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Abstract001

Large Language Models (LLMs) excel at many002
Natural Language Processing (NLP) tasks, but003
struggle with multi-hop reasoning and fac-004
tual consistency, limiting their effectiveness005
on knowledge-intensive tasks like complex006
question answering (QA). Linking Knowledge007
Graphs (KG) and LLMs has shown promising008
results, but LLMs generally lack the ability to009
reason efficiently over graph-structured infor-010
mation. To address this challenge, we intro-011
duce DAGR, a retrieval method that leverages012
both complex questions and their decomposi-013
tion in subquestions to extract relevant, linked014
textual subgraphs. DAGR first breaks down015
complex queries, retrieves subgraphs guided016
by a weighted similarity function over both the017
original and decomposed queries, and creates018
a question-specific knowledge graph to guide019
answer generation. The resulting Graph-RAG020
pipeline is suited to handle complex multi-hop021
questions and effectively reason over graph-022
structured data. We evaluate DAGR on stan-023
dard multi-hop QA benchmarks and show that024
it achieves comparable or superior performance025
to competitive existing methods, using smaller026
models and fewer LLM calls. Source code will027
be available upon acceptance.028

1 Introduction029

Large Language Models (LLMs) have demon-030

strated remarkable success across a wide range of031

natural language processing (NLP) tasks (Brown032

et al. (2020), Chowdhery et al. (2023), Touvron033

et al. (2023a), Ouyang et al. (2022)), including034

question answering (Kamalloo et al., 2023),035

summarization (Liu et al., 2024), and machine036

translation (Zhang et al., 2023). As LLMs have037

grown in size and have been trained on increasingly038

diverse and large datasets, their emergent ability039

to perform different types of reasoning (Wei040

et al. (2022a), Zhou et al. (2023)), ranging from041

arithmetic (Imani et al., 2023) and neurosymbolic042

 :  When did the team that Michael's best friend 
support last win the Championship ?

 : Who is Michael's best friend ?
 : What team does he support ?

: When did that team last win the Championship ?
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Figure 1: Illustration of DAGR, our novel decomposi-
tional retrieval method. We first decompose the complex
question into sub-questions, perform iterative, context-
aware retrieval conditioned on previous answers, and
merges the resulting subgraphs. The resulting graph can
then be used to ground the generation of an LLM.

reasoning (Fang et al., 2024) to commonsense 043

inference (Zhao et al., 2023), has become a central 044

focus of recent research. This has opened new 045

possibilities for solving complex problems that 046

traditionally required structured or symbolic 047

approaches (Pan et al. (2023), He-Yueya et al. 048

(2023)). However, despite their broad capabilities, 049

LLMs still struggle with tasks requiring multi-hop 050

reasoning (Yang et al., 2024), factual grounding, 051

or explicit access to structured knowledge. These 052

models are prone to hallucinations and logical 053

inconsistencies, particularly when operating in 054

knowledge-intensive domains (Ji et al. (2023b), 055

Huang et al. (2025). This is partially due to the 056

high reliance on implicit knowledge stored in 057

parameters (Hu et al., 2024b), and the lack of 058
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explicit mechanisms for integrating or reasoning059

