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Abstract001

Large Language Models (LLMs) show strong002
reasoning ability in open-domain question an-003
swering, yet their reasoning processes are typi-004
cally linear and often logically inconsistent. In005
contrast, real-world reasoning requires integrat-006
ing multiple premises and solving subproblems007
in parallel. Existing methods, such as Chain-008
of-Thought (CoT), express reasoning in a lin-009
ear textual form, which may appear coherent010
but frequently leads to inconsistent conclusions.011
Recent approaches rely on externally provided012
graphs and do not explore how LLMs can con-013
struct and use their own graph-structured rea-014
soning, particularly in open-domain QA. To fill015
this gap, we novelly explore graph-structured016
reasoning of LLMs in general-domain question017
answering. We propose Self-Graph Reasoning018
(SGR), a framework that enables LLMs to ex-019
plicitly represent their reasoning process as a020
structured graph before producing the final an-021
swer. We further construct a graph-structured022
reasoning dataset that merges multiple candi-023
date reasoning graphs into refined graph struc-024
tures for model training. Experiments on five025
QA benchmarks across both general and spe-026
cialized domains show that SGR consistently027
improves reasoning consistency and yields a028
17.74% gain over the base model. The LLaMA-029
3.3-70B model fine-tuned with SGR performs030
comparably to GPT-4o and surpasses Claude-031
3.5-Haiku, demonstrating the effectiveness of032
graph-structured reasoning.1033

1 Introduction034

Large Language Models (LLMs) (Hurst et al.,035

2024; Dubey et al., 2024) have exhibited impressive036

performance on a wide range of open-domain nat-037

ural language understanding and question-solving038

tasks (Zhao et al., 2023; Bang et al., 2023; Yang039

et al., 2024b). In recent years, research on040

reasoning-oriented LLMs has progressed rapidly,041

1Our anonymous code is available at https://anonymou
s.4open.science/r/SGR-F43C.

(a)

Question

Answer

Direct Q–A Mapping
• No reasoning
• Unexplainable

(b)

Linear Reasoning
• Weak logic links
• Low consistency

(c)

Graph Reasoning
• Explicit logic

• High consistency & clarity

Thinking 1

Thinking 2

Thinking 3

Answer

Question

Answer

Question

reason(v1) reason(v2)

reason(v5)reason(v3) reason(v4)

reason(v6) reason(v7)

Figure 1: Comparison of reasoning and answering
paradigms in general-domain question answering. (a)
Direct Answering without explicit reasoning. (b) Lin-
ear reasoning with weak logical alignment between
intermediate reasoning and the final answer. (c) Our
Graph-structured reasoning with explicit logical con-
nections, yielding higher reasoning consistency.

showing that explicit intermediate reasoning can 042

significantly enhance complex inference and pro- 043

vide more interpretable explanations of model deci- 044

sions (Ke et al., 2025; Patil and Jadon, 2025). Rep- 045

resentative examples include Chain-of-Thought 046

(CoT) (Wei et al., 2022) and dedicated reasoning 047

models (Jaech et al., 2024; Guo et al., 2025). 048

However, current approaches often exhibit incon- 049

sistencies between the generated reasoning process 050

and the final answer (Wang et al., 2025; Arcuschin 051

et al., 2025), especially in general-domain ques- 052

tion answering (QA), where the inference lacks 053

a clear and explicit logical structure (Xu et al., 054

2024; Lee and Lee, 2025). This makes it diffi- 055

cult to ensure that intermediate steps form a co- 056

herent reasoning path toward the final conclusion. 057

Such challenges are less pronounced in special- 058

ized domains, such as mathematics and medicine, 059

where reasoning typically follows more formal- 060

ized and constrained structures. Early paradigms 061
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in general-domain question answering focused on062

