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Abstract001

Large Language Models (LLMs), despite their002
success in question answering, exhibit limita-003
tions in complex multi-hop question answer-004
ing (MQA) tasks that necessitate non-linear,005
structured reasoning. This limitation stems006
from their inability to adequately capture deep007
conceptual relationships between entities. To008
overcome this challenge, we present ORA-009
CLE (Ontology-driven Reasoning And Chain010
for Logical Elucidation), a training-free frame-011
work that combines LLMs’ generative capabil-012
ities with the structural benefits of knowledge013
graphs. Our approach operates through three014
stages: (1) dynamic construction of question-015
specific knowledge ontologies using LLMs, (2)016
transformation of these ontologies into First-017
Order Logic (FOL) reasoning chains, and (3)018
systematic decomposition of the original query019
into logically coherent sub-questions. Exten-020
sive experiments across a diverse set of models021
and standard MQA benchmarks demonstrate022
that our framework achieves competitive per-023
formance while producing more interpretable024
reasoning chains.025

1 Introduction026

Large Language Models have demonstrated sig-027

nificant success in knowledge-based question an-028

swering (Brown et al., 2020; DeepSeek-AI, 2025;029

Yang et al., 2025). However, they continue to face030

challenges in MQA tasks (Wang et al., 2024; Shao031

et al., 2023a), which require integrating and rea-032

soning over multiple, discrete sources of informa-033

tion. A significant challenge, as highlighted in Ju034

et al. (2024), is that LLMs tend to rely on guess-035

ing derived from training data rather than actually036

reasoning in MQA tasks. Therefore, the key lies037

in advancing beyond the generation of factually038

correct chains toward empowering LLMs to un-039

cover and leverage deeper conceptual relationships040

between entities—a capability essential for true041

multi-hop understanding.042

Recent research on MQA has predominantly fo- 043

cused on two paradigms: prompting strategies and 044

Retrieval-Augmented Generation (RAG). Standard 045

RAG approaches often falter in MQA as they strug- 046

gle to retrieve all necessary information fragments 047

in a single pass. Iterative retrieval methods like Re- 048

Act (Yao et al., 2023) and EfficientRAG (Zhuang 049

et al., 2024) address this by progressively refining 050

the retrieved results. Specifically, EfficientRAG 051

employs a smaller model as an evaluator and re- 052

trieval generator to streamline the process with- 053

out constant reliance on a large model. Another 054

line of methods, exemplified by PAR-RAG (Zhang 055

et al., 2025), centers on upfront problem decom- 056

position to facilitate more globally coherent so- 057

lution planning. Concurrently, researchers have 058

proposed leveraging Knowledge Graphs (KGs) to 059

represent the MQA reasoning process, capitalizing 060

on their structured nature. Among these studies, 061

LPKG (Wang et al., 2024) utilizes inherent patterns 062

within a KG to guide the LLM’s decomposition and 063

planning, while ROG (Luo et al., 2024a) uses rea- 064

soning paths from KG subgraphs to direct retrieval 065

and problem-solving. 066

While these KG-based methods show promise, 067

we argue that relying on predefined structural paths 068

is insufficient. A potential limitation of existing 069

LLM-based approaches is their tendency to focus 070

on surface entity mentions, which may lead to over- 071

looking the underlying attributes and inter-relations 072

necessary for compositional reasoning. We posit 073

that the essence of complex reasoning lies not only 074

in the relationships between entities but also in the 075

“concepts" they belong to and the hierarchical rela- 076

tionships between these concepts. To this end, we 077

introduce ORACLE, a training-free MQA frame- 078

work centered on a Question-centric Knowledge 079

Graph Ontology. Instead of using static KG paths 080

or requiring model fine-tuning, our framework dy- 081

namically constructs a bespoke ontology for each 082

question using a powerful LLM. This ontology pro- 083
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vides a structured semantic scaffold, capturing the084