over structured information. Recent work on060

retrieval-augmented generation (Lewis et al.,061

2020), graph-augmented LLMs (Yasunaga et al.,062

2021), and neurosymbolic reasoning (Fang et al.,063

2024) has aimed to bridge this gap.064

065

In this work, we propose DAGR, a retrieval066

method designed to improve structured knowledge067

access for LLMs through decompositional reason-068

ing over textualized knowledge graphs. Given a069

complex question and a knowledge graph, DAGR070

decomposes it into sub-questions, retrieves rele-071

vant subgraphs using a hybrid similarity function072

informed by both the original and decomposed073

queries, and merges them into a coherent, question-074

specific textual graph. As seen on Figure 1, the075

resulting structured graphs can be plugged into076

Graph-RAG pipelines, enhancing their ability to077

guide LLMs toward more factual and interpretable078

answers. This novel retrieval method allows pre-079

cise and coherent multi-step retrieval for complex080

questions, and removes the need of using very large081

models or fine-tuning the LLM on a specific graph.082

The hybrid similarity function fuses the richness of083

the generated subquestions as well as the anchor-084

ing of the initial complex question, helping to re-085

trieve multiple coherent and linked subgraphs. We086

validate DAGR on the CWQ (Talmor and Berant,087

2018) and WebQSP (Yih et al., 2016) multi-hop QA088

datasets, demonstrating that our decompositional089

retrieval method achieves state-of-the-art perfor-090

mance when paired with smaller, frozen LLMs,091

while requiring significantly fewer LLM calls.092

• We propose DAGR, a retrieval method that093

augments the complex query with its decom-094

position to retrieve relevant linked subgraphs.095

• We introduce a hybrid similarity function that096

integrates the full query and its decomposition097

to guide subgraph selection.098

• We obtain state-of-the-art results on multi-hop099

QA benchmarks, without using large or fine-100

tuned LLMs.101

• We achieve a 3×–5× reduction in LLM calls102

compared to baselines, highlighting the effi-103

ciency of our method.104

2 Background 105

2.1 Can LLMs reason ? 106

LLMs such as GPT-3 (Brown et al., 2020), 107

PaLM (Chowdhery et al., 2023), and LLaMA 108

(Touvron et al., 2023a) have demonstrated strong 109

performance across a wide range of language 110

tasks, including reasoning-based benchmarks. 111

Their ability to generalize in zero-shot (Kojima 112

et al., 2022) and few-shot settings has led to the 113

emergence of new prompting techniques, such as 114

Chain-of-Thought (CoT) reasoning (Wei et al., 115

2022b), which improves multi-step reasoning 116

by encouraging models to generate intermediate 117

reasoning steps. Variants like self-consistency 118

(Wang et al., 2023) further refines this by sampling 119

multiple reasoning paths and aggregating answers 120

for improved robustness. More recently, reinforce- 121

ment learning has been used to entirely train new 122

models (DeepSeek-AI et al., 2025) or improve 123

model prompting (Pternea et al., 2024), showing 124

great potential for the future. 125

126

Despite these advances, LLMs remain prone 127

to hallucinations—generating fluent but factu- 128

ally incorrect or logically inconsistent outputs 129

(Huang et al., 2025), (Srivastava et al., 2023), (Ji 130

et al., 2023b). This is especially problematic in 131

knowledge-intensive tasks requiring factual ground- 132

ing, multi-hop reasoning, or domain-specific exper- 133

tise (Ji et al. (2023a), Opsahl (2024)). These issues 134

stem in part from the implicit nature of knowledge 135

storage in model parameters, which limits their abil- 136

ity to verify facts or reason explicitly over external 137

knowledge (Petroni et al. (2019), Bommasani et al. 138

(2021)). Recent work has explored augmenting 139

LLMs with tool use, such as code interpreters (Pi 140

et al., 2022), equation solvers (He-Yueya et al., 141

2023) or symbolic solvers (Lam et al., 2024) (Pan 142

et al., 2023), to externalize and validate parts of the 143

reasoning process. 144

2.2 LLMs and graphs 145

Graphs offer a natural and interpretable way 146

to represent real-world data through entities 147

and their structured relationships. Integrating 148

knowledge graphs with Large Language Models 149

(LLMs) is a promising research direction that 150

enables models to better handle real-life scenarios 151

with structured data (Li et al., 2024) (Hu et al., 152

2024a). Knowledge graphs can enhance LLMs 153

by providing explicit, grounded context, which 154
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Figure 2: Usage of our decompositional retrieval method: 1) The complex question is first decomposed into atomic
subquestions ; 2) We conditionally perform retrieval and answer generation; once the retrieval is done for all
subquestions, we merge the subgraphs ; 3) The resulting graph is given as a hard (textualized graph) and soft prompt
(graph encoder output) to the model.

helps mitigate hallucinations (Li et al., 2024)155

(Agrawal et al., 2024), but also makes the model156

dependent on the noise or incompleteness of the157

graph (Dong et al., 2025). By grounding the158

generation process in a textualized or symbolic159

knowledge graph, LLMs can produce responses160

that are more accurate and aligned with real-world161

facts. This is especially useful in tasks such as162

question answering (Baek et al., 2023) (Yasunaga163

et al., 2021), logical reasoning (Choudhary and164

Reddy, 2024), or dialogue systems (Kang et al.,165

2023) where factual precision is crucial.166

167

LLMs and graph neural networks (GNNs) can168

also be used together (Xu et al., 2024) (He et al.,169

2024a), each complementing the other. Graphs170

can be used to inject knowledge into LLMs via171

methods like structured prompting (Baek et al.,172

2023) (Zhang et al., 2024a) or retrieval-based aug-173

mentation (Lewis et al., 2020) (Peng et al., 2024).174

LLMs can support and enhance graph-centred tasks175

(Pan et al., 2024) by performing entity linking, re-176

lation extraction, or even link prediction (Shu et al.,177

2025), which largely improves the graph’s cover-178

age. LLMs have also been explored as genera-179

tors of graph-structured outputs or as interpretable180

reasoning agents over graphs using intermediate181

symbolic steps. In such hybrid frameworks, LLMs182

benefit from the structure and factual reliability of183

graphs, while graphs gain from the generalization 184

and language understanding ability of LLMs (Pan 185

et al., 2024). Nonetheless, most existing methods 186

remain heuristic and lack a principled understand- 187

ing of how best to align symbolic and neural repre- 188

sentations (Cheng et al., 2025). 189

3 Related Work 190

Several methods have demonstrated strong perfor- 191

mance on Knowledge Graph Question Answering 192

(KGQA) tasks by combining LLMs with struc- 193

tured information. He et al. (2024b) retrieves a 194

single subgraph from a textual knowledge graph 195

and directly feeds it into an LLM for answer gen- 196

eration. However, the lack of an explicit reasoning 197

step limits its effectiveness on complex, multi-hop 198

questions, where structured reasoning is essential. 199

Other approaches incorporate reasoning more ex- 200

plicitly: for instance, Sun et al. (2024) introduces 201

iterative entity and relation exploration guided by 202

the LLM, while Chen et al. (2024) decomposes 203

tasks and performs multiple reasoning cycles in- 204

volving exploration, memory updates, and evalua- 205

tion. While these iterative strategies improve rea- 206

soning quality, they rely on a high number of LLM 207

calls and require large models (e.g., LLaMA-2- 208

70B, GPT-3.5, or GPT-4) to plan and evaluate effec- 209

tively, which increases the computational cost and 210

inference time. Luo et al. (2024) instead predicts 211
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relation paths as intermediate plans, but requires212

training or distilling structured knowledge into the213

LLM so it can generate faithful and executable rela-214

tion paths. In contrast, our method DAGR focuses215

on efficiently constructing question-specific sub-216

graphs through decompositional retrieval, instead217

of relying on large models, dataset-specific fine-218

tuning, or LLM-guided exploration. DAGR breaks219

down complex questions into sub-questions and220

retrieves linked subgraphs using a hybrid similarity221

function, composing a targeted knowledge graph to222

support answer generation. This approach enables223

strong performance on complex QA tasks while224

using smaller, frozen LLMs, and reduces the num-225

ber of LLM calls. Additionally, the lack of LLM226

fine-tuning makes our method DAGR adaptable to227

new datasets with minimal overhead.228

4 Method229

The overall generation pipeline that uses our230

method is presented in Figure 2. In order to tackle231

complex questions, we first decompose a complex232

question into a set of logically ordered subques-233

tions. We then perform an iterative retrieval cycle234

by performing retrieval on the graph for each gen-235

erated subquestion. The obtained subgraphs are236

then merged into a single knowledge graph. For237

the answer generation, the obtained graph is then238

fed to the LLM, following work done by He et al.239

(2024b).240

4.1 Subquestions Generation241

Given a complex question Q, we want to obtain a242

set of subquestions {q1, ..., qn}. The subquestions243

must be logically ordered (answering q1 is neces-244

sary to answer q2, etc.), atomic (can not be split into245

smaller subquestions), and cover all aspects of the246

complex question. Therefore, answering all sub-247

questions in the given order should be equivalent248

to answering the complex question. In our work,249

we generate the subquestions using an LLM, lever-250

aging its semantic understanding and its implicit251

knowledge capabilities. Using an LLM provides252

a flexible framework for decomposing complex253

questions, independent of the domain or the ques-254

tion type. To fulfill all the mentioned conditions255

above, we prompt the model with specific instruc-256

tions about subquestions; we also provide some257

manually generated examples of decomposition to258

guide the model’s behavior (see Appendix B for259

details about prompting).260

4.2 Hybrid Entity Retrieval 261

For each generated subquestion q, we want to 262

obtain a subgraph Gq. Performing a retrieval 263

step for each subquestion helps to exploit the 264

richness of the decomposition, using all implicit 265

reasoning steps to answer the complex question 266

Q. But treating each subquestion independently 267

might lead to very distant subgraphs; moreover, 268

the subquestions can lack sufficient contextual 269

information on their own to retrieve all the relevant 270

nodes and edges from the knowledge graph. 271

To address this issue, we introduce a hybrid 272

similarity function (Figure 3) that combines both 273

the subquestion and the original complex question, 274

allowing the model to benefit from the specificity 275

of q and retain the broader context provided by 276

the latter Q. In our hybrid similarity function, the 277

influence of both components is controlled by a 278

parameter α. 279

280

DAGR
α

(z, zq, zQ) = α cos(z, zq) + (1− α) cos(z, zQ)

Vk
q = argtopk

n∈V
DAGR

α
(zn, zq, zQ)

Ek
q = argtopk

e∈E
DAGR

α
(ze, zq, zQ)

Figure 3: Hybrid graph-based retrieval using our pro-
posed similarity function (with parameter α), which
combines subquestion-level and global question-level
semantics. The sets Vk

q and Ek
q represent the top-k

nodes and edges in the graph G = (V,E), retrieved
based on their similarity to subquestion embedding zq
and the original question embedding zQ.