direct answer prediction without explicit reasoning063

(Figure 1, a). Recent advances, such as CoT, intro-064

duced intermediate reasoning steps to improve in-065

terpretability and performance. However, because066

the reasoning process in LLMs is represented as067

a linear textual sequence (Figure 1, b) optimized068

for next-token prediction rather than for structured069

logical inference, the reasoning chain may appear070

superficially coherent yet lead to incorrect answers,071

or, conversely, flawed reasoning may occasionally072

yield correct results (Turpin et al., 2023). Fur-073

thermore, unlike explicitly structured reasoning074

such as knowledge graphs (Chen et al., 2020; Tan075

et al., 2025), such linear reasoning makes it diffi-076

cult for LLMs to maintain consistent dependencies077

between intermediate reasoning steps and the final078

answer (Patil and Jadon, 2025). These limitations079

are particularly evident in smaller-scale LLMs.080

To overcome these limitations, we posit that081

reasoning should extend beyond simple linear se-082

quences. Real-world reasoning often involves par-083

allel sub-problems and the integration of multiple084

premises, which cannot be adequately represented085

by a single linear chain. As illustrated in Figure 1086

(c), graph-structured reasoning enables many-to-087

one dependencies, allowing multiple independent088

inferences to be explicitly integrated into a uni-089

fied conclusion (Yao et al., 2024). By enforcing090

explicit parent–child dependencies between rea-091

soning steps, such a structure tightly couples the092

reasoning process with the final answer, ensuring093

that each conclusion is grounded in its supporting094

premises. However, existing graph-based reason-095

ing methods primarily incorporate externally con-096

structed graph structures to guide inference (Jin097

et al., 2024; Luo et al., 2024; Han et al., 2025).098

As a result, whether LLMs can perform explicit099

self-graph reasoning, particularly in the general-100

domain, remains largely unexplored.101

Building on this insight, we propose self-graph102

reasoning (SGR), a paradigm that compels LLMs103

to externalize their latent reasoning into an explic-104

itly structured graph before producing a final an-105

swer, and we use that as intermediate hints for106

the model. In SGR, nodes represent reasoning107

units, while edges encode explicit logical depen-108

dencies, forming a structured bridge between the109

input question and the final prediction. Unlike prior110

approaches that either rely on linear text-based111

reasoning or external graph structures, SGR en-112

ables LLMs to internalize graph construction as113

part of the reasoning process itself. Furthermore, 114

we construct a dataset to train models for self-graph 115

reasoning. Given a question, the LLM generates 116

multiple candidate reasoning graphs, which are 117

then aggregated and refined into an optimal reason- 118

ing graph, which serves as supervision for train- 119

ing self-graph reasoning. We conduct experiments 120

across five QA benchmarks, covering both general- 121

domain and specialized-domain tasks, demonstrat- 122

ing the effectiveness of our proposed framework. 123

Moreover, we publicly release our constructed 124

graph-reasoning dataset to support future research 125

on structured and interpretable reasoning in LLMs. 126

In summary, our contributions are: (1) Self- 127

Graph Reasoning Method. We introduce a novel 128

reasoning paradigm that enables LLMs to perform 129

structured graph reasoning within the inference 130

process itself, enhancing the transparency and con- 131

sistency between intermediate reasoning and final 132

answer. (2) Graph-Reasoning Dataset. We con- 133

struct a general-purpose graph-reasoning dataset 134

of 10K instances that provides explicit structured 135

supervision, enhancing LLMs’ capability in graph- 136

based reasoning. (3) Empirical Effectiveness. 137

We demonstrate the effectiveness of SGR, with 138

a 17.74% improvement over its base model across 139

five benchmarks while showing consistent effec- 140

tiveness in specialized domains, including mathe- 141

matics and medicine. 142

2 Related Works 143

Chain-of-Thought (CoT) Reasoning. Early lan- 144

guage models mainly performed direct answer pre- 145

diction, where reasoning was implicit (Brown et al., 146

2020; Chowdhery et al., 2023; Li et al., 2025). To 147

address the limited capability in reasoning over 148

complex problems and the lack of interpretability, 149

the Chain-of-Thought (CoT) paradigm was pro- 150

posed (Wei et al., 2022; Kojima et al., 2022). CoT 151

encourages models to explicitly generate an inter- 152

mediate reasoning process before producing the 153

final answer, thereby improving performance on 154

tasks requiring complex logical reasoning (Zhou 155

et al., 2022; Zhang et al., 2022). However, de- 156

spite its effectiveness, CoT reasoning remains es- 157

sentially linear, modeling reasoning as a single tex- 158

tual sequence optimized for next-token prediction, 159

which can lead to plausible but incorrect reasoning 160

chains (Turpin et al., 2023; Lanham et al., 2023). 161

In contrast, our self-graph reasoning represents in- 162

ternal reasoning as a structured topology, where 163
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each claim is grounded in its ancestral arguments,164

resulting in clearer and more coherent reasoning.165

Reasoning LLMs. Recent studies have shifted166

toward reasoning LLMs (Patil and Jadon, 2025),167

which primarily enhance multi-step reasoning168

through reasoning-oriented training, encouraging169

models to generate or internally perform reasoning170

before producing final answers, often via special-171

ized training objectives. Representative models172

include OpenAI o1 (Jaech et al., 2024), DeepSeek-173

R1 (Guo et al., 2025), and Qwen3-thinking (Yang174

et al., 2025). Despite their remarkable performance,175

these models still rely on a fundamentally linear176

reasoning process, similar to CoT. As a result, their177

reasoning remains limited in capturing complex178

logical dependencies and maintaining consistency179

between reasoning and final answers (Turpin et al.,180

2023), particularly in general-domain QA tasks181

with intricate logical structures.182

Graph-based Reasoning. To address the limi-183

tations of linear reasoning, recent studies have184

explored incorporating graph structures into the185

reasoning process (Luo et al., 2023; Sun et al.,186

2023; Jin et al., 2024; Tian et al., 2024; Cao,187

2024). Specifically, Reasoning on Graphs (Luo188

et al., 2023) generates a reasoning graph to capture189

logical relations and use it to generate the final an-190

swer. MindMap (Wen et al., 2024) retrieves exter-191

nal evidence graphs and performs reasoning based192

on these graphs. However, these approaches typi-193

cally use pre-extracted logical graphs or retrieved194

knowledge graphs, requiring external structures to195

support reasoning. In contrast, our work is the first196

to explore self-graph reasoning, where a reasoning197

LLM autonomously externalizes its internal rea-198

soning process into a structured topological graph199

before producing the final answer, particularly in200

general-domain settings.201

3 Methods202

In this section, we introduce our proposed Self-203

Graph Reasoning (SGR), a framework designed to204

enable LLMs to externalize their latent reasoning205

process into a structured graph before generating206

the final answer. By explicitly organizing interme-207

diate reasoning into a graph structure, SGR pro-208

vides clearer logical constraints and reduces the209

drift and inconsistency often seen in linear Chain-210

of-Thought reasoning. The implementation of SGR211

consists of two main components, as illustrated212

in Figure 2: (1) Reasoning Graph Construction,213

Question

Answer

1. Reasoning Graph Construction 

Graph

Graph

Graph

generate

Optimal Graph

Teacher LLM

Discard Training Set

No Yes

Question

2. Self-Graph Reasoning Framework

Graph-reasoning
LLM

Answer

Figure 2: Overview of the proposed Self-Graph Reason-
ing (SGR).

which constructs a dataset of explicit reasoning 214

graphs capturing the logical process between ques- 215

tions and answers, serving as supervision for model 216

training; and (2) Self-Graph Reasoning Framework, 217

where the model is fine-tuned on the constructed 218

graph data to internalize the ability to perform self- 219

graph reasoning before generating the final answer. 220

3.1 Reasoning Graph Construction 221

To provide the model with high-quality graph rea- 222

soning supervision, we transform raw question- 223

answer pairs into structured reasoning graphs. 224

Diverse Trajectory Exploration. To capture a di- 225

verse set of reasoning trajectories specific to the 226

general-domain question Q, we prompt a teacher 227

LLM (GPT-4o) to explore multiple reasoning paths. 228

General-domain questions often admit multiple 229

reasoning paths, as they can be solved from dif- 230

ferent starting points or perspectives, each lead- 231

ing to a distinct sequence of logical steps and 232

a valid answer. By setting a higher temperature 233

(τ = 0.9), we encourage stochasticity and diver- 234

sity in the reasoning process. Formally, for each 235

Q, we sample k independent reasoning trajectories, 236

which are represented as a set of candidate graphs 237

S = g1, g2, . . . , gk. Each gi = (Vi, Ei) represents 238

a potential logical reasoning path leading to an an- 239

swer, where nodes V denote atomic reasoning steps 240

and edges E represent logical dependencies. These 241

candidate graphs are then aggregated and refined 242

to construct high-quality training data for super- 243

vising the LLM in learning structured self-graph 244
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Direct Answering The iPhone came first. Answer: Yes.