core entities, their interrelations, and underlying085

conceptual hierarchies, thereby guiding the LLM’s086

reasoning process.087

ORACLE operates in three sequential stages:088

(1) ontology construction, (2) First-Order Logic089

(FOL) formulation, and (3) sub-question decom-090

position. First, the LLM dynamically constructs a091

question-centric knowledge ontology. This ontol-092

ogy delineates the key entities within the question093

and their underlying conceptual relationships, es-094

tablishing a structured foundation for the reasoning095

process. Subsequently, this ontology facilitates the096

translation of the original question into a formal097

FOL reasoning chain. This logical structure makes098

the required inferential steps explicit. In the final099

stage, guided by both the knowledge ontology and100

the FOL chain, the LLM systematically decom-101

poses the complex initial query into a sequence of102

simpler, logically coherent sub-questions.103

To sum up, our key contributions are as follows:104

• We apply ontology theory from knowledge en-105

gineering to guide LLM reasoning. By dynam-106

ically constructing a Question-centric Knowl-107

edge Ontology, we enhance sub-problem de-108

composition for MQA tasks.109

• We propose ORACLE, a training-free MQA110

framework that integrates ontological reason-111

ing with FOL, achieving competitive perfor-112

mance on standard benchmarks.113

• Our analysis demonstrates that ORACLE gen-114

erates more interpretable reasoning chains115

than path-pattern approaches, providing new116

insights into LLM MQA reasoning.117

2 Related Work118

Multi-Hop Question Answering Early MQA119

research relied on Graph Neural Networks (Fang120

et al., 2020; Zhang et al., 2022; Li et al., 2022),121

though these methods were often limited by dataset-122

specific training. The advent of LLMs shifted123

the paradigm toward in-context learning (Wei124

et al., 2022) and Retrieval-Augmented Genera-125

tion (RAG), with recent works optimizing re-126

trieval through iterative feedback (Yao et al., 2023;127

Zhuang et al., 2024). Another prominent direction128

is question decomposition, where approaches like129

PAR-RAG (Zhang et al., 2025) break down com-130

plex questions into sub-plans, and LPKG (Wang131

et al., 2024) learns decomposition strategies from132

knowledge graphs (KGs). Our work advances this 133

research on question decomposition. Instead of 134

learning patterns from a static KG, we leverage 135

knowledge representation principles to dynami- 136

cally generate an ontology that structures the ques- 137

tion into a logical chain. 138

KG-enhanced LLMs Knowledge Graphs (KGs) 139

are widely used to provide structured, factual 140

grounding for LLMs. One prominent line of re- 141

search integrates KGs directly into the LLM infer- 142

ence process, for instance by augmenting context 143

with retrieved triples (TOG (Sun et al., 2024)), gen- 144

erating relation-aware plans to mitigate hallucina- 145

tion (ROG (Luo et al., 2024a)), or constraining the 146

decoding process with KG paths to ensure faith- 147

ful reasoning (GCR (Luo et al., 2024b)). Another 148

direction utilizes KGs to synthesize high-quality 149

reasoning data for model fine-tuning, as demon- 150

strated by MedReason (Wu et al., 2025) and On- 151

toTune (Liu et al., 2025). While our work is con- 152

ceptually aligned with methods like LPKG (Wang 153

et al., 2024) that use KG structures for task decom- 154

position, our key distinction is the dynamic use of 155

KG schema. Rather than relying on static KG pat- 156

terns, our framework constructs a question-centric 157

ontology on-the-fly to guide the LLM’s reasoning 158

process. 159

First-Order Logic (FOL) Integrating LLMs 160

with First-Order Logic (FOL) generally involves 161

translating language for symbolic reasoners (Ye 162

et al., 2023; Pan et al., 2023) or enhancing intrinsic 163

reasoning via fine-tuning (Xu et al., 2024; Mor- 164

ishita et al., 2024). However, these methods often 165

struggle to capture complex real-world nuances be- 166

yond formal logic. In Knowledge Graphs, Complex 167

Query Answering (CQA) uses FOL embeddings 168

for reasoning (Ren et al., 2020), yet these execution- 169

centric models rely on fixed query structures and 170

lack the interface for autonomous formula construc- 171

tion, necessitating “abductive reasoning” (Bai et al., 172

2025). We propose a dynamic query planner that, 173

unlike traditional CQA, leverages LLMs to dynam- 174

ically construct ontologies and FOL chains. By 175

synergizing logical rules with structured knowl- 176

edge, our approach effectively handles complex 177

queries without predefined schemas. 178

3 Preliminary 179

This section introduces the core terminology used 180

in this paper. 181
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Figure 1: Overview of Our Proposed ORACLE Framework, Which Consists of Three Modules: (1) Dynamic
Construction of Question-Specific Knowledge Ontologies Using LLMs, (2) Transformation of These Ontologies
into FOL Reasoning Chains, and (3) Systematic Decomposition of the Original Query into Logically Coherent
Sub-Questions.

• Knowledge Graph (KG, G): A structured182

representation of factual knowledge, formally183

defined as a directed graph G ⊆ E ×R× E.184

• Ontology (O): A formal specification that185

defines the schema of a KG, including classes,186

relations, and their constraints, providing a187

structured scaffold for reasoning.188

• Class and Instance (C): Classes group enti-189

ties with common characteristics (e.g., Person,190

Location). The predicate type(e, c) asserts191

that an entity e ∈ E is an instance of class192

c ∈ C.193

4 Methodology194

Our framework for MQA (Figure 1) has three195

stages: Ontology Extraction, FOL Construction,196

and Sub-question Decomposition. First, an LLM197

extracts a question-specific ontology from the198

query. This ontology is then used to construct199

a FOL formula. Finally, the FOL formula de-200

composes the complex query into simpler sub-201

questions, which are executed to derive the final202

answer. Throughout this section, we use the opera-203

tor ⊕ to denote prompt concatenation.204

4.1 Ontology Extraction205

Why Ontology is Necessary Direct decoding 206

often relies on token-level similarity, leading to er- 207

rors such as aligning The Blonde from Singapore 208

with The Blonde from Peking (Appendix A.5), a 209

phenomenon we call logicalized semantic drift. In- 210

troducing a lightweight ontology mitigates this is- 211

sue by enforcing type constraints, relational consis- 212

tency, and path stability, thereby reducing semantic 213

drift and providing a global structural scaffold for 214

FOL construction. 215

Ontology Extraction The initial stage, Ontol- 216

ogy Extraction, aims to construct a lightweight, 217

question-specific ontology, denoted as OQ, from 218

the natural language question Q. This process is 219

driven by an LLM that functions as a knowledge ex- 220

tractor. Unlike traditional methods that focus solely 221

on identifying entities (E) and relations (R), our ap- 222

proach emphasizes the extraction of the underlying 223

entity classes (C). This class-centric ontology, OQ, 224

serves as a critical semantic and structural guide 225

for subsequent reasoning steps. To further improve 226

the model’s planning, we also instruct the LLM to 227

predict the class of the final answer. This extraction 228

process is formally represented as: 229

OQ = (CQ, RQ) = fLLM(Q) 230

Here, CQ ⊆ C is the set of relevant classes and 231

their corresponding entities, and RQ ⊆ R is the set 232
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of relations that guides the decomposition process.233

For instance, as illustrated in Figure 1, given234

the question Q = “What government followed235

the monarch who retranslated the Reflections into236

French from the country that allied with America237

after the Battle of Saratoga?”, this stage extracts:238

▶ Classes and Entities (CQ):

type(The Reflections, Book),

type(m,Monarch),

type(c, Country),

type(Saratoga, Battle),

type(ans,Government)

239

where m, c, and ans are variables. Notably, ans240

denotes the final answer entity (the Government).241

▶ Relations (RQ):

Monarch : m
retranslated−−−−−−−→ Book : The Reflections

Monarch : m
rulerOf−−−−→ Country : c;

Country : c
followed−−−−−→ Government : ans;

Country : c
alliedWith−−−−−−→ Country:America;