Before retrieval, we embedded our different com- 281

ponents (complex question, the subquestions, and 282

the textual attributes of the nodes/edges in the 283

graph) using a Sentence Transformer embedding 284

model (see Appendix B for details). When perform- 285

ing retrieval on the graph for the subquestion qi, we 286

keep track of the answer ai−1 to the previous sub- 287

question qi−1. This is crucial, as the answer to qi 288

usually depends on the answer to qi−1. Therefore, 289

we combine the subquestion qi and the previous an- 290

swer ai−1 in a single embedding zq = z(ai−1, qi). 291

For simplicity, we choose to concatenate the previ- 292

ous answer element and the next subquestion, al- 293

lowing context sharing from the previous step. Af- 294

ter having retrieved all necessary nodes and edges, 295

we build a connected subgraph from these elements, 296

ensuring that a subgraph represents a single com- 297
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ponent with linked graph entities. The connectivity298

of the graph is enforced by the Prize-Collecting299

Steiner Tree (PCST) algorithm (Bienstock et al.,300

1993), which optimizes the selection of a subgraph301

of maximum value based on node/edge weights302

and query similarity, under a size constraint. This303

method also allows us to control the size of the304

retrieved subgraph, as a large subgraph might not305

always fit in the context size of the model. Impact306

of the chosen maximal size of a subgraph is studied307

in later analysis.308

4.3 Subgraphs Merging309

After retrieving subgraphs corresponding to each310

subquestion, we proceed to merge them in order to311

link relevant information and remove redundancy.312

To form the final graph, we take the union of all313

distinct nodes and edges across all subgraphs, re-314

moving duplicate entities: G∗ =
⋃n

i=1Gi. A cru-315

cial observation is that the resulting merged graph316

is almost always connected, thanks to the anchor-317

ing used in the similarity function at each step, by318

using the initial complex question Q. This allows319

us to bypass enforcing connectivity by introducing320

virtual edges, which could potentially compromise321

the semantic integrity of the graph or resort to com-322

putationally expensive graph expansion methods.323

4.4 Answer Generation324

Once we obtain the merged graph G∗ from the325

different subgraphs, we pass it to the LLM, fol-326

lowing the generation process described in He327

et al. (2024b): we provide a textualized version328

of the graph in the prompt, and also pass the graph329

through a trained graph encoder (Shi et al., 2021)330

followed by a linear projection layer. Providing the331

encoded graph as a soft prompt guides the LLM’s332

response by feeding a trained embedding vector333

to the self-attention layers of the language model.334

When answering the complex question, we chose335

not to include the answers to the subquestions in336

the final prompt, as a single prior error can force337

the model to give a wrong answer. Instead, the338

prompt only contains Q and merged graph.339

5 Experiments340

5.1 Benchmarks341

We evaluate our method on two different Question-342

Answering (QA) benchmarks to assess the qual-343

ity of our results: CWQ (ComplexWebQuestions)344

(Yih et al., 2016) and WebQSP (WebQuestionsSe-345

manticParses) (Talmor and Berant, 2018), which 346

are both based on the Freebase (Bollacker et al., 347

2008a) knowledge base. CWQ is a complex QA 348

benchmark that focuses on multi-hop questions. As 349

it needs the integration of multiple facts, it benefits 350

from compositional reasoning, making it a suitable 351

benchmark for our approach. WebQSP, on the other 352

hand, contains a wide range of simple and factual 353

questions. It also includes SPARQL annotations 354

that we do not use in this work. This benchmark 355

is used to evaluate the performance of our method 356

on simpler questions, that may not always require 357

decomposition. We use the preprocessed version 358

of the dataset provided in Luo et al. (2024). 359

5.2 Evaluation Metrics 360

We use the standard QA evaluation metrics found 361

in related work. We report performance using ac- 362

curacy and F1 scores. Accuracy measures exact 363

matches, while F1 allows a more nuanced eval- 364

uation, especially when predictions are partially 365

correct. In line with previous studies (Chen et al. 366

(2024), Sun et al. (2024), Luo et al. (2024)), we 367

use Hit@1 as our primary accuracy metric. Hit@1 368

determines whether the top prediction matches the 369

ground truth and is widely used in QA evaluation. 370

We report both Hit@1 and F1, enabling direct com- 371

parison with prior work. 372

5.3 Choice of language models 373

Our method requires the usage of two language 374

models, each having a different focus. First, strong 375

decompositional reasoning is needed to break down 376

the complex question into logically ordered, com- 377

prehensive, and atomic subquestions. We use 378

a Qwen-32B model distilled from Deepseek-R1 379

(DeepSeek-AI et al., 2025) for its advanced reason- 380

ing abilities. We test different model sizes at the 381

decomposition step (7B, 14B and 32B) and we eval- 382

uate the quality of the generated subquestions (see 383

Table 4 and Table 5 in Appendix A), and we show 384

that the 32B model produces superior decomposi- 385

tion compared to other models. We do not consider 386

larger models, as the model size would become a 387

strong usage limitation. Second, we need an effi- 388

cient model to iteratively answer the subquestions 389

and generate the final answer. For this, we experi- 390

ment both with LLaMA-2-7B and LLaMA-2-13B 391

(Touvron et al., 2023b). We also propose a "Hybrid 392

7B/13B" setting in which the 7B model answers 393

the subquestions, while the 13B model handles the 394

final complex question. The rationale is that atomic 395
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Figure 4: Model Accuracy (Hit@1) against the value of the α parameter for both CWQ and WebQSP datasets.