Linear Reasoning Step 1: The first Harry Potter movie, The Sorcerer's Stone, came out when the books were popular, 
likely in the late 1990s.
Step 2: The iPhone was announced by Steve Jobs around 2007.
Step 3: Compare the dates: the late 1990s is before 2007.
Step 4: Therefore, the iPhone was not released first.
Answer: No

Identify key 
timeline events

Split Task: 
Release Years

The release date of 
the first iPhone

The release date of 
the first HP movie

Released on 
June 29, 2007

Released on 
November 16, 2001

Comparison: 
2007 vs 2001

iPhone was 
Later

Final Answer: No

Incorrect answer

Correct Answer with Flawed 
Reasoning (Inconsistent)

Question: “ Was the first iPhone released before the first 'Harry Potter' movie was released ? ”

Self-graph Reasoning

Figure 3: An illustrative example of the Self-Graph Reasoning framework. Our method constructs a structured
reasoning graph where each node is explicitly grounded in its predecessors to ensure a logically consistent and clear
path to the final answer. For comparison, we also illustrate other paradigms: Direct Answering lacks an explicit
thinking process and is prone to errors, while Linear Reasoning often exhibits process-answer inconsistency (e.g.,
reaching a correct answer through flawed factual steps).

reasoning.245

Graph Integration and Data Cleaning. Individ-246

ual reasoning paths often contain fragmented or247

suboptimal logic reasoning path. To construct an248

optimal reasoning trajectory, we integrate all can-249

didate graphs S into a unified, optimal reasoning250

graph ĝ, which we define as the integrated graph251

that best preserves logical consistency and conver-252

gence toward the correct answer. The resulting253

graph is linearized into a structured template as254

follows:

<reasoning>
<step> vi → vj </step>
. . .

</reasoning>
<answer> Final Answer </answer>

255

Furthermore, to ensure the integrity of the training256

data, we evaluate the final answer Â derived from257

the synthesized graph ĝ against the known correct258

answer L for question Q. The graph ĝ is retained in259

our final training set D if and only if the reasoning260

process leads to the correct answer:261

D =
{
(Q, ĝ, L) | f(ĝ) = L, f : ĝ → Â

}
. (1)262

By discarding instances where the synthesized rea-263

soning fails to reach the correct conclusion, we264

ensure that SGR is trained exclusively on logi- 265

cally consistent and factually grounded reasoning- 266

answer pairs. 267

3.2 Self-Graph Reasoning Framework 268

The core of SGR is to transform the LLM’s latent 269

cognitive process into an explicit, verifiable graph 270

topology before reaching a conclusion. 271

Supervised Graph Learning. To empower the 272

LLM with structured self-reasoning capability, 273

we perform Supervised Fine-Tuning (SFT) with 274

LoRA (Hu et al., 2022) on the training data D 275

constructed in Section 3.1. Each training instance 276

is a triplet (Q, ĝ, L), where the graph ĝ serves as 277

the structural intermediate reasoning between the 278

question Q and the ground truth L. Formally, we 279

optimize the model parameters θ by minimizing 280

the standard cross-entropy loss over the reasoning 281

graph and the final answer: 282

L(θ) = −
∑

(Q,ĝ,L)∈D

logPθ(ĝ, L | Q). (2) 283

By generating ĝ token-by-token, the model effec- 284

tively constructs a structural reasoning graph that 285

constrains the final answer L to be a direct conse- 286

quence of verified antecedent steps. Compared to 287

Direct Answering, which collapses the reasoning 288
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space into a single mapping, and Linear Reason-289