Battle:Saratoga finished−−−−−→ Country:America.
242

This structure corresponds to the ontology graph243

shown in Figure 1, where nodes denote classes244

and instantiated entities, and directed edges denote245

relations among them.246

4.2 FOL Construction247

In the FOL Construction stage, the framework248

converts the extracted ontology OQ into a pre-249

cise and interpretable FOL formula, denoted as250

Φ. This transformation methodically maps the on-251

tology’s components into a logical structure: re-252

lations r ∈ RQ become predicates, while entity253

classes c ∈ CQ enforce type constraints on the vari-254

ables. The output is a formal logical expression of255

the original question Q, complete with existential256

quantifiers (∃) and a designated answer variable.257

As illustrated in Figure 1, the question Q is trans-258

formed into the following formula Φ, accompanied259

by type declarations. The predicate names in the260

example are aligned with the ontology graph for261

clarity.262

▶ Type Constraints:

type(m,Monarch),

type(c, Country),

type(ans,Government)

▶ FOL Formula:

Φ =∃ ans,m, c

∧ retranslated(m,The Reflections, F rench)

∧ rulerOf(m, c)

∧ alliedWith(c, America)

∧ finished(Saratoga,America)

∧ followed(c, ans)
263

For instance, the clause rulerOf(m, c) uses the 264

predicate rulerOf to link the variables m and c, 265

which are constrained by the types Monarch and 266

Country, respectively. This demonstrates how the 267

logical formula directly mirrors the structure of the 268

extracted ontology, thereby aiding in the decompo- 269

sition of the question. 270

4.3 Sub-question Decomposition 271

The final stage, Sub-question Decomposi- 272

tion, breaks down the complex query into an 273

ordered sequence of simpler sub-questions 274

{Q1, Q2, . . . , Qn}. To achieve this, we leverage 275

the instruction-following capabilities of an LLM. 276

The model is provided with the original question 277

Q, the extracted ontology OQ, and the generated 278

FOL formula Φ. Guided by this rich context, 279

particularly the logical structure of Φ, the LLM 280

formulates a multi-step reasoning plan. Each step 281

in this plan becomes a distinct natural language 282

sub-question, Qi. A key feature is the use of 283

placeholders to dynamically insert answers from 284

preceding steps into subsequent ones, forming a 285

coherent reasoning chain. This decomposition is 286

formally represented as: 287

{Q1, Q2, . . . , Qn} = gLLM(Q,OQ,Φ) 288

These sub-questions are then executed sequentially 289

to derive the final answer. For each step i, the 290

sub-question Qi is first reformulated into Q′
i by in- 291

corporating prior answers A<i = {A1, . . . , Ai−1}. 292

A retriever, R, fetches relevant context based on 293

this prompt, where Ci = R(Q′
i). Finally, an 294

LLM generates the answer for the current step, 295

Ai = LLM(Q′
i, Ci). This continues until the final 296

sub-question, Qn, is solved, returning its answer 297

An as the final answer ŷ to the original query. The 298
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Algorithm 1 Our proposed ORACLE framework
Input: Input question Q, Large Language Model
LLM, RetrieverR, Ontology Prompt POnto, FOL
Prompt PFOL, Decomposition Prompt PDecomp

Output: Final answer, ŷ
1: OQ ← LLM([POnto ⊕Q])
2: Φ← LLM([PFOL ⊕OQ])
3: {Q1, . . . , Qn} ← LLM([PDecomp ⊕ Q ⊕

OQ ⊕ Φ])
4: Aans ← []
5: for i = 1 to n do
6: Q′

i ← substitute(Qi, Aans)
7: ansi ← LLM([R(Q′

i)⊕Q′
i])