subquestions are simple and can be handled by a396

smaller model, while the final answer, requiring the397

integration of the full merged graph, benefits from398

the greater capacity of a larger model. This set-399

ting leverages model efficiency by allocating larger400

capacity only where necessary. We evaluate both401

uniform and hybrid settings in Section 6.402

5.4 Balancing the Hybrid Retrieval403

Using the subquestion alone for retrieval can lead404

to ineffective results, as it lacks the broader con-405

text of the original question. To address this, we406

balance the influence of the complex question and407

the current subquestion in the retrieval query. The408

α parameter (Section 4.2) controls this trade-off409

via a weighted average of their respective query410

embeddings. As shown in Figure 3, α determines411

the contribution of each: lower values emphasize412

the subquestion, while higher values shift focus to-413

ward the original complex question. When α = 1,414

retrieval is based solely on the complex question,415

without any decompositional reasoning, as in He416

et al. (2024b). We experiment with different values417

of α to decide on the importance that both elements418

should have during the retrieval process.419

6 Results420

6.1 Influence of α parameter421

During retrieval, we use both the complex question422

and the corresponding subquestions, with the α423

parameter controlling their relative importance in424

the query (Figure 3). We vary α and report model425

accuracy in Figure 4.426

427

The first observation is that the value of α has428

a strong impact on the resulting graph topology,429

affecting the connectivity and density of the 430

resulting merged graph. Experiments show that 431

higher α leads to more connected and denser 432

graphs (Figures 5, 9), while lower values produce 433

more distinct subgraphs and a sparser, occasionally 434

disconnected graph. The topology of the graphs 435

is highly important for the LLM that will use 436

the retrieved graph: we show (Appendix A) 437

that connected graphs empirically yield better 438

performance, although disconnected graphs remain 439

rare in proportion, as seen on Figure 5. We also 440

discuss the statistical significance of these results 441

in Appendix A. 442

443

The second observation is that the α parame- 444

ter influences the precision (Matching and Exact 445

Matching) of the retrieved entities. Exact Match- 446

ing score is defined as the percentage of graphs 447

containing a node that exactly matches the answer 448

label (or how often a graph contains the answer 449

to the question asked. We define Matching as the 450

percentage of retrieved graphs that contain a se- 451

mantically close node to the answer label (using 452

standard cosine similarity between embeddings, 453

and a similarity threshold of 0.9). This metric is 454

more flexible and helps checking the presence of 455

highly related nodes in the retrieved graph. Here, 456

we report the Exact Matching score for different α 457

values, and we observe in Figure 6 that focusing on 458

the subquestions leads to a higher Exact Matching 459

score. Naturally, by setting α = 1, we obtain simi- 460

lar metrics to He et al. (2024b). We observe similar 461

results for the Additional similar results for Match- 462

ing and Exact Matching (using different graph size) 463

can be found in Appendix A. 464
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In the end, we observe that using a larger465

model (13B) in the final answer stage (7B/13B466

and 13B setups) significantly outperforms the467

7B-only setup ; however, using the 13-B model468

for iterative subquestions answering offers no469

clear benefit. We observe indeed that the hybrid470

7B/13B and 13B-only setups yield similar results.471

Across all setups, extreme α values (near 0 or472

1) underperform, and intermediate values (0.4473

to 0.8) work best ; choosing an intermediate474

value for α helps to make a compromise between475

a clean graph topology and retrieving relevant476

graph entities. This supports the intuition of477

balancing the focus between subquestions and478

the main question during retrieval. In the rest of479

the paper and all following results, we use α = 0.7.480

481

6.2 Graph size482

According to Figure 3, we can control the size483

of the retrieved nodes (noted as Kn) and edges484

Llama-2-7B Llama-2-7B + 13B Llama-2-13B
48

50

52

54

56

58

60

G-Retriever Ours Ours (larger graph)
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Model

H
it@
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Figure 7: Model Accuracy (Hit@1) for different model
sizes, for the CWQ benchmark. In default setting, we
use Kn = 3, Ke = 5; for "larger graphs", we use
Kn = 5, Ke = 7.

(noted as Ke) for each subgraph. At the retrieval 485

step, we set the values of Kn and Ke to extract a 486

certain number of relevant entities in the original 487

graph (Figure 3). Choosing higher values of Kn 488

and Ke leads to a higher quantity of retrieved 489

information, which improves the probability of 490

retrieving relevant nodes and edges, but also 491

increases the noise in the subgraph that we are 492

building. We show that higher values of Kn and 493

Ke produces significantly larger graphs (Figure 11 494

in Appendix A), which is harder to handle for the 495

LLM. We show (Appendix A for detailed findings) 496

that setting Kn and Ke too low will not allow 497

retrieving enough relevant information, while 498

setting them to high introduces noise in the final 499

subgraph. For larger models (Figure 7), using 500

larger graphs (Kn = 5, Ke = 7) offers marginal 501

gains over smaller graphs (Kn = 3, Ke = 5), 502

further indicating noise in larger subgraphs. We 503

use Kn = 3 and Ke = 5 as default values for 504

evaluation. 505

506

6.3 Main Results 507

For our main evaluation, we consider various 508

baselines and model configurations. In particular, 509

we highlight our "Hybrid 7B/13B" setting, where 510

a 7B model answers each subquestion and a 511

13B model handles final answer generation (as 512

described in Section 5.3). 513

514

Across both CWQ and WebQSP benchmarks 515

(Table 1), DAGR achieves strong performance 516

compared to approaches using similar model sizes 517
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Method CWQ WebQSP
Hit@1 F1 Hit@1 F1

IO prompt (ChatGPT) 37.6 - 63.3 -
CoT (ChatGPT) 38.8 - 62.2 -

StructGPT (ChatGPT) 54.3 - 72.6 -
ToG (LLaMa-2-70B) 53.6 - 63.7 -
ToG (ChatGPT) 57.1 - 76.2 -
RoG (LLaMa-2-7B + FT) 62.6 56.2 85.7 70.8
PoG (GPT-3.5) 63.2 - 82 -

G-R (LLaMa-2-7B) 52.1 44.8 70.5 51.7
DAGR (LLaMa-2-7B) 54.9 46 71.9 52.4
G-R (LLaMa-2-13B) 54.6 46.9 76.5 57.2
DAGR (Hybrid 7B/13B) 57.9 50.3 77.9 58.2
DAGR (LLaMa-2-13B) 58.1 50.8 77.4 56.4

Table 1: Performance comparison on the CWQ and WebQSP benchmarks. Bold indicates best results; underlined
values indicate second-best. Results are sourced from the original papers: Brown et al. (2020), Wei et al. (2022b),
Jiang et al. (2023), Sun et al. (2024), Luo et al. (2024), Chen et al. (2024), He et al. (2024b).