ing (e.g., CoT), which is restricted to a single-path290

dependency, SGR ensures logical consistency be-291

tween the reasoning process and the final answer.292

Each node vj must be explicitly justified by its par-293

ent nodes Pa(vj), thereby eliminating the "logical294

drift" often observed in linear reasoning (Lanham295

et al., 2023). By externalizing internal thoughts296

into V and E, SGR provides a transparent and297

structured reasoning process.298

Inference Stage. At inference time, given a ques-299

tion Q, the model generates a structured reasoning300

graph ĝ followed by the final answer L, according301

to the learned conditional distribution Pθ(ĝ, L | Q).302

An illustrative example is shown in Figure 3. Un-303

like Direct Answering, which directly outputs an304

answer without any intermediate reasoning, or Lin-305

ear Reasoning, which may produce a correct an-306

swer but with inconsistent or hallucinatory rea-307

soning (e.g., wrongly stating that The Sorcerer’s308

Stone was released in the 1990s), our Self-Graph309

Reasoning (SGR) generates a structured reasoning310

graph that provides a consistent and clear reason-311

ing process. As shown, two reasoning branches312

respectively consider “the release date of the first313

iPhone” and “the release date of the first Harry314

Potter movie,” which eventually converge to the cor-315

rect conclusion. Each step is explicit and verifiable,316

allowing easy detection of possible hallucinations317

or reasoning errors.318

4 Experimental Setup319

4.1 Datasets320

Training Dataset. To enable the LLM to perform321

self-graph reasoning before answering questions,322

we construct a dataset of about 10K samples based323

on the training subset of the LogiQA dataset (Liu324

et al., 2020). LogiQA is a general-domain QA325

benchmark that involves complex logical reason-326

ing, making it particularly suitable for supervising327

structured graph-based reasoning. The final 10K328

samples are obtained after data cleaning and fil-329

tering. For each question–answer pair, we use330

GPT-4o (Hurst et al., 2024) to generate an ex-331

plicit reasoning graph represented as {reasoning332

stepi→reasoning stepj}, which captures the log-333

ical dependencies leading to the correct answer.334

The resulting dataset is organized in the format of335

{Question, Graph Reasoning, Label}. More infor-336

mation is shown in Appendix B. We randomly split337

the dataset into training and validation subsets with 338

a ratio of 9:1. 339

Evaluation Benchmarks. Our work primarily 340

targets general-domain question answering. To 341

evaluate the model’s performance in this setting, 342

we adopt several widely used benchmarks, in- 343

cluding the LogiQA test set (Liu et al., 2020), 344

AIW, AIW+ (Nezhurina et al., 2024), and AR- 345

LSAT (Wang et al., 2022). In addition, to evalu- 346

ate the cross-domain generalization of our method, 347

which is trained on general-domain data, we fur- 348

ther evaluate it on MedQA (Jin et al., 2020) and 349

MathQA (Amini et al., 2019). Details of the bench- 350

marks are provided in Appendix A. 351

4.2 Baselines 352

We compare our proposed framework with three 353

categories of models, including proprietary LLMs, 354

open-source LLMs, and specialized methods. 355

For proprietary LLMs, we include GPT- 356

4o (Hurst et al., 2024), GPT-5.1 (OpenAI), 357

Claude-3.5-Haiku (Anthropic), and Gemini-2.5- 358

Pro (Google, 2025), which serve as strong closed- 359

source baselines with advanced reasoning capabili- 360

ties. For open-source LLMs, we evaluate a series of 361

models with varying scales, including LLaMA-3.2- 362

3B, LLaMA-3.1-8B, LLaMA-3.1-8B, LLaMA-3.3- 363

70B (Dubey et al., 2024), Qwen2.5-7B, Qwen2.5- 364

72B (Yang et al., 2024a). We also compare our 365

method with the specialized method Reasoning 366

with Graphs (RwG) (Han et al., 2025), which re- 367

lies on externally pre-extracted graphs to enhance 368

model reasoning. 369

4.3 Implementation Details 370

We perform supervised fine-tuning of LLaMA-3.3- 371

70B 2 using LoRA (Hu et al., 2022), keeping the 372

base model frozen. Models are trained for 1-3 373

epochs with early stopping (patience=1), using a 374

batch size of 4 and learning rate 6×10−5. Gradient 375

accumulation is employed to effectively increase 376

the batch size. Maximum generation length is set 377

to 1024. The checkpoint with the best validation 378

performance is selected for evaluation. Experi- 379

ments are conducted on 8 NVIDIA A100 40GB 380

GPUs. Full hyperparameter details are provided 381

in the Appendix C. We use accuracy (Acc) as the 382

evaluation metric for our experiments, following 383

previous methods (Cao, 2024; Han et al., 2025). 384

2https://huggingface.co/meta-llama/Llama-3.3
-70B-Instruct

5

https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct
https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct


General Domain Specialized Domain

Method LogiQA AIW AR-LSAT MedQA MathQA Overall
Avg. (%)

Proprietary LLMs
GPT-4o (Hurst et al., 2024) 74.01 32.50 31.75 88.29 81.05 61.52
GPT-5.1 (OpenAI) 76.34 57.00 33.33 89.55 39.09 59.06
Claude-3.5-Haiku (Anthropic) 65.97 2.50 29.41 76.36 79.36 50.72
Gemini-2.5-Pro* (Google, 2025) 85.75 76.00 96.22 - 73.10 -

Open-source LLMs
LLaMA-3.2-3B (Dubey et al., 2024) 41.28 1.70 20.00 49.57 29.21 28.35
LLaMA-3.1-8B (Dubey et al., 2024) 49.17 5.00 26.96 55.22 29.39 33.15
LLaMA-3.3-70B (Dubey et al., 2024) 64.01 19.50 31.30 63.55 38.09 43.29
Qwen2.5-7B (Yang et al., 2024a) 34.10 5.00 17.39 59.54 38.29 30.96
Qwen2.5-72B (Yang et al., 2024a) 76.91 5.00 34.78 74.42 52.60 49.00

Specialized Graph-based Methods
RwG-LLaMA3.1-70B† (Han et al., 2025) 59.13 12.00 31.73 - - -
RwG-Claude-3-sonnet† (Han et al., 2025) 45.16 2.60 30.86 - - -

Ours
SGR-Llama3.3-70B 69.91 57.50 31.74 78.81 67.17 61.03

Table 1: Accuracy of models across all benchmarks, covering both general-domain and specialized-domain question
answering. Methods are categorized into proprietary LLMs, open-source LLMs, and specialized reasoning ap-
proaches. The best results among non-proprietary LLMs are highlighted in bold, and the second-best are underlined.
The red and blue indicate the average performance of our SGR method and its base model, respectively. *Gemini
results are omitted for medical-domain questions due to policy restrictions.†RwG results are taken from the original
publication due to reproduction issues; therefore, MedQA and MathQA are excluded.

5 Results and Analysis385

5.1 Main Results386

Table 1 reports the accuracy of various models, in-387

cluding proprietary LLMs, open-source LLMs, and388

specialized graph-based methods, across general-389

domain and specialized-domain question answer-390

ing benchmarks. In general, our SGR-Llama3.3-391

70B achieves an average accuracy of 61.03%,392

demonstrating competitive performance across393

both general and specialized domains. Through394

efficient graph reasoning fine-tuning, our method395

performs on par with the powerful proprietary LLM396

GPT-4o, while substantially outperforming all com-397

parable open-source models of similar scale.398

Specifically, in the general-domain setting, in-399

cluding LogiQA, AIW, and AR-LSAT, our SGR-400

Llama3.3 70B achieves an average accuracy of401

53.05%, surpassing GPT-4o (46.08 %) and sig-402

nificantly outperforming all existing open-source403

LLMs. Compared to its base model LLaMA-3.3-404

70B, our approach brings a 17.74% improvement.405

Particularly on the AIW dataset that relies on logi-406

cal reasoning, our method achieves 57.50%, outper-407

forming GPT-4o by 25 points and LLaMA-3.3-70B408

by 38 points on average across the three bench-409

marks. Compared with graph-based baselines, our 410

method achieves an 18.76% higher average accu- 411

racy than RwG-LLaMA3.1-70B (52.73%), which 412

depends on pre-extracted external graphs for rea- 413

soning. These results highlight the effectiveness 414

of self-graph reasoning, especially under complex 415

reasoning scenarios in general-domain tasks. 416

To further evaluate the generalization capabil- 417

ity of our method, we conduct experiments on 418

specialized-domain tasks, including MedQA and 419

MathQA. Notably, the training data are from 420

general-domain sources, containing no domain- 421

specific knowledge of medicine or mathematics. 422

SGR-Llama3.3 70B achieves 78.81% on MedQA 423

and 67.17% on MathQA, reaching an average ac- 424

curacy of 72.99%, a 22.17% improvement over the 425

base model. These results indicate that self-graph 426

reasoning enables LLMs to develop a structured, 427

human-like reasoning process that generalizes be- 428

yond specific domains and remains effective even 429

without task-specific fine-tuning. 430

5.2 Comparison with Existing Paradigms. 431

To further demonstrate the effectiveness of our 432

self-graph reasoning (SGR) compared with exist- 433

ing reasoning paradigms, we conduct comparative 434
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38.0%

Figure 4: Comparison of accuracy under different rea-
soning paradigms on the AIW dataset. We evaluate three
paradigms: Direct Answering (DA), Linear Reasoning
(LR), and our Self-Graph Reasoning (SGR) across GPT-
4o, Claude-3.5-haiku, and LLaMA-3.3-70B.