8: Append ansi to Aans

9: end for
10: ŷ ← Aans[n] ▷ Return the final sub-answer
11: return ŷ

overall algorithm of our proposed ORACLE frame-299

work is shown in Algorithm 1.300

5 Experiments301

In this section, we evaluate the performance of our302

method on three datasets. Furthermore, we analyze303

the characteristics of MQA problems and conduct304

detailed analysis to demonstrate the effectiveness305

of our approach.306

5.1 Experimental Setup307

5.1.1 Datasets.308

We conducted experiments on the following309

three MQA datasets: HotPotQA (Yang et al.,310

2018), 2WikiMQA (Ho et al., 2020a), and311

MuSiQue (Trivedi et al., 2022). Similar to the312

previous methods (Wang et al., 2024; Shao et al.,313

2023b), we sampled 500 questions from the devel-314

opment set of each dataset. More Datasets details315

are provided in the Appendix.316

5.1.2 Baselines.317

We compare our framework to various baselines:318

NoCoT: The LLM is instructed to directly an-319

swer the input question without additional reason-320

ing. CoT: Following Chain-of-Thought (Wei et al.,321

2022), we instruct the LLM to “Think step by322

step" before providing the final answer. RAG: The323

prompt sent to the LLM includes both the original324

question and retrieved information related to it. Re-325

Act: The ReAct approach (Yao et al., 2023) guides326

an LLM to solve problems by cyclically generating327

CoTs along with an action using external tools. The328

results of prior cycles are utilized in the next cycle. 329

LPKG: This method creates code-formatted plan- 330

ning demonstrations by verbalizing logical patterns 331

from a KG (Wang et al., 2024). 332

5.1.3 Implementation Details. 333

Unless specified otherwise, we utilized gpt-3.5- 334

turbo1 as the backbone LLM. For non-retrieval 335

baselines, we enforced standardized output format- 336

ting, including for the DeepSeek-R12 variant. All 337

retrieval-based methods (ReAct, LPKG, and OR- 338

ACLE) shared a unified retriever module. Specif- 339

ically, both ReAct and LPKG employed gpt-3.5- 340

turbo, with LPKG serving as a robust in-context 341

learning baseline. Code and additional materi- 342

als are available at https://anonymous.4open. 343

science/r/ORACLE-2D34. 344

5.1.4 Evaluation Metrics 345

We used Exact Match (EM) and F1 Score as evalua- 346

tion metrics across all MQA datasets. Both metrics 347

first apply a normalization step that ensures a fair 348

and case-insensitive comparison. 349

5.2 Experiment Results 350

The results in Table 1 show that ORACLE achieves 351

state-of-the-art or highly competitive performance 352

across HotPotQA, 2WikiMQA, and MuSiQue, with 353

the highest average EM score of 0.340. On Hot- 354

PotQA, ORACLE attains the best EM (0.396), 355

while RAG achieves a slightly higher F1; this is ex- 356

pected since many HotPotQA questions are pseudo 357

multi-hop and can often be answered correctly once 358

ample context is provided. The advantage of OR- 359

ACLE is most evident on 2WikiMQA, where it 360

sets a new state-of-the-art (EM 0.468 / F1 0.547), 361

and it also secures the top EM score on the more 362

challenging MuSiQue dataset. 363

Compared with existing approaches such as 364

CoT, ReAct, and LPKG, our method demonstrates 365

stronger robustness: unlike these baselines, which 366

suffer from either lack of knowledge grounding, 367

error propagation, or rigid planning, ORACLE 368

consistently achieves the highest EM score across 369

datasets thanks to its ontology-driven planning and 370

decomposition strategy. 371

6 Analysis 372

In this section, we conduct experiments to analyze 373

the contributions of different components in our ap- 374

1The specific model version we use is gpt-3.5-turbo-0125.
2The specific model version we use is DeepSeek-R1-0528.
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Method Model Planning
HotPotQA 2WikiMQA MuSiQue Average

EM F1 EM F1 EM F1 EM F1

NoCoT gpt-3.5-turbo ✘ 0.306 0.429 0.271 0.316 0.058 0.162 0.212 0.302
CoT gpt-3.5-turbo ✘ 0.222 0.336 0.168 0.262 0.052 0.134 0.147 0.244
RAG gpt-3.5-turbo ✘ 0.383 0.521 0.369 0.448 0.133 0.237 0.295 0.402
ReAct gpt-3.5-turbo ✔ 0.317 0.411 0.312 0.387 0.136 0.220 0.255 0.339
LPKG gpt-3.5-turbo ✔ 0.364 0.510 0.379 0.452 0.142 0.236 0.295 0.399

NoCoT DeepSeek-R1 ✘ 0.384 0.515 0.442 0.534 0.143 0.267 0.323 0.439

ORACLE gpt-3.5-turbo ✔ 0.396 0.518 0.468 0.547 0.156 0.242 0.340 0.436

Table 1: Main results on multi-hop QA benchmarks. Our proposed method, ORACLE, is compared against baselines
on HotPotQA, 2WikiMQA, and Musique using GPT-3.5-Turbo. The “Planning” column indicates whether a method
explicitly plans its reasoning steps (✔) or not (✘). Bold values mark the best performance, excluding the reference
row (∗). The DeepSeek-R1 row, shown in gray text, is for contextual reference only and is not part of the primary
comparison.

proach and further explore the factors influencing375

complex reasoning problems involving common-376

sense.377

6.1 What is the contribution of each378

component?379

To ascertain the contribution of our method’s core380

components, we conduct an ablation study on the381

HotPotQA dataset. We individually remove two382

key modules: (1) Entity and Relation Extraction383

(corresponding to w/o Ontology) and (2) Logi-384

cal Analysis (corresponding to w/o FOL). Table 2385

shows the results, where ORACLE represents our386

full model.387

Dataset Method EM F1

HotPotQA
w/o Ontology 0.338 0.424
w/o FOL 0.304 0.408
ORACLE 0.396 0.518

2WikiMQA
w/o Ontology 0.434 0.453
w/o FOL 0.446 0.472
ORACLE 0.468 0.547

MuSiQue
w/o Ontology 0.115 0.217
w/o FOL 0.108 0.213
ORACLE 0.156 0.242

Table 2: Ablation study results across HotPotQA,
2WikiMQA, and MuSiQue datasets.

The ablation study confirms the critical synergy388

between logical structure and ontological ground-389

ing. Removing the Logical Analysis Module (w/o 390

FOL) leads to the most pronounced performance 391

degradation on complex multi-hop datasets such as 392

HotPotQA and MuSiQue. This result underscores 393

the necessity of structured planning for navigat- 394

ing deep reasoning chains. Meanwhile, ablating 395

the Entity and Relation Extraction Module (w/o 396

Ontology) universally impairs results and proves 397

even more detrimental than the removal of FOL on 398

2WikiMQA. These findings highlight that explicit 399

entity anchoring is indispensable for mitigating hal- 400

lucinations, particularly in entity-centric reasoning 401

tasks. 402

6.2 Fine-grained Comparison 403

compositional comparison bridge_comparison inference0.2

0.3

0.4

0.5

0.6

0.7

0.8

F1
 S

co
re

0.363

0.600

0.282

0.230

0.417

0.481
0.511

0.357

0.476

0.681

0.601

0.415

0.313

0.748

0.697

0.622

ReAct
LPKG
ORACLE
NoCoT(ds)*

Figure 2: Fine-Grained Performance Analysis on
2WikiMQA by Reasoning Type. The Metric Shown
Is F1 Score. NoCoT (ds)∗ Is Included for Reference
Only, Where “ds” Denotes DeepSeek-R1.

To pinpoint the specific advantages of our 404

method, we conduct a fine-grained performance 405

analysis on the 2WikiMQA dataset, categorizing 406

questions into four types. The results are shown in 407

6



Figure 2.408

Across all categories, our method, ORACLE,409

consistently outperforms the other planning-based410

methods, ReAct and LPKG. The advantage is ob-411

served on Compositional questions, where ORA-412

CLE achieves the highest F1 score (0.476), un-413

derscoring the effectiveness of its planning and414

decomposition strategy. For more complex reason-415

ing tasks such as Comparison, Bridge-Comparison,416

and Inference, ORACLE maintains a strong lead417

over other planning methods. While the NoCoT418

(ds) reference indicates the upper-bound perfor-419

mance on MQA tasks, our method’s consistent420

top-ranking performance among planning-based421

approaches highlights its robustness and superior422

reasoning capabilities across a diverse set of chal-423

lenges.424

6.3 Impact of Reasoning Path Quality on425

Performance426

To quantitatively assess the quality of the gener-427

ated reasoning process3, we define a Reasoning428

F1 score (see Appendix for implementation de-429

tails). This metric measures lexical overlap be-430

tween the model-generated reasoning path and the431

ground-truth evidence chain. A higher score indi-432

cates reasoning more consistent with the gold stan-433

dard. We further segment results into high-quality434

(F1 > 0.5) and low-quality (F1 ≤ 0.5) cases.435

1.0 0.8 0.5 0.2 0.0 0.2 0.5 0.8 1.0
Proportion

Compositional

Comparison

Bridge_comp.