and no fine-tuning. On CWQ, which features518

multi-hop questions, we observe a significant519

improvement over prior non-finetuned baselines,520

including those using larger models like Sun521

et al. (2024) (70B) and He et al. (2024b) (13B).522

On WebQSP, a simpler QA dataset, our method523

still equals most related methods, although524

decomposition might be less helpful for single-hop525

questions. In both cases, only methods relying on526

dataset-specific fine-tuning or very large models527

(e.g., GPT-3.5 in (Chen et al., 2024)) achieve528

better scores, highlighting the value of simple529

decompositional reasoning at the retrieval stage.530

A key observation is that our "Hybrid 7B/13B"531

retrieval setup performs similarly to a full 13B532

pipeline, suggesting that most of the benefits come533

from decompositional retrieval, not simply model534

scale. Figure 7 highlights this efficiency: we535

maintain competitive performance while using536

fewer resources, by relying on a lightweight model537

for subquestions and a larger one only for the final538

answer.539

540

Method CWQ WebQSP

ToG 22.6 15.9
PoG 13.3 9.0
Ours 4.8 4.3

Table 2: Average number of LLM calls per question on
the CWQ and WebQSP datasets

Finally, Table 2 compares the average number 541

of LLM-calls for our method and compares it with 542

baselines that made this data available (Sun et al. 543

(2024), Chen et al. (2024)). These methods use iter- 544

ative cycles to answer the complex question, which 545

does not give any upper-bound for the number of 546

calls to the model. In our case, the number of calls 547

to the model directly depends on the number of 548

generated subquestions, which can ultimately be 549

controlled via prompting at the decomposition step. 550

While achieving state-of-the-art accuracy, we also 551

notably reduce LLM usage for both datasets, show- 552

ing the efficiency of our decompositional retrieval 553

method. Since we only use a single LLM call for 554

both decomposition and final answer generation, 555

we can deduce the average number of subquestions 556

generated. Without setting a limit on the number 557

of subquestions, we obtained an average of 2.8 sub- 558

questions for CWQ and 2.3 for WebQSP, which 559

shows that more complex questions will be decom- 560

posed in more subquestions. 561

7 Conclusion 562

We propose DAGR, a graph retrieval method using 563

decompositional reasoning with LLMs, combin- 564

ing textual knowledge graphs and hybrid retrieval 565

to improve multi-hop QA. Our approach achieves 566

state-of-the-art accuracy on standard benchmarks 567

without increasing model size, highlighting the 568

value of structured knowledge and explicit reason- 569

ing in knowledge-intensive tasks. 570
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Limitations571

Although our method demonstrated state-of-the-572

art results with smaller LLMs, we can mention573

some limitations of the approach. Our method is574

mostly adapted to complex QA datasets, as the575

decomposition works best on difficult and multi-576

hop questions that can be transformed into a set577

of simple and atomic questions. The decomposi-578

tion is not systematic, and we prompt the LLM579

to not decompose a question if it is considered to580

be simple enough; this approach can work on sim-581

ple QA datasets (shown in Table 1 for the WebQSP582

dataset), but there is no guaranty that the model will583

not force the decomposition of simple questions.584

We decompose complex questions using an585

LLM with a specific prompting technique shown586

in Appendix B. This method is advantageous for587

preprocessing an entire dataset, but it requires the588

use of a large enough LLM (we use Deepseek-R1-589

Distill-Qwen-32B, which is still relatively small590

compared to other baselines used for direct reason-591

ing). Also, it is hard to control the quality of the592

decomposition; manual evaluation has been con-593

ducted to control the quality of the decomposition.594

It has been observed that some generated subques-595

tions were redundant or irrelevant to the final goal,596

which can act as noise when providing them to the597

model. Potential future work might focus on im-598

plementing a error detection mechanism to control599

the quality of generated subquestions ; a path to600

explore would be to use a "LLM-as-a-judge" tech-601

nique, where a larger model could be used to judge602

the quality of the generated subquestions.603

Ethical Considerations604

This work improves the reasoning abilities of large605

language models by using structured knowledge606

from textual graphs. While this improves the607

model’s ability to make consistent and transparent608

predictions, it does not eliminate risks such as the609

propagation of biases present in the training data610

or the underlying knowledge graphs. We do not611

train new language models or use user-generated612

content. Our experiments are conducted using pub-613

licly available datasets. No personal or sensitive614

data is used. Nevertheless, caution should be exer-615

cised when deploying such systems in high-stakes616

or real-world applications, as flawed reasoning over617

structured data can result in factually inaccurate618

outputs.619

References 620

Garima Agrawal, Tharindu Kumarage, Zeyad Alghamdi, 621
and Huan Liu. 2024. Can Knowledge Graphs Reduce 622
Hallucinations in LLMs? : A Survey. In Proceed- 623
ings of the 2024 Conference of the North American 624
Chapter of the Association for Computational Lin- 625
guistics: Human Language Technologies (Volume 626
1: Long Papers), pages 3947–3960, Mexico City, 627
Mexico. Association for Computational Linguistics. 628

Jinheon Baek, Alham Fikri Aji, and Amir Saffari. 2023. 629
Knowledge-Augmented Language Model Prompting 630
for Zero-Shot Knowledge Graph Question Answer- 631
ing. In Proceedings of the 1st Workshop on Natural 632
Language Reasoning and Structured Explanations 633
(NLRSE), pages 78–106, Toronto, Canada. Associa- 634
tion for Computational Linguistics. 635

Daniel Bienstock, Michel X. Goemans, David Simchi- 636
Levi, and David Williamson. 1993. A note on the 637
prize collecting traveling salesman problem. Mathe- 638
matical Programming, 59(1-3):413–420. 639

Kurt Bollacker, Colin Evans, Praveen Paritosh, Tim 640
Sturge, and Jamie Taylor. 2008a. Freebase: a col- 641
laboratively created graph database for structuring 642
human knowledge. In Proceedings of the 2008 ACM 643
SIGMOD international conference on Management 644
of data, pages 1247–1250, Vancouver Canada. ACM. 645

Kurt Bollacker, Colin Evans, Praveen Paritosh, Tim 646
Sturge, and Jamie Taylor. 2008b. Freebase: a col- 647
laboratively created graph database for structuring 648
human knowledge. In Proceedings of the 2008 ACM 649
SIGMOD international conference on Management 650
of data, pages 1247–1250, Vancouver Canada. ACM. 651

Rishi Bommasani, Drew A Hudson, Ehsan Adeli, Russ 652
Altman, Simran Arora, Sydney von Arx, Michael S 653
Bernstein, Jeannette Bohg, Antoine Bosselut, Emma 654
Brunskill, and 1 others. 2021. On the opportuni- 655
ties and risks of foundation models. arXiv preprint 656
arXiv:2108.07258. 657