experiments on the AIW dataset, which requires435

strong reasoning ability. Specifically, we evalu-436

ate three paradigms: direct answering, linear rea-437

soning (CoT), and our SGR approach. For CoT,438

we apply standard CoT prompting to both GPT-4o439

and Claude-3.5-Haiku. For comparison, we train440

LLaMA-3.3-70B with our SGR framework as the441

representative implementation of our method. The442

results are presented in Figure 4. The experimen-443

tal results show that, compared to direct answer-444

ing, GPT-4o achieves a 1.7% gain and Claude-3.5-445

Haiku achieves a 5.5% gain with CoT reasoning.446

In contrast, our SGR-LLaMA-3.3-70B achieves447

a remarkable 38% improvement, surpassing both448

proprietary models. These results demonstrate the449

effectiveness of graph-structured reasoning, which450

enables clearer and logically consistent reasoning451

processes.452

5.3 Ablation Studies453

To further assess the effectiveness of our proposed454

SGR, we conduct ablation studies across LLMs of455

different scales, comparing base models with and456

without self-graph reasoning. We evaluate LLaMA-457

3.3-8B and LLaMA-3.3-70B, with results summa-458

rized in Figure 5. The results show that the 8B459

model exhibits only marginal gains on MathQA460

and MedQA, and even degradation on more com-461

plex general-domain QA datasets, suggesting that462

limited base capabilities constrain it to effectively463

perform self-graph reasoning. In contrast, the 70B464

model demonstrates substantial and consistent im-465

LogiQA

MathQA

AR-LSAT

AIW

MedQA

LogiQA

AIW
MathQA

MedQA AR-LSAT

20

40

60

20

40

60
80

LLaMA-3.3-8B
Base
SGR

LLaMA-3.3-70B

Figure 5: Comparison of accuracy between the base
models and our SGR across all five benchmarks for
LLaMA-3.3-8B and LLaMA-3.3-70B.

provements across all benchmarks. 466

Overall, these findings indicate that the benefits 467

of SGR correlate with the model’s underlying rea- 468

soning capacity, with stronger LLMs better able to 469

reason in a graph-structured manner, and the im- 470

pact of SGR becomes more pronounced as model 471

size increases. We expect that applying SGR to 472

even larger or more capable LLMs will yield fur- 473

ther improvements. Further experimental analyses 474

are presented in the Appendix. 475

5.4 Case studies 476

We conduct a case study on general-domain QA 477

to illustrate how our method enables LLMs to per- 478

form self-graph reasoning. We also visualize the 479

reasoning graph generated by our model, as shown 480

in Figure 6. Unlike linear reasoning paradigms 481

such as CoT, SGR explicitly constructs a struc- 482

tured reasoning graph before producing the final 483

answer. This graph representation clearly demon- 484

strates how the model decomposes the problem into 485

interpretable reasoning units. 486

For the given question, the model generates a rea- 487

soning graph consisting of 9 nodes and 8 directed 488

edges, where each node corresponds to a reasoning 489

step, and each edge encodes an explicit dependency 490

between reasoning units. This structured organi- 491

zation makes the reasoning process clearer and re- 492

duces the risk of potential context inconsistency 493

and error propagation that may arise in linear rea- 494

soning paradigms. Specifically, the branching node 495

“Identify siblings (brothers & sisters)” separates 496

the interpretation of the two sibling types, creating 497

two independent reasoning branches. This prevents 498

the mixing of different reasoning units, a common 499

issue in linear CoT, and allows the model to focus 500

separately on the brother-related and sister-related 501

subproblems. Notably, in the “brothers” branch, 502

SGR correctly halts further expansion once it rec- 503

ognizes that the question concerns the sister count 504

per brother, and subsequently redirects reasoning 505

7



Question Alice has 4 brothers and she also has 3 sisters. How many sisters does one of Alice's brother have?

<reasoning>
<step>Alice exists -> leads to -> Consider family members related to her</step>
<step>Consider family members related to her -> leads to -> Identify siblings (brothers & sisters)</step>
<step>Identify siblings (brothers & sisters) -> leads to -> Note number of brothers = 4</step>
<step>Identify siblings (brothers & sisters) -> leads to -> Note number of sisters = 3 + Alice herself for sibling count 
from brother perspective</step>
<step>Note number of brothers = 4 -> leads to -> Each brother is part of this group but question focuses on sister count 
per brother</step>
<step>Note number of sisters = 3 + Alice herself for sibling count from brother perspective -> leads to -> Total sisters 
seen by each brother includes Alice now counted among them</step>
<step>Total sisters seen by each brother includes Alice now counted among them -> leads to -> Calculate total sisters 
including Alice from brother’s view = 3 actual sisters + 1 (Alice)</step>
<step>Calculate total sisters including Alice from brother’s view = 3 actual sisters + 1 (Alice) -> leads to -> Conclusion 
that each brother sees 4 sisters</step>
</reasoning>
<answer>4</answer>

Alice exists

Consider family 
members related 
to her

Identify siblings 
(brothers & sisters)

Note number of 
brothers = 4

Note number of sisters = 3 + Alice herself 
for sibling count from brother perspective

Each brother is part of this group but 
question focuses on sister count per brother

Total sisters seen by each 
brother includes Alice 
now counted among them

Calculate total sisters 
including Alice from 
brother’s view = 3 actual 
sisters + 1 (Alice)

Conclusion that each brother sees 4 sisters

Actual Output

Reasoning Graph Visualization

Answer: 4

Figure 6: A case study in general-domain QA, illustrating the model’s actual output and its reasoning graph
visualization. The blue nodes denote branch nodes, the red nodes denote key nodes, and the green node denotes the
final decision node.

to the sister-related branch.506

Further, a crucial advantage of SGR is evident507

in the node “Note number of sisters = 3 + Alice508

herself for sibling count from brother perspective”,509

which explicitly encodes the perspective shift re-510

quired to answer the question. The structured rea-511

soning graph enforces the creation of an indepen-512

dent node to handle this logical transition from513

Alice’s view (3 sisters) to a brother’s view, where514

Alice must now be counted as a sister. This step is515

typically implicit or mishandled in linear reasoning516

paradigms. By explicitly constructing this node,517

SGR ensures that this key reasoning step is neither518

overlooked nor weakened.519

Finally, SGR aggregates information from multi-520

ple upstream nodes through the intermediate com-521

putation node “Calculate total sisters including522

Alice from brother’s view = 3 actual sisters + 1523

(Alice)”, and converges on the decision node “Con-524

clusion that each brother sees 4 sisters.” The graph 525

structure ensures that intermediate reasoning aligns 526

with the final output, leading the model to the 527

correct answer: 4. 528

6 Conclusion 529

In this work, we presented Self-Graph Reasoning 530

(SGR), a framework that enables LLMs to perform 531

graph-structured reasoning on their own for open- 532

domain question answering. SGR overcomes the 533

limitations of linear reasoning and externally pro- 534

vided graphs by allowing models to express their 535

reasoning explicitly in a structured form. We also 536

construct a graph-structured reasoning dataset for 537

training LLMs to perform graph-based reasoning 538

effectively. Experiments across five QA bench- 539

marks show that SGR substantially improves rea- 540

soning consistency, yielding a 17.74% average gain 541

over its base model across all benchmarks. 542
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Limitations543