Inference

90.83% 9.17%

63.76% 36.24%

75.63% 24.37%

78.15% 21.85%

82.14% 17.86%

26.79% 73.21%

60.78% 39.22%

39.22% 60.78%

ORACLE (F1 > 0.5)
ORACLE (F1  0.5)
LPKG (F1 > 0.5)
LPKG (F1  0.5)

Figure 3: F1 Score Distribution for LPKG and ORA-
CLE Methods. The Bars Illustrate the Percentage of
Questions for Which Each Method Attained a High
(F1 > 0.5) or Low (F1 ≤ 0.5) F1 Score.

Our analysis reveals two critical findings. First,436

ORACLE consistently produces higher-quality437

reasoning paths. As shown in Figure 4, ORA-438

CLE achieves a higher average Reasoning F1 than439

3Implementation details can be found in Appendix A.3.

Overall Compositional Comparison Bridge_comparison Inference0.2
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e
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0.751

0.564
0.595

0.522

0.611
0.597 0.589

0.443 0.439

ORACLE
LPKG

Figure 4: Comparison of Reasoning F1 Scores Between
LPKG and ORACLE.

LPKG (0.648 vs. 0.611), with a notably larger pro- 440

portion of high-quality paths across all categories 441

(Figure 3). For example, on Compositional ques- 442

tions, 90.83% of ORACLE’s paths exceed the 0.5 443

threshold, compared to only 63.76% for LPKG. 444

Second, ORACLE exhibits stronger faithful- 445

ness to its reasoning path, which is essential 446

for reliable and interpretable AI. As illustrated in 447

Figure 5, ORACLE’s final answers directly bene- 448

fit from high-quality reasoning, whereas LPKG 449

often achieves higher answer accuracy despite 450

flawed reasoning. For instance, on Inference ques- 451

tions, LPKG performs better with low-quality paths 452

(0.615) than with high-quality ones (0.231), indi- 453

cating that it frequently disregards its own plan and 454

relies on parametric memory. 455

These findings underscore a key advantage of 456

our approach: Ontology-guided planning enforces 457

the explicit modeling of entity attributes and rela- 458

tions, thereby producing reasoning paths that are 459

both higher in quality and more faithfully executed 460

during answer generation. 461

6.4 Cross-Model Evaluation 462

To further evaluate the generalized effectiveness 463

of our approach, we benchmarked LPKG and OR- 464

ACLE on the 2WikiMQA dataset across a diverse 465

spectrum of models, including the Qwen2.5 series, 466

GPT-4o-mini, and Gemini-1.5-Flash. As summa- 467

rized in Table 3, we report Exact Match (EM), F1, 468

and Reasoning F1 scores, while deliberately ex- 469

cluding reasoning-specialized models (e.g., GPT- 470

o1-mini) due to their frequent inability to main- 471

tain strict format adherence without task-specific 472

fine-tuning. Our analysis reveals three primary 473

trends: first, ORACLE consistently outperforms 474

LPKG across most models, confirming that for suf- 475

ficiently capable LLMs, ontology-guided reasoning 476
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Figure 5: Impact of Intermediate Reasoning Quality. The Analysis Is Presented for Both the LPKG and ORACLE
Methods Across the Four Reasoning Categories. The Line Color Indicates the Correlation Between Reasoning
Quality and Final Answer Quality for That Category: Green Indicates a Positive Correlation, While Red Indicates a
Weaker or Negative Correlation.

provides a more robust structural framework for an-477

swer derivation than static knowledge injection. A478

notable exception occurs with Qwen2.5-7B, where479

LPKG leads; we hypothesize that limited parame-480

ter capacity restricts the model’s ability to utilize481

abstract ontological guidance, whereas LPKG’s ex-482

plicit prompts allow smaller models to bypass com-483

plex internal reasoning via detailed surface-level484

cues. Finally, while performance generally corre-485

lates with model scale, Qwen2.5-14B significantly486

surpasses GPT-3.5, suggesting that contemporary487

architectural advancements can yield superior rea-488

soning capabilities that transcend raw parameter489

counts.490

Model Method EM F1 R-F1

Closed-source Models

GPT-3.5 LPKG 0.379 0.452 0.611
ORACLE 0.469 0.548 0.650

GPT-4o-
mini

LPKG 0.522 0.607 0.630
ORACLE 0.550 0.623 0.660

Gemini-
2.5-Flash

LPKG 0.592 0.693 0.705
ORACLE 0.612 0.688 0.729

Open-source Models

Qwen2.5-
7B

LPKG 0.432 0.533 0.620
ORACLE 0.447 0.507 0.598⋆

Qwen2.5-
14B

LPKG 0.471 0.571 0.637
ORACLE 0.494 0.587 0.654

Qwen2.5-
32B

LPKG 0.440 0.531 0.665
ORACLE 0.527 0.635 0.679

Qwen2.5-
72B

LPKG 0.485 0.584 0.659
ORACLE 0.557 0.638 0.688

Table 3: Comparison across models, partitioned by
model availability. Note that Gemini-2.5-Flash is eval-
uated in non-thinking mode. The superscript ⋆ marks
where LPKG outperforms ORACLE in R-F1.