Tom Brown, Benjamin Mann, Nick Ryder, Melanie 658
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind 659
Neelakantan, Pranav Shyam, Girish Sastry, Amanda 660
Askell, Sandhini Agarwal, Ariel Herbert-Voss, 661
Gretchen Krueger, Tom Henighan, Rewon Child, 662
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens 663
Winter, and 12 others. 2020. Language Models are 664
Few-Shot Learners. In Advances in Neural Infor- 665
mation Processing Systems, volume 33, pages 1877– 666
1901. Curran Associates, Inc. 667

Liyi Chen, Panrong Tong, Zhongming Jin, Ying Sun, 668
Jieping Ye, and Hui Xiong. 2024. Plan-on-graph: 669
Self-correcting adaptive planning of large language 670
model on knowledge graphs. In The Thirty-eighth 671
Annual Conference on Neural Information Process- 672
ing Systems. 673

Kewei Cheng, Nesreen K Ahmed, Ryan A Rossi, 674
Theodore Willke, and Yizhou Sun. 2025. Neural- 675
symbolic methods for knowledge graph reasoning: A 676

9

https://doi.org/10.18653/v1/2024.naacl-long.219
https://doi.org/10.18653/v1/2024.naacl-long.219
https://doi.org/10.18653/v1/2024.naacl-long.219
https://doi.org/10.18653/v1/2023.nlrse-1.7
https://doi.org/10.18653/v1/2023.nlrse-1.7
https://doi.org/10.18653/v1/2023.nlrse-1.7
https://doi.org/10.18653/v1/2023.nlrse-1.7
https://doi.org/10.18653/v1/2023.nlrse-1.7
https://doi.org/10.1007/BF01581256
https://doi.org/10.1007/BF01581256
https://doi.org/10.1007/BF01581256
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://proceedings.neurips.cc/paper_files/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://openreview.net/forum?id=CwCUEr6wO5
https://openreview.net/forum?id=CwCUEr6wO5
https://openreview.net/forum?id=CwCUEr6wO5
https://openreview.net/forum?id=CwCUEr6wO5
https://openreview.net/forum?id=CwCUEr6wO5


survey. ACM Transactions on Knowledge Discovery677
from Data, 18(9):1–44.678

Nurendra Choudhary and Chandan K. Reddy. 2024.679
Complex Logical Reasoning over Knowledge Graphs680
using Large Language Models. arXiv preprint.681
ArXiv:2305.01157 [cs].682

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin,683
Maarten Bosma, Gaurav Mishra, Adam Roberts, Paul684
Barham, Hyung Won Chung, Charles Sutton, Sebas-685
tian Gehrmann, and 1 others. 2023. Palm: Scaling686
language modeling with pathways. Journal of Ma-687
chine Learning Research, 24(240):1–113.688

Rajarshi Das, Manzil Zaheer, Dung Thai, Ameya God-689
bole, Ethan Perez, Jay Yoon Lee, Lizhen Tan, Lazaros690
Polymenakos, and Andrew McCallum. 2021. Case-691
based Reasoning for Natural Language Queries over692
Knowledge Bases. In Proceedings of the 2021 Con-693
ference on Empirical Methods in Natural Language694
Processing, pages 9594–9611, Online and Punta695
Cana, Dominican Republic. Association for Com-696
putational Linguistics.697

DeepSeek-AI, Daya Guo, Dejian Yang, Haowei Zhang,698
Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,699
Shirong Ma, Peiyi Wang, Xiao Bi, Xiaokang Zhang,700
Xingkai Yu, Yu Wu, Z. F. Wu, Zhibin Gou, Zhihong701
Shao, Zhuoshu Li, Ziyi Gao, and 181 others. 2025.702
DeepSeek-R1: Incentivizing Reasoning Capability in703
LLMs via Reinforcement Learning. arXiv preprint.704
ArXiv:2501.12948 [cs].705

Na Dong, Natthawut Kertkeidkachorn, Xin Liu, and706
Kiyoaki Shirai. 2025. Refining noisy knowledge707
graph with large language models. In Proceedings708
of the Workshop on Generative AI and Knowledge709
Graphs (GenAIK), pages 78–86.710

Meng Fang, Shilong Deng, Yudi Zhang, Zijing Shi, Ling711
Chen, Mykola Pechenizkiy, and Jun Wang. 2024.712
Large Language Models Are Neurosymbolic Reason-713
ers. Proceedings of the AAAI Conference on Artificial714
Intelligence, 38(16):17985–17993. Section: AAAI715
Technical Track on Natural Language Processing I.716

Ruiliu Fu, Han Wang, Xuejun Zhang, Jun Zhou, and717
Yonghong Yan. 2021. Decomposing Complex Ques-718
tions Makes Multi-Hop QA Easier and More Inter-719
pretable. In Findings of the Association for Compu-720
tational Linguistics: EMNLP 2021, pages 169–180,721
Punta Cana, Dominican Republic. Association for722
Computational Linguistics.723

Xiaoxin He, Xavier Bresson, Thomas Laurent, Adam724
Perold, Yann LeCun, and Bryan Hooi. 2024a. Har-725
nessing Explanations: LLM-to-LM Interpreter for726
Enhanced Text-Attributed Graph Representation727
Learning. arXiv preprint. ArXiv:2305.19523 [cs].728

Xiaoxin He, Yijun Tian, Yifei Sun, Nitesh V. Chawla,729
Thomas Laurent, Yann LeCun, Xavier Bresson,730
and Bryan Hooi. 2024b. G-Retriever: Retrieval-731
Augmented Generation for Textual Graph Under-732
standing and Question Answering. In Advances in733

Neural Information Processing Systems, volume 37, 734
pages 132876–132907. Curran Associates, Inc. 735

Joy He-Yueya, Gabriel Poesia, Rose E. Wang, and 736
Noah D. Goodman. 2023. Solving Math Word Prob- 737
lems by Combining Language Models With Sym- 738
bolic Solvers. arXiv preprint. ArXiv:2304.09102 739
[cs]. 740

Aidan Hogan, Eva Blomqvist, Michael Cochez, Clau- 741
dia D’amato, Gerard De Melo, Claudio Gutierrez, 742
Sabrina Kirrane, José Emilio Labra Gayo, Roberto 743
Navigli, Sebastian Neumaier, Axel-Cyrille Ngonga 744
Ngomo, Axel Polleres, Sabbir M. Rashid, Anisa 745
Rula, Lukas Schmelzeisen, Juan Sequeda, Steffen 746
Staab, and Antoine Zimmermann. 2022. Knowledge 747
Graphs. ACM Computing Surveys, 54(4):1–37. 748

Linmei Hu, Zeyi Liu, Ziwang Zhao, Lei Hou, Liqiang 749
Nie, and Juanzi Li. 2024a. A Survey of Knowl- 750
edge Enhanced Pre-Trained Language Models. IEEE 751
Transactions on Knowledge and Data Engineering, 752
36(4):1413–1430. 753