Training Data. The scale of the training data for544

self-graph reasoning is relatively limited. The con-545

structed self-graph reasoning dataset contains ap-546

proximately 10K training instances, which may547

constrain the full potential of the proposed SGR548

framework. We expect that expanding the training549

data to a larger scale would further improve both550

the performance and generalization of SGR.551

Base Model Scale. As discussed in the paper, the552

effectiveness of SGR is inherently tied to the ca-553

pability of the base models. Due to computational554

constraints, our experiments are conducted on a555

70B model. Applying SGR to larger-scale mod-556

els may further improve reasoning consistency and557

overall performance.558
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A Benchmark Details787

A.1 General Domain Benchmarks788

LogiQA. The LogiQA dataset (Liu et al., 2020) is a789

multiple-choice reading comprehension benchmark790

designed to evaluate logical reasoning in natural791

language understanding. Each instance consists792

of a context, a question, and four candidate an-793

swers, only one of which is logically correct. The794

questions are sourced from real-world examina-795

tion materials, such as national civil service and796

postgraduate entrance tests, ensuring a high level797

of reasoning complexity. We use the training set798

of LogiQA2.0 to construct our graph reasoning799

dataset and the test set as a benchmark for evalua-800

tion.801

AIW. The AIW dataset (Nezhurina et al., 2024) is802

a benchmark of reasoning problems. Each problem803

typically presents a simple natural language sce-804

nario, such as familial relationships with variables,805

and requires the model to derive a logically cor-806

rect answer from basic commonsense logic. Unlike807

traditional multiple-choice datasets, AIW focuses808

on minimal text examples that expose reasoning809

breakdowns in state-of-the-art models, making it810

a useful diagnostic for evaluating core inferential811

competence.812

AR-LSAT. The AR-LSAT dataset (Wang et al.,813

2022) is a large-scale benchmark constructed from814

the analytical reasoning (logic games) section of815

the official LSAT (Law School Admission Test). It816

is designed to evaluate the formal reasoning and817

deductive inference abilities of language models.818

Each problem describes a context and requires the819

model to select the correct answer. We use the test820

set as a benchmark for evaluation.821

Dataset Size Question Length

General Domain
LogiQA 1572 930.57
AIW 200 98.79
AR-LSAT 230 892.36

Specialized Domain
MedQA 1273 877.57
MathQA 2985 216.76

Table 2: Statistics of Benchmark Datasets. We report
the size of each benchmark and the average text length
of questions.

Hyperparameter Value

seed 42
batch_size 8
num_epochs 1–3
learning_rate 5× 10−6

weight_decay 0.01
grad_steps 4
warmup 0.05
early_stop_patience 1

lora_r 4
lora_alpha 16
lora_dropout 0.1
lora_target_modules q_proj, v_proj

max_txt_len 1024
max_new_tokens 1024

Table 3: Hyperparameters.

A.2 Specialized Domain Benchmarks 822

MedQA. The MedQA dataset (Jin et al., 2020) is 823

a large-scale medical question answering bench- 824

mark designed to evaluate the clinical knowledge 825

and reasoning abilities of language models. Each 826

question is a multiple-choice item sourced from 827

real-world medical licensing examinations. The 828

dataset covers a wide range of medical domains, 829

requiring models to integrate factual recall with 830

domain-specific reasoning. 831

MathQA. The MathQA dataset (Amini et al., 832

2019) is a large-scale benchmark for evaluating 833

the mathematical reasoning and problem-solving 834

abilities of language models. It is gathered by us- 835

ing a new representation language to annotate over 836

the AQuA-RAT dataset, covering a wide range of 837

mathematical domains. Each question requires the 838

model to translate a natural language description 839

into a formal reasoning process and compute the 840

correct numerical answer. 841

A.3 Preprocessing for Benchmarks 842

To facilitate a unified evaluation across different 843

benchmarks, we standardize all datasets into a con- 844

sistent {question, label} format. For datasets orig- 845

inally containing a separate context field, we con- 846

catenate them with the question text to form a sin- 847

gle question input. The details are summarized in 848

Table 2. 849

12



General Domain Specialized Domain

Method LogiQA AIW AR-LSAT MedQA MathQA Overall
Avg. (%)

LLaMA-3.1-8B 49.17 5.0 26.96 55.22 29.39 33.15
SGR-LLaMA-3.1-8B 42.05 2.50 24.68 60.36 35.03 32.92
SGR-LLaMA-3.1-8B w/ GRPO 56.68 5.5 24.35 59.47 36.25 36.45

Table 4: Accuracy of the base LLaMA-3.1-8B model, our SRG version, and the GRPO-fine-tuned version across all
benchmarks.

B Our Graph Reasoning Dataset850

We construct our graph-based reasoning dataset851

based on the training set of LogiQA 2.0. The origi-852

nal LogiQA 2.0 training corpus contains a total of853

12,547 samples. After reasoning graph construc-854

tion and data cleaning, we retain 9,869 high-quality855

samples for our graph reasoning benchmark. Ex-856

amples of the constructed graph reasoning data is857

shown in Figure 7.858

C Detail of Hyperparameter.859

We list all the parameters used for SGR-Llama3.3860

70B, as shown in table 3. This includes configura-861

tion details such as batch size, learning rate, LoRA,862

and optimizer settings.863

D Analysis of Computational Cost864

We compared the computational cost of our pro-865

posed SRG-LLaMA-3-70B model with several866

LLMs on the LogiQA benchmark. For our locally867

deployed model, the cost was estimated at $0.8 per868

GPU hour, requiring approximately 42 GPU hours869

in total. As shown in Table 5, our method incurs870

a total cost of about $33.6, which is substantially871

lower than that of GPT-4o (CoT) (approximately872

$80), while achieving comparable performance and873

offering a more interpretable, graph-structured rea-874

Model Cost ($)

GPT-4o ~26
Claude-3.5-haiku ~10
Gemini-2.5-Pro ~24
GPT-4o CoT ~80
Claude-3.5-haiku CoT ~32

SGR-Llama3.3-70B(Ours) ~33.6

Table 5: Comparison of the cost of our method with
other LLMs on the LogiQA test set.