6.5 Error Analysis 491

To further examine the limitations of our frame- 492

work, we manually inspected erroneous predic- 493

tions and found two recurring sources. First, the 494

model struggles with fine-grained relational seman- 495

tics: composite relations (e.g., mother-in-law) are 496

sometimes reduced to direct kinship (e.g., mother), 497

which derails the reasoning chain at the outset de- 498

spite ontology cues. Second, numerical and tem- 499

poral reasoning remains brittle: even when factual 500

spans are correctly extracted, the system may fail 501

to normalize and compare them, leading to inverted 502

decisions. These observations suggest that, while 503

ontology guidance curbs semantic drift, current 504

LLMs still face difficulty with subtle relation un- 505

derstanding and numeric normalization. 506

7 Conclusion 507

This paper presents the ORACLE framework, 508

which enhances LLMs on multi-hop question an- 509

swering (MQA) tasks by integrating ontological 510

guidance into the reasoning process. While LLMs 511

excel at generating fluent answers, their greedy de- 512

coding nature often overlooks the conceptual prop- 513

erties of entities and the relations connecting them, 514

leading to reasoning drift. ORACLE addresses this 515

limitation by first constructing lightweight ontolo- 516

gies that explicitly encode classes, entities, and 517

relations. These ontologies are then transformed 518

into FOL formulas, which serve as structured scaf- 519

folds for decomposing the original question into 520

coherent sub-questions. Experiments on standard 521

MQA benchmarks demonstrate that this ontology- 522

driven design not only improves performance but 523

also yields more stable and interpretable reasoning 524

paths, offering a promising direction for factual 525

reasoning in LLMs. 526
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Limitations527

Our work presents three primary limitations. First,528

regarding experimental scope, computational con-529

straints necessitated a reliance on gold contexts530

provided by the datasets rather than full-scale531

Wikipedia retrieval. While this controlled setting532

effectively isolates the reasoning logic for granu-533

lar analysis, it may not fully account for the noise534

and retrieval errors inherent in open-domain envi-535

ronments. Second, concerning comparisons with536

retrieval-centric systems (e.g., GraphRAG), OR-537

ACLE prioritizes query-side logical planning over538

data-side structural indexing. Since our method is539

fundamentally orthogonal to these retrieval-heavy540

approaches, we did not perform extensive end-541

to-end benchmarking; however, exploring their542

synergy remains a promising direction. Finally,543

in terms of ontology construction, our approach544

derives ontologies from the LLM’s parametric545

knowledge without autonomous external verifica-546

tion. This reliance may constrain performance in547

highly specialized domains or induce hallucina-548

tions. Future research could incorporate multi-turn549

interactions to dynamically cross-reference and ver-550

ify generated ontologies against external corpora.551
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A Appendix743

A.1 Prompt Content744

In this section, we provide the detailed prompts745

utilized for the different reasoning decomposition746

methods in our experiments.747

ReAct Method Prompt

▶ Input:
Solve a question answering task with interleaving
Thought, Action, Observation steps. Thought can
reason about the current situation, and Action can be
three types:
(1) Search[entity], which searches the exact en-
tity on Wikipedia and returns the first paragraph if it
exists. If not, it will return some similar entities to
search.
(2) Lookup[keyword], which returns the next sen-
tence containing the keyword in the current passage.
(3) Finish[answer], which returns the answer and
finishes the task.
{examples}
Question: {question}

748

The prompt for the ReAct method, as illustrated749

in the box above, guides the model to solve prob-750

lems through an iterative cycle of Thought, Action,751

and Observation. This approach allows the model752

to dynamically reason and interact with an external753

knowledge source.754

ORACLE Method Prompt

▶ Input:
Your task is to decompose complex reasoning prob-
lems into a series of sub-questions. Please follow
these steps:
1. Problem Type Identification: Determine the
problem type (2p/3p path query, 2i/3i intersection
query, or ip/pi hybrid query).
2. Entity and Relation Extraction: List all key
entities and their relationships.
3. Logical Formula Conversion: Convert the
problem into a formal logical expression.
4. Logical Interpretation: Explain the meaning
of the logical expression in natural language.
5. Sub-question Decomposition: Break down the
original problem into an ordered sequence of sub-
questions, clearly labeling each sub-question’s an-
swer variable.
{examples}
### Your turn! Please decompose complex
reasoning problem.
Question: {question}

755

The prompt for the ORACLE method, as shown756

in the box above, presents a more structured, five-757

step decomposition process. This process requires758

the model to first analyze the problem’s struc-759

ture—such as type identification, entity extraction,760

and logical conversion—before breaking it down761

into a sequence of simpler sub-questions. 762

LPKG Method Prompt

from package1 import SerpAPIWrapper
from package2 import QA_LLM
search = SerpAPIWrapper()

def Search(query: str, thought: str):
"""Search relevant information about
query based on external Search
Engine.
Attributes:

query: The question you want to
search.

thought: The reason why this
query is needed.
"""
if thought is not None:

return search.run(query)
else:

return "Please give your
thought!"

def Get_Answer(query: str, info: str):
"""Get the answer of the query based
on the information.
Attributes:

query: The question you want to
search.

info: The information relevant
to the query.
"""
### Use the QA_LLM model to get the
answer.
return QA_LLM(query, info)

def Compare(Original_Query: str,
Subquestions: list, Answers: list):
"""Compare the answer of the
sub-questions and return the final
answer of original query.
Attributes:

Original_Query: The original
question.

Subquestions: The list of
sub-questions.

Answers: The list of answers of
the sub-questions.
"""
query = Original_Query
info = ""
for i in range(len(Subquestions)):

info += Subquestions[i] + ' : '
+ Answers[i] + '\\n'
return QA_LLM(query, info)

def Intersection(Answer1: str, Answer2:
str):
"""Find the intersection of two
answer sets.
Attributes:

Answer1: The first answer set.
Answer2: The second answer set.

"""
List1 = Answer1.split(',')
List2 = Answer2.split(',')

763
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return str(set(List1) & set(List2))

def Union(Answer1: str, Answer2: str):
"""Find the union of two answer sets.
Attributes:

Answer1: The first answer set.
Answer2: The second answer set.

