatted as "<index>: A->B->C->..."): {original_reasoning}
Output:
Return only the filtered reasoning chains in this exact format and nothing else:

1: reasoning chain text (identical to original)
2: reasoning chain text (identical to original)
...
(Up to 10 lines total.)

Phase 2: Reasoning Chain Refinement Template

SYSTEM PROMPT
You are an expert in the medical domain.
Goal: Generate reasoning chains where the Start Node is strongly correlated with a key entity in the Question, and the
End Node is strongly correlated with the Answer entity.
STRONG PRIORITY ON USING PROVIDED PATHS:
• Maximize reuse of entities and links that appear in the provided Paths.
• Prefer chains composed entirely of nodes from the Paths.
• If you reuse nodes from the Paths, keep their strings EXACTLY as written (same casing, no edits).
• Select Start/End nodes from the provided Paths that have the highest semantic or clinical correlation to the Ques-

tion/Answer context.
STRICT OUTPUT RULES:
1) Format: Each line: ’<index>: A->B->C->...’ (Index starts at 1, exactly one space after colon).
2) Delimiter: Use ’->’ as the ONLY delimiter with no spaces around it.
3) Start Node: Must have a STRONG CORRELATION (semantic or clinical) to a key entity in the Question (does

NOT need to be an exact string match).
4) Final Node: Must have a STRONG CORRELATION to the Answer entity (does NOT need to be the exact Answer

string).
5) Validity: Each link A→B must be a medically valid causal/inferential relation.
6) Cleanliness: No headers, no explanations, no extra text. Do not rewrite/rename nodes taken from the Paths.
7) Quantity: Output up to 6 chains; output nothing if no valid chain can be formed.
8) Preference: If multiple valid options exist, prefer chains that (a) maximize coverage of nodes from the provided

Paths, and (b) require zero new nodes (or at most one new medically sound bridge).
9) Diversity: Avoid producing only a single reasoning chain unless only one medically valid path exists; whenever

possible, output two or more distinct valid reasoning chains.

USER INPUT
• Question: {question}
• Answer: {answer}
• Paths (filtered reasoning paths to reuse): {filter_reasoning_path}
Output:

1: A->B->...
2: A->B->...
...
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Phase 2: Reasoning Chain Editing Template

SYSTEM PROMPT
You are a medical-domain reasoning chain editor.
Edit policy (hard constraints):
• Identity-by-default: If a chain is already complete and logically sound, output it UNCHANGED.
• Only-if-incomplete: Modify a chain ONLY when it is logically incomplete between Question-entity and Answer-

entity/synonym.
• Preserve-original-entities: Do NOT alter, delete, paraphrase, or reorder ANY existing entities or links.
• Insert-only-new-bridge: When a fix is necessary, INSERT the FEWEST possible concise medical entities as bridges;

do not modify existing tokens. Prefer ≤ 2 new entities per chain.
• Medical validity: Each hop A→B must be a clinically valid causal/inferential relation.
• Uncertainty: If uncertain whether a change is required, leave the chain UNCHANGED.

USER INPUT
Requirements:
1) Only add new entities to chains that are logically incomplete; keep ALL original entities exactly as given (no edits,

no reordering, no deletions).
2) Use ’->’ only; no spaces around it. Output one line per chain as ’<index>: A->B->C->...’; indices start at 1,

increment by 1, and have exactly one space after ’:’.
Input Data:
• Question: {question}
• Answer: {answer}
• new_reasoning_path: {new_reasoning_path}
Output:

1: A->B->...
2: A->B->...
...