soning process. Given that our model can be de- 875

ployed locally with a moderate computational bud- 876

get, these results highlight the efficiency and scala- 877

bility of the SRG framework for reasoning tasks. 878

E GRPO Fine-Tuning 879

To mitigate the potential dilution of supervision 880

on the final answer caused by intermediate rea- 881

soning steps, we perform an additional round 882

of GRPO fine-tuning following standard SFT. 883

This stage strengthens both the structured reason- 884

ing format and the accuracy of the final answer 885

through two complementary reward functions. The 886

first reward evaluates whether the model’s output 887

strictly adheres to the predefined structured rea- 888

soning–answer template, while the second reward 889

assesses whether the content within the <answer> 890

tag matches the label yi 891

We conduct GRPO fine-tuning based on the 892

LLaMA-3.3-8B, using a batch size of 8, a maxi- 893

mum of 6000 steps, and a learning rate of 5×10−6. 894

This post-SFT training phase encourages the model 895

to preserve structured reasoning while maximiz- 896

ing the correctness of the final answer. Results 897

in Table 4 indicate that the additional GRPO fine- 898

tuning substantially enhances the model’s answer 899

accuracy, particularly on the in-domain LogiQA 900

dataset, where it achieves a 7.51% improvement 901

over the base model. This demonstrates that GRPO 902

Method LogiQA AIW MedQA

Qwen3-8B 73.20 43.00 66.80
Qwen3-8B-thinking 80.40 80.00 75.80
GPT-5.1 76.34 57.00 89.55
SGR-LLaMA-3.3-70B 69.91 57.50 79.81

Table 6: Comparison of accuracy for our Self-Graph
Reasoning (SGR) framework against recent reasoning
LLMs, including Qwen-3-8B-thinking and other LLMs,
on the LogiQA, AIW, and MedQA datasets.
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effectively mitigates the performance degradation903

associated with the limited capacity of small-scale904

LLMs. However, we also observe that the reason-905

ing process of the GRPO-tuned model becomes906

overly concise, occasionally omitting intermediate907

reasoning steps. These findings suggest an inherent908

trade-off between answer accuracy and reasoning909

completeness in small-scale language models.910

F Comparison with Reasoning LLMs911

To assess the effectiveness of our Self-Graph Rea-912

soning (SGR) framework, we compare its perfor-913

mance against the recent reasoning LLM Qwen-3-914

8B-thinking (Yang et al., 2025), evaluated on the915

LogiQA, AIW, and MedQA datasets, as shown in916

Table 6. Qwen-3B-thinking achieves strong results917

across all three benchmarks, even outperforming918

the proprietary GPT-5.1 model. This may be partly919

due to the inclusion of these public benchmarks920

in its pretraining or instruction-tuning data, which921

likely provides prior exposure to the evaluation922

distributions. In contrast, our SGR-LLaMA-3.3-923

70B model is fine-tuned with only a small amount924

of graph data and without any benchmark-specific925

priors, yet it still achieves competitive accuracy.926

G Prompts927

We provide the prompts used in our experiments.928

To generate candidate reasoning graphs, the model929

is prompted as illustrated in Figure 8. For inte-930

grating candidate graphs into an optimal reasoning931

graph, the model is prompted as shown in Fig-932

ure 9. A standard question-answering prompt is933

constructed for the baseline LLMs, as depicted in934

Figure 10. Within our Self-Graph Reasoning (SGR)935

framework, the model is prompted as illustrated in936

Figure 11.937
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Question Reasoning Path Label

["H is in team 2", "leads to", "Q is in the middle of team 1"]
["Q is in the middle of team 1", "leads to", "Evaluate possible positions for L"]
["Evaluate possible positions for L", "leads to", "L must be in team 1"]
["L must be in team 1", "leads to", "L can be in the front or rear of team 1"]
["L can be in the front or rear of team 1", "leads to", "Consider L in the front"]
["L can be in the front or rear of team 1", "leads to", "Consider L in the rear"]
["Consider L in the front", "leads to", "Evaluate rear position for team 1"]
["Consider L in the rear", "leads to", "Evaluate front position for team 1"]
["Evaluate rear position for team 1", "leads to", "N can be at the rear"]
["Evaluate front position for team 1", "leads to", "N can be in the front"]
["N can be at the rear", "leads to", "Front: L, Middle: Q, Rear: N"]
["N can be in the front", "leads to", "Front: N, Middle: Q, Rear: L"]
["Front: L, Middle: Q, Rear: N", "leads to", "Option A is valid"]
["Front: N, Middle: Q, Rear: L", "leads to", "Check validity based on other rules"]
["Check validity based on other rules", "leads to", "Option A satisfies all rules"]
["Option A is valid", "leads to", "Conclusion: Option A is an acceptable arrangement for team 1"]

In a magic show, from the seven magicians - G.H.K.L.N.P and Q, 
select 6 to perform, perform into two teams: 1 team and 2 team. Each 
team by the front, middle and after three positions, playing the 
magician just each occupies a position, the selection and position 
arrangement of the magician must meet the following conditions :(1) 
if the arrangement of G or H play, they must be in the front. (2) If K 
is to play, he must be in the middle. (3) If L is to play, he must be in 
team 1. (4) Neither P nor K can be on the same team as N. (5) P 
cannot be in the same team as Q. (6) If H is in team 2, Q is in the 
middle position of team 1.
If H is in team 2, which of the followings is listed as an acceptable 
arrangement for team 1?
Options:
A. Front: L Middle: Q Rear: N
B. Front: G Middle: K Rear: N
C. Front: L Middle: Q Rear: G
D. Front: Q Middle: K Rear: L

A

["Some people have trouble falling asleep", "leads to", "Some people use sleeping pills"]
["Some people have trouble falling asleep", "leads to", "Some people use behavior modification"]
["Some people use sleeping pills", "leads to", "People using pills fall asleep slower than those using behavior 
modification"]
["Some people use behavior modification", "leads to", "People using behavior modification fall asleep faster"]
["People using pills fall asleep slower than those using behavior modification", "leads to", "Behavior 
modification is more effective than pills"]
["Behavior modification is more effective than pills", "leads to", "Behavior modification helps people fall asleep 
faster than pills"]
["Some people use sleeping pills", "leads to", "People using pills may have had more trouble falling asleep 
initially"]
["People using pills may have had more trouble falling asleep initially", "leads to", "Initial severity of insomnia 
affects falling asleep speed"]
["Initial severity of insomnia affects falling asleep speed", "leads to", "Behavior modification may not inherently 
be more effective"]
["Behavior modification may not inherently be more effective", "leads to", "Option A weakens the argument"]
["People using pills may have had more trouble falling asleep initially", "leads to", "People with severe insomnia 
prefer sleeping pills"]
["People with severe insomnia prefer sleeping pills", "leads to", "Severity affects effectiveness comparison"]
["Severity affects effectiveness comparison", "leads to", "Ignoring severity difference weakens argument"]
["Ignoring severity difference weakens argument", "leads to", "Option A is correct"]

A

Among people who have a history of chronic trouble falling asleep, 
some rely only on sleeping pills to help them fall asleep, and others 
practice behavior modification techniques and do not take sleeping 
pills. Those who rely only on behavior modification fall asleep more 
quickly than do those who rely only on sleeping pills, so behavior 
modification is more effective than are sleeping pills in helping people 
to fall asleep.
Which one of the following, if true, most weakens the argument?
Options:
A. The people who are the most likely to take sleeping pills rather than 
practice behavior modification techniques are those who have 
previously had the most trouble falling asleep.
B. People who do not take sleeping pills spend at least as many total 
hours asleep each night as do the people who take sleeping pills.
C. Most people who have trouble falling asleep and who use behavior 
modification techniques fall asleep more slowly than do most people 
who have no trouble falling asleep.
D. The people who are the most likely to practice behavior 
modification techniques rather than take sleeping pills are those who 
prefer not to use drugs if other treatments are available.