"""
List1 = Answer1.split(',')
List2 = Answer2.split(',')
return str(set(List1) | set(List2))

def Finish_The_Plan(Answer: str):
"""Call this function to finish the
plan and return the final answer.
Attributes:

Answer: The final answer of the
original question.
"""
return Answer

{examples}

###################
# Your turn! Just complete the code

below and do not return other things.
###################

Original_Question:{question}

764

The LPKG method decomposes complex ques-765

tions into simpler sub-questions through a struc-766

tured six-step process. First, it searches for rele-767

vant information based on the query and provided768

reasoning. Then, the QA_LLM model is used to769

generate answers from the retrieved information.770

Next, it compares the answers from sub-questions771

and consolidates them. For certain queries, it finds772

the intersection of answer sets to identify common773

results, and in other cases, it computes the union774

of answers to combine multiple results. Finally, the775

method returns the final answer based on all the776

sub-question results. This approach enables sys-777

tematic problem-solving, breaking down complex778

tasks into manageable steps.779

A.2 More Implementation Details.780

A.2.1 Datasets.781

Following previous studies (Shao et al., 2023b;782

Aksitov et al., 2023; Wang et al., 2024), we ex-783

tract the first 500 entries from the development sets784

of HotpotQA and 2WikiMQA, respectively. For785

MuSiQue, unlike LPKG (Wang et al., 2024) or786

the approach by Press et al. which only utilizes 2-787

hop questions, we selected 500 questions in a 2:2:1788

ratio of 2-hop (2p), 3-hop (3p), and 4-hop (4p) in-789

stances to ensure a more comprehensive evaluation790

of multi-hop reasoning.791

Previous research indicates that HotpotQA suf- 792

fers from reasoning shortcuts and “pseudo-multi- 793

hop” phenomena (Ho et al., 2020b), often allow- 794

ing models to guess answers via keyword match- 795

ing rather than rigorous deduction. Similarly, 796

MuSiQue focuses on evaluating retrieval capabil- 797

ities under distraction, prioritizing “context local- 798

ization” over “logical derivation” (Trivedi et al., 799

2023). In contrast, 2WikiMQA better preserves 800

pure reasoning structures, making it the optimal 801

testbed to demonstrate how ORACLE corrects and 802

refines reasoning logic. 803

A.2.2 Experiment Details. 804

Unless specified otherwise, all experiments uti- 805

lized the gpt-3.5-turbo API as the base LLM. For 806

non-retrieval baselines (e.g., NoCoT, CoT, and 807

RAG), models were prompted to enclose final an- 808

swers in <answer> tags to standardize evaluation. 809

The NoCoT (DeepSeek-R1) baseline adopted the 810

same prompt structure but utilized the DeepSeek- 811

R1 model. 812

For all retrieval-based methods (ReAct, LPKG, 813

and our proposed ORACLE), we implemented a 814

unified retriever module. The ReAct baseline inte- 815

grated this retriever with gpt-3.5-turbo as its core 816

agent. Similarly, LPKG employed gpt-3.5-turbo to 817

perform its in-context learning-based planning. As 818

a method designed for powerful, general-purpose 819

models, LPKG provides a strong point of compari- 820

son, contrasting with our training-free framework. 821

A.2.3 Retriever Details. 822

Conventional retriever implementations for 823

MQA typically utilize the complete Wikipedia 824

dump, which includes psgs_w100.tsv.gz and 825

wikipedia_embeddings.tar, as the knowledge base. 826

However, loading the wikipedia_embeddings.tar 827

file requires substantial computational resources, 828

specifically 2x 80G A100 GPUs, making this 829

approach prohibitively expensive. 830

To address this, we observed that MQA datasets 831

generally provide a context containing the neces- 832

sary paragraphs to answer the question, along with 833

some distractor paragraphs. Consequently, we pro- 834

pose using this provided context as the search space 835

for the retriever. This method offers two key ad- 836

vantages: it filters out the vast amount of irrelevant 837

information present in the full Wikipedia dump and 838

significantly reduces the demand for computational 839

resources. By treating the provided context as the 840

retrieval corpus, we can mitigate the possibility of 841
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the retriever acting as a performance bottleneck,842

thereby enabling a more accurate evaluation of our843

proposed method’s effectiveness.844

In our implementation, the retriever matches the
query against the provided context. Let q be the
input query and C = {p1, p2, . . . , pn} be the set
of paragraphs in the given context. The retriever
identifies a subset of relevant paragraphs, Cretrieved,
by calculating a similarity score between the query
and each paragraph. A paragraph pi is returned if
its similarity score exceeds a predefined threshold
τ . This process can be formally expressed as:

Cretrieved = {pi ∈ C | sim(q, pi) ≥ τ}

where sim(q, pi) is the similarity function. For the845

RAG baseline, we simplify this process by retriev-846

ing the entire context, including both golden and847

distractor paragraphs. For a detailed implementa-848

tion, please refer to the accompanying code.849

A.3 Reasoning Path and Subquestion Count850

Implementation851

Given the scarcity of research evaluating the in-852

ternal reasoning processes of LLMs, and substan-853

tial evidence showing that models can produce854

correct answers via fallacious reasoning, a more855

granular assessment is necessary. As noted by Ju856

et al. (2024), when faced with a query such as,857

“On which continent is the home country of the858

2022 FIFA World Cup winner?” an LLM might859

not follow the correct reasoning chain, “Winner860

→ Argentina→ South America.” Instead, it may861

leverage a shortcut learned during training, directly862

linking “2022 World Cup Winner” to “South Amer-863

ica.”864

Consequently, we propose an evaluation frame-865

work to compare the LPKG and ORACLE866

methods from the perspective of their rea-867

soning processes. Our implementation lever-868

ages the 2WikiMQA dataset, which includes a869

question_decomposition field. This field serves870

as our ground truth, providing a list of inter-871

connected, single-hop sub-questions (formatted872

as (head entity, relation, tail entity)873

triples) that constitute the correct reasoning path.874

We consolidate this sequence of triples into a single875

string to represent the ground-truth path.876

For our evaluation, we transform the decom-877

posed sub-questions and their answers from both878

ORACLE and LPKG into the same concatenated879

string of triples. To ensure fair comparison with the880

gold reasoning path, we first apply a preprocess- 881

ing step to the generated reasoning text, including 882

lowercasing, stopword removal, and lemmatiza- 883

tion. This yields a normalized representation of the 884

reasoning process that contains only the essential 885

entities and relations. We then align this representa- 886

tion with the ground-truth reasoning path provided 887

in the dataset, also expressed as a concatenated 888

sequence of triples. 889

Formally, let G = {g1, g2, . . . , gm} denote the 890

set of tokens (entities and relations) in the ground- 891

truth reasoning path, and Pgen = {p1, p2, . . . , pn} 892

denote the tokens extracted from the model- 893

generated reasoning path after preprocessing. We 894

compute precision P and recall R as: 895

P =
|G ∩ Pgen|
|Pgen|

, R =
|G ∩ Pgen|
|G|

896

and define the Reasoning F1 score as: 897

ReasonF1 =
2 · P ·R
P +R

. 898

In parallel, we also compute the sub-question 899

count deviation to measure the granularity of de- 900

composition. Let k∗ denote the ground-truth num- 901

ber of reasoning steps and kgen the number gener- 902

ated by the model. The deviation is defined as: 903

∆k = kgen − k∗. 904

This enables us to analyze how over-decomposition 905

or under-decomposition impacts task performance. 906

A.4 Impact of Subproblem Count on 907

Performance 908
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Figure 6: Impact of subproblem count deviation on F1
score (ORACLE). Bars show distribution of deviations
from ground-truth counts; the line shows corresponding
F1 scores.