Peng Hu, Changjiang Gao, Ruiqi Gao, Jiajun Chen, 754
and Shujian Huang. 2024b. Large language models 755
are limited in out-of-context knowledge reasoning. 756
In Findings of the Association for Computational 757
Linguistics: EMNLP 2024, pages 3144–3155. 758

Jie Huang and Kevin Chen-Chuan Chang. 2023. To- 759
wards Reasoning in Large Language Models: A 760
Survey. In Findings of the Association for Com- 761
putational Linguistics: ACL 2023, pages 1049–1065, 762
Toronto, Canada. Association for Computational Lin- 763
guistics. 764

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, 765
Zhangyin Feng, Haotian Wang, Qianglong Chen, 766
Weihua Peng, Xiaocheng Feng, Bing Qin, and Ting 767
Liu. 2025. A Survey on Hallucination in Large Lan- 768
guage Models: Principles, Taxonomy, Challenges, 769
and Open Questions. ACM Transactions on Informa- 770
tion Systems, 43(2):1–55. ArXiv:2311.05232 [cs]. 771

Shima Imani, Liang Du, and Harsh Shrivastava. 2023. 772
MathPrompter: Mathematical Reasoning using Large 773
Language Models. In Proceedings of the 61st An- 774
nual Meeting of the Association for Computational 775
Linguistics (Volume 5: Industry Track), pages 37– 776
42, Toronto, Canada. Association for Computational 777
Linguistics. 778

Haozhe Ji, Pei Ke, Shaohan Huang, Furu Wei, Xiaoyan 779
Zhu, and Minlie Huang. 2020. Language Generation 780
with Multi-Hop Reasoning on Commonsense Knowl- 781
edge Graph. In Proceedings of the 2020 Conference 782
on Empirical Methods in Natural Language Process- 783
ing (EMNLP), pages 725–736, Online. Association 784
for Computational Linguistics. 785

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan 786
Su, Yan Xu, Etsuko Ishii, Ye Jin Bang, Andrea 787
Madotto, and Pascale Fung. 2023a. Survey of hallu- 788
cination in natural language generation. ACM com- 789
puting surveys, 55(12):1–38. 790

10

https://doi.org/10.48550/arXiv.2305.01157
https://doi.org/10.48550/arXiv.2305.01157
https://doi.org/10.48550/arXiv.2305.01157
https://doi.org/10.18653/v1/2021.emnlp-main.755
https://doi.org/10.18653/v1/2021.emnlp-main.755
https://doi.org/10.18653/v1/2021.emnlp-main.755
https://doi.org/10.18653/v1/2021.emnlp-main.755
https://doi.org/10.18653/v1/2021.emnlp-main.755
https://doi.org/10.48550/arXiv.2501.12948
https://doi.org/10.48550/arXiv.2501.12948
https://doi.org/10.48550/arXiv.2501.12948
https://doi.org/10.1609/aaai.v38i16.29754
https://doi.org/10.1609/aaai.v38i16.29754
https://doi.org/10.1609/aaai.v38i16.29754
https://doi.org/10.18653/v1/2021.findings-emnlp.17
https://doi.org/10.18653/v1/2021.findings-emnlp.17
https://doi.org/10.18653/v1/2021.findings-emnlp.17
https://doi.org/10.18653/v1/2021.findings-emnlp.17
https://doi.org/10.18653/v1/2021.findings-emnlp.17
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://doi.org/10.48550/arXiv.2305.19523
https://proceedings.neurips.cc/paper_files/paper/2024/file/efaf1c9726648c8ba363a5c927440529-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/efaf1c9726648c8ba363a5c927440529-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/efaf1c9726648c8ba363a5c927440529-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/efaf1c9726648c8ba363a5c927440529-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/efaf1c9726648c8ba363a5c927440529-Paper-Conference.pdf
https://doi.org/10.48550/arXiv.2304.09102
https://doi.org/10.48550/arXiv.2304.09102
https://doi.org/10.48550/arXiv.2304.09102
https://doi.org/10.48550/arXiv.2304.09102
https://doi.org/10.48550/arXiv.2304.09102
https://doi.org/10.1145/3447772
https://doi.org/10.1145/3447772
https://doi.org/10.1145/3447772
https://doi.org/10.1109/TKDE.2023.3310002
https://doi.org/10.1109/TKDE.2023.3310002
https://doi.org/10.1109/TKDE.2023.3310002
https://doi.org/10.18653/v1/2023.findings-acl.67
https://doi.org/10.18653/v1/2023.findings-acl.67
https://doi.org/10.18653/v1/2023.findings-acl.67
https://doi.org/10.18653/v1/2023.findings-acl.67
https://doi.org/10.18653/v1/2023.findings-acl.67
https://doi.org/10.1145/3703155
https://doi.org/10.1145/3703155
https://doi.org/10.1145/3703155
https://doi.org/10.1145/3703155
https://doi.org/10.1145/3703155
https://doi.org/10.18653/v1/2023.acl-industry.4
https://doi.org/10.18653/v1/2023.acl-industry.4
https://doi.org/10.18653/v1/2023.acl-industry.4
https://doi.org/10.18653/v1/2020.emnlp-main.54
https://doi.org/10.18653/v1/2020.emnlp-main.54
https://doi.org/10.18653/v1/2020.emnlp-main.54
https://doi.org/10.18653/v1/2020.emnlp-main.54
https://doi.org/10.18653/v1/2020.emnlp-main.54


Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan791
Su, Yan Xu, Etsuko Ishii, Yejin Bang, Delong Chen,792
Wenliang Dai, Ho Shu Chan, Andrea Madotto, and793
Pascale Fung. 2023b. Survey of Hallucination in Nat-794
ural Language Generation. ACM Computing Surveys,795
55(12):1–38. ArXiv:2202.03629 [cs].796

Jinhao Jiang, Kun Zhou, Zican Dong, Keming Ye, Xin797
Zhao, and Ji-Rong Wen. 2023. StructGPT: A Gen-798
eral Framework for Large Language Model to Rea-799
son over Structured Data. In Proceedings of the 2023800
Conference on Empirical Methods in Natural Lan-801
guage Processing, pages 9237–9251, Singapore. As-802
sociation for Computational Linguistics.803

Ehsan Kamalloo, Nouha Dziri, Charles Clarke, and804
Davood Rafiei. 2023. Evaluating Open-Domain805
Question Answering in the Era of Large Language806
Models. In Proceedings of the 61st Annual Meet-807
ing of the Association for Computational Linguistics808
(Volume 1: Long Papers), pages 5591–5606, Toronto,809
Canada. Association for Computational Linguistics.810