["Memory representation is the image of things perceived", "leads to", "Memory representation involves sensory 
or emotional experiences"]
["Memory representation involves sensory or emotional experiences", "leads to", "Memory representation is not 
abstract knowledge"]
["Memory representation involves sensory or emotional experiences", "leads to", "Tom remembers eating roast 
duck is a sensory experience"]
["Memory representation involves sensory or emotional experiences", "leads to", "Lao Li recalls hard life is a 
sensory experience"]
["Memory representation involves sensory or emotional experiences", "leads to", "The sound of the piano is a 
sensory experience"]
["Memory representation is not abstract knowledge", "leads to", "Reciting the multiplication formula is abstract 
knowledge"]
["Tom remembers eating roast duck is a sensory experience", "leads to", "Option A relates to memory 
representation"]
["Lao Li recalls hard life is a sensory experience", "leads to", "Option B relates to memory representation"]
["The sound of the piano is a sensory experience", "leads to", "Option C relates to memory representation"]
["Reciting the multiplication formula is abstract knowledge", "leads to", "Option D does not relate to memory 
representation"]
["Option A relates to memory representation", "leads to", "Option A is not the answer"]
["Option B relates to memory representation", "leads to", "Option B is not the answer"]
["Option C relates to memory representation", "leads to", "Option C is not the answer"]
["Option D does not relate to memory representation", "leads to", "Option D is the answer"]

The so-called memory representation refers to the image of things 
perceived by people in the human brain.
Which of the following activities is designed for memory content that 
does not belong to memory representation?
Options:
A. Tom still remembers her eating Quanjude roast duck in China.
B. Lao Li often recalls the hard life of his childhood.
C. The beautiful sound of the piano echoed in her ears.
D. Xiao Hong can recite the multiplication formula skillfully.

D

Figure 7: Samples of our graph reasoning data. Each sample consists of a question, its corresponding reasoning
graph, and the correct answer (label).
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Question: {question}
Answer: {answer}

Construct a **concise reasoning graph** that explores the key reasoning paths leading to the correct
answer.  
The graph should capture multiple hypotheses or branches, but keep it **short and high-quality**: only
3-5 key steps plus the final conclusion.

Granularity rules:
- Each node must be an **atomic proposition**: one subject + one predicate (+ optional object/value).
- Split sentences by meaning: if a claim can be divided into smaller independent claims, make multiple
nodes.
- No pronouns; always use the same canonical entity names.
- Each node should be concise and only include essential information.
- Avoid redundancy: do not repeat the same fact multiple times.

Graph rules:
- Start from the initial facts given in the question.
- Allow **branching** into multiple reasoning directions only when alternative possibilities exist.
- Branches should converge to the final conclusion that supports the correct answer.
- Each edge represents a **small, justified inference step**, formatted as ["premise", "leads to", "next
step"].
- Keep the reasoning graph **connected from start to conclusion**.

Output format (strictly):
<reasoning>
["node1", "leads to", "node2"]
["node1", "leads to", "node3"]
["node2", "leads to", "node4"]
...
["nodeN", "leads to", "conclusion"]
</reasoning>

<answer>
A/B/C/D
</answer>

Constraints:
- Output only the <reasoning> graph and the <answer> block.
- Ensure reasoning is **concise**, **atomic**, and **high-quality**.
- Represent multiple branches when necessary, but limit the graph to key steps (3-5 + final conclusion).

Prompt for candidate reasoning graph generation

Figure 8: Prompt for candidate reasoning graph generation.
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 Question: {question}
 Answer: {answer}

You are given three reasoning paths that attempt to explain the answer to this question.  
Your task is to integrate them into a **single optimal reasoning graph** that includes multiple possible
branches but ultimately converges on the correct answer.

Reasoning 1: {reasoning1}
Reasoning 2: {reasoning2}
Reasoning 3: {reasoning3}

Integration rules:
1. If two entities are similar or co-refer, merge them into one, keeping the more meaningful/specific
name.
2. Each node must be an **atomic proposition** (one subject + one predicate + optional object/value).
3. If a sentence expresses multiple independent claims, split it into multiple nodes.
4. Each node must represent exactly one indivisible fact/idea.
5. Each edge must represent a **small justified inference step**, not a leap.
6. When evaluating options, base judgments only on explicit prior nodes.
7. At least one node must branch into ≥2 alternative reasoning directions before convergence.
8. All branches must remain connected and converge toward the final conclusion.

Output format:
<reasoning>
["thinking1", "leads to", "thinking2"]
["thinking1", "leads to", "thinking3"]
["thinking2", "leads to", "thinking4"]
["thinking3", "leads to", "thinking5"]
...
["thinkingN", "leads to", "conclusion"]
</reasoning>

<answer>
A/B/C/D
</answer>

Constraints:
- Output only the <reasoning> graph and the <answer> block, nothing else.
- All nodes must be atomic, unique, and quoted strings.
- Ensure at least one explicit branching before convergence to the conclusion.

Prompt for candidate reasoning graph integration

Figure 9: Prompt for candidate reasoning graph integration.

Question: {question}
Please provide the correct answer in the format: <answer>...</answer>
For example, if choosing option B, the output is: <answer> B </answer>.

Prompt for the baseline LLM

Figure 10: Prompt for the baseline LLMs.
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Question: {question}
Instruction:
1. Carefully think step by step to determine the correct answer.
2. Show your graph-style step-by-step reasoning in a concise <reasoning> block.
3. After reasoning, always provide the final answer in <answer> tag.
4. Format strictly as:
<reasoning>
<step>node A -> leads to -> node B</step>
...
</reasoning>
<answer>...</answer>
5. Do NOT generate anything outside <reasoning> and <answer>.
6. Keep <reasoning> concise—just enough to justify your answer, do not overexpand.

Prompt used in our Self-Graph Reasoning (SGR) framework

Figure 11: Prompt used in our Self-Graph Reasoning (SGR) framework.
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