We define deviation as the difference between 909

the number of generated sub-questions and the 910
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ground-truth count (Appendix). As shown in Fig-911

ure 6, 98% of cases deviate by at most one step,912

with perfect matches (+0) in 46.4%. Performance913

peaks when the model slightly over-decomposes914

(+1, F1=0.686), surpassing both exact matches915

(0.479) and under-decomposition (-1, 0.408). This916

indicates that including an extra step is generally917

safer—and often helpful—whereas missing a re-918

quired step severely harms reasoning.919

A.5 Case Studies920

A.5.1 CoT and NoCoT921

To provide a concrete illustration of our findings,922

we present a case study that highlights the potential923

drawbacks of CoT, particularly for models with924

more limited reasoning capabilities.925

The results, detailed in Table 4, show a clear926

performance degradation when CoT is applied.927

As shown in Table 4, the direct answering928

approach correctly identifies the nationality as929

French. The model effectively uses its trained930

knowledge to retrieve the fact directly.931

In contrast, the CoT method incorrectly answers932

Italian. We hypothesize that for less capable933

models, CoT is counterproductive on knowledge-934

intensive questions because the self-generated rea-935

soning plan flattens the final answer’s logit distribu-936

tion. This diffusion of attention away from the key937

entity and across abstract reasoning steps causes938

the model to retrieve a related but incorrect fact.939

A.5.2 LPKG and ORACLE940

To further illustrate the advantages of our ontology-941

driven decomposition, we present two represen-942

tative case studies comparing ORACLE with the943

LPKG baseline.944

The first case (Table 5) is a comparison-type945

query asking which film’s director died first. LPKG946

mistakenly interprets the sub-question as “find an-947

other film directed by the same director,” which948

leads to irrelevant reasoning paths. In contrast, OR-949

ACLE first extracts the ontology to anchor the key950

entities (films, directors, and death dates), then gen-951

erates a reasoning chain that matches the ground952

truth. This results in a substantially higher Rea-953

sonF1, indicating closer alignment with the gold954

reasoning path.955

The second case (Table 6) is a relation-based956

query about the birthplace of Marianus V of Ar-957

borea’s father. Here, LPKG drifts to a descriptive958

path focusing on Marianus V himself, while ORA-959

CLE correctly identifies the parent entity (Branca-960

leone Doria) and queries his birthplace. Although 961

minor deviations from the ground answer exist, the 962

ontology-driven reasoning still yields a reasoning 963

chain much closer to the ground truth, again re- 964

flected in a higher ReasonF1 score. 965

Together, these examples demonstrate that ORA- 966

CLE not only avoids semantic drift in sub-question 967

decomposition but also consistently produces rea- 968

soning paths that are more faithful to the intended 969

logical structure, leading to more interpretable and 970

reliable answers across diverse query types. Fur- 971

thermore, we observe that across multiple runs, OR- 972

ACLE tends to generate reasoning processes that 973

are relatively stable, a property largely attributable 974

to the guidance of ontology extraction at the plan- 975

ning stage. 976
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NoCoT CoT

Question What nationality is Prince Napoléon Bonaparte’s father?

Prompt You will be provided with a task descrip-
tion, a question and an answer format.
You should only respond with the final
answer in the format “Answer: ".

You will be provided with a task descrip-
tion, a question and an answer format.
You should think step by step. In the
end, put the final answer in the format
“Answer: ".

Model Output Answer: French. The model generates a generic reason-
ing plan:

1. Find information about Prince
Napoléon Bonaparte’s father.

2. Check his father’s name and back-
ground.

3. Look for his father’s nationality.

Answer: Italian.

Final Answer French Italian

Result Correct Incorrect

Table 4: Comparison of NoCoT and CoT

LPKG ORACLE

Question Which film has the director who died first, The Piper’s Price or The Blonde From
Singapore?

Reasoning Pro-
cess

• Which film is directed by the di-
rector of The Piper? → The Faded
Woman

• Which film is directed by the
director of The Blonde From
Singapore? → The Blonde from
Peking

• Who directed The Piper’s Price?
→ Joe De Grasse

• Who directed The Blonde From
Singapore? → Edward Dmytryk

• When did [Joe De Grasse] die? →
May 25, 1940

• When did [Edward Dmytryk] die?
→ July 1, 1999

• Compare death dates→May 25,
1940

Ground Truth
Path

The Piper’s Price→ Joe De Grasse→May 25, 1940; The Blonde From Singapore
→ Edward Dmytryk→ July 1, 1999

ReasonF1 0.30 0.66

Table 5: Case study comparing LPKG and ORACLE on a film director comparison question.
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LPKG ORACLE

Question Where was the father of Marianus V of Arborea born?

Reasoning Pro-
cess

• Who is Marianus V of Arborea?
→Marianus V was the Judge of
Arborea

• Where was the father of “Mari-
anus V was the Judge of Arborea”
born? → Castel Genovese

• Who is the father of Marianus V
of Arborea? → Brancaleone Doria

• Where was [Brancaleone Doria]
born? → Republic of Genoa

Ground Truth
Path

Marianus V of Arborea→ father→ Brancaleone Doria→ place of birth→ Sardinia

ReasonF1 0.27 0.70

Table 6: Case study comparing LPKG and ORACLE on a familial relation query.
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