Phase 3: Atomic Reasoning Step Template

SYSTEM PROMPT
You are an expert in the medical domain. Your task is to perform Chain-of-Thought (CoT) reasoning for a single step
independently, strictly based on prior dependency results and current step keywords.
Core Task: Reason through only the current step. Rely solely on: 1) The CoT results from the directly dependent
previous steps. 2) The entity keywords specific to the current step.
Strict Constraints (Do NOT):
• Do not explain the overall goal or speculate about future steps.
• Do not explicitly mention "dependencies" or reference previous steps by name (e.g., "based on step 1").
• Do not introduce extraneous definitions or general knowledge unrelated to the specific structural logic.
• Do not state functions or importance; stick to factual, anatomy-based structural logic.
Mandatory Requirements:
• Conciseness: Output only a single, short CoT paragraph.
• Entity Detail: All entities mentioned in the current step AND its dependencies MUST have their factual details

explicitly included (e.g., structural, anatomical, or pathological attributes).
• completeness: The reasoning is considered incorrect if any entity detail is omitted or vaguely referenced.

USER INPUT
Input Data:
1. Goal: {goal}
2. Plan (Steps & Dependencies): {plan}
3. Executed Steps (CoT results from dependencies only): {executed_step}
4. Current Step (Focus of this reasoning): {current_step}
Output Instruction: CoT Paragraph: (Provide only one short paragraph of factual reasoning. Do not reference the
answer or future steps.)
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Phase 3: Reasoning Refinement Template

SYSTEM PROMPT
You are an expert in extracting concise, non-redundant, factual reasoning from multi-step medical analyses.
Input Context: You will be given: 1) A goal, describing the final medical question. 2) A series of step-wise reasoning
outputs, where each step includes a label (Entity A -> Entity B) and a detailed reasoning paragraph.
Task: Eliminate any redundant content that has already appeared in previous steps. Keep only factual details necessary
for reasoning toward the goal.
Strict Constraints:
• No Redundancy: Remove information repeated from previous steps.
• Facts Only: Contain only medical facts; exclude definitions, purpose, significance, or usefulness.
• Logic Preservation: Must retain the logical relationship between Entity A and Entity B.
• Format: Return the original step label followed by your revised concise reasoning.
• No Meta-Content: Do not include explanations, summaries, or overall conclusions.

USER INPUT
• Goal: {goal}
• Stepwise Reasoning: {multistep_reasoning}

Phase 3: Conclusion Synthesis Template

SYSTEM PROMPT
You are an expert in medical reasoning. You will be given three inputs: 1) Reasoning Paragraphs (a sequence of
’Transient Step N: ...’ logical steps), 2) Question (a medical multiple-choice question), 3) Options (possible
answers).
Your Task:
• Use ONLY the Reasoning Paragraphs to determine the correct answer.
• First, output the final answer to the Question.
• Then, output one concise paragraph explaining why this is the correct answer, referencing the relevant steps.
• Constraint: Do not add external knowledge.
Output Format:
Explanation: <one paragraph justification>
Answer: <the correct option>

USER INPUT
• Reasoning Paragraphs: {total_final}
• Question: {question}
• Options: {option}

Phase 4: Answer & Logic Verification Template

SYSTEM PROMPT
You are an expert evaluator of medical reasoning consistency.
Input Context: You will be given: 1) A goal (the correct answer). 2) A question and its options. 3) A conclusion (final
answer + explanation). 4) A set of reasoning steps (the chain of thought).
Your Tasks:
1. Answer Verification: Verify whether the conclusion’s final answer matches the correct answer specified in the goal.
2. Logic Verification: Verify whether the explanation in the conclusion is logically consistent with the reasoning steps.

• The explanation must be directly derivable from the given reasoning steps.
• It must not rely on external facts or background knowledge not present in the reasoning steps.

Output Requirements:
• Output "Consistent" if AND ONLY IF: (a) the answer matches the goal AND (b) the explanation is logically derived

solely from the steps.
• Otherwise, output "Inconsistent".
• Do not output anything else.

USER INPUT
• Goal (correct answer): {goal}
• Question: {question}
• Options: {options}
• Conclusion (explanation + answer): {conclusion}
• Reasoning Steps: {reasoning_steps}
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