Minki Kang, Jin Myung Kwak, Jinheon Baek, and811
Sung Ju Hwang. 2023. Knowledge Graph-812
Augmented Language Models for Knowledge-813
Grounded Dialogue Generation. arXiv preprint.814
ArXiv:2305.18846 [cs].815

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick816
Lewis, Ledell Wu, Sergey Edunov, Danqi Chen, and817
Wen-tau Yih. 2020. Dense Passage Retrieval for818
Open-Domain Question Answering. In Proceedings819
of the 2020 Conference on Empirical Methods in820
Natural Language Processing (EMNLP), pages 6769–821
6781, Online. Association for Computational Lin-822
guistics.823

Takeshi Kojima, Shixiang (Shane) Gu, Machel Reid,824
Yutaka Matsuo, and Yusuke Iwasawa. 2022. Large825
Language Models are Zero-Shot Reasoners. In Ad-826
vances in Neural Information Processing Systems,827
volume 35, pages 22199–22213. Curran Associates,828
Inc.829

Long Hei Matthew Lam, Ramya Keerthy Thatikonda,830
and Ehsan Shareghi. 2024. A Closer Look at Logical831
Reasoning with LLMs: The Choice of Tool Matters.832
arXiv preprint. ArXiv:2406.00284 [cs].833

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio834
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-835
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-836
täschel, Sebastian Riedel, and Douwe Kiela. 2020.837
Retrieval-Augmented Generation for Knowledge-838
Intensive NLP Tasks. In Advances in Neural Infor-839
mation Processing Systems, volume 33, pages 9459–840
9474. Curran Associates, Inc.841

Yuhan Li, Zhixun Li, Peisong Wang, Jia Li, Xiang-842
guo Sun, Hong Cheng, and Jeffrey Xu Yu. 2024.843
A Survey of Graph Meets Large Language Model:844
Progress and Future Directions. In Proceedings of845
the Thirty-ThirdInternational Joint Conference on846
Artificial Intelligence, pages 8123–8131, Jeju, South847

Korea. International Joint Conferences on Artificial 848
Intelligence Organization. 849

Weijie Liu, Peng Zhou, Zhe Zhao, Zhiruo Wang, Qi Ju, 850
Haotang Deng, and Ping Wang. 2020. K-BERT: 851
Enabling Language Representation with Knowledge 852
Graph. Proceedings of the AAAI Conference on Arti- 853
ficial Intelligence, 34(03):2901–2908. 854

Yixin Liu, Kejian Shi, Katherine He, Longtian Ye, 855
Alexander Fabbri, Pengfei Liu, Dragomir Radev, and 856
Arman Cohan. 2024. On Learning to Summarize 857
with Large Language Models as References. In Pro- 858
ceedings of the 2024 Conference of the North Amer- 859
ican Chapter of the Association for Computational 860
Linguistics: Human Language Technologies (Volume 861
1: Long Papers), pages 8647–8664, Mexico City, 862
Mexico. Association for Computational Linguistics. 863

Ilya Loshchilov and Frank Hutter. 2017. Decou- 864
pled weight decay regularization. arXiv preprint 865
arXiv:1711.05101. 866

Linhao Luo, Yuan-Fang Li, Reza Haf, and Shirui Pan. 867
2024. Reasoning on graphs: Faithful and inter- 868
pretable large language model reasoning. In The 869
Twelfth International Conference on Learning Repre- 870
sentations. 871

Tobias Aanderaa Opsahl. 2024. Fact or fiction? improv- 872
ing fact verification with knowledge graphs through 873
simplified subgraph retrievals. In Proceedings of the 874
Seventh Fact Extraction and VERification Workshop 875
(FEVER), pages 307–316. 876

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, 877
Carroll Wainwright, Pamela Mishkin, Chong Zhang, 878
Sandhini Agarwal, Katarina Slama, Alex Ray, John 879
Schulman, Jacob Hilton, Fraser Kelton, Luke Miller, 880
Maddie Simens, Amanda Askell, Peter Welinder, 881
Paul F Christiano, Jan Leike, and Ryan Lowe. 2022. 882
Training language models to follow instructions with 883
human feedback. In Advances in Neural Information 884
Processing Systems, volume 35, pages 27730–27744. 885
Curran Associates, Inc. 886

Liangming Pan, Alon Albalak, Xinyi Wang, and 887
William Wang. 2023. Logic-LM: Empowering Large 888
Language Models with Symbolic Solvers for Faith- 889
ful Logical Reasoning. In Findings of the Associa- 890
tion for Computational Linguistics: EMNLP 2023, 891
pages 3806–3824, Singapore. Association for Com- 892
putational Linguistics. 893

Shirui Pan, Linhao Luo, Yufei Wang, Chen Chen, Jiapu 894
Wang, and Xindong Wu. 2024. Unifying Large Lan- 895
guage Models and Knowledge Graphs: A Roadmap. 896
IEEE Transactions on Knowledge and Data Engi- 897
neering, 36(7):3580–3599. 898

Boci Peng, Yun Zhu, Yongchao Liu, Xiaohe Bo, 899
Haizhou Shi, Chuntao Hong, Yan Zhang, and Siliang 900
Tang. 2024. Graph Retrieval-Augmented Generation: 901
A Survey. arXiv preprint. ArXiv:2408.08921 [cs] 902
version: 1. 903

11

https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.1145/3571730
https://doi.org/10.18653/v1/2023.emnlp-main.574
https://doi.org/10.18653/v1/2023.emnlp-main.574
https://doi.org/10.18653/v1/2023.emnlp-main.574
https://doi.org/10.18653/v1/2023.emnlp-main.574
https://doi.org/10.18653/v1/2023.emnlp-main.574
https://doi.org/10.18653/v1/2023.acl-long.307
https://doi.org/10.18653/v1/2023.acl-long.307
https://doi.org/10.18653/v1/2023.acl-long.307
https://doi.org/10.18653/v1/2023.acl-long.307
https://doi.org/10.18653/v1/2023.acl-long.307
https://doi.org/10.48550/arXiv.2305.18846
https://doi.org/10.48550/arXiv.2305.18846
https://doi.org/10.48550/arXiv.2305.18846
https://doi.org/10.48550/arXiv.2305.18846
https://doi.org/10.48550/arXiv.2305.18846
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://doi.org/10.18653/v1/2020.emnlp-main.550
https://proceedings.neurips.cc/paper_files/paper/2022/file/8bb0d291acd4acf06ef112099c16f326-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/8bb0d291acd4acf06ef112099c16f326-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/8bb0d291acd4acf06ef112099c16f326-Paper-Conference.pdf
https://doi.org/10.48550/arXiv.2406.00284
https://doi.org/10.48550/arXiv.2406.00284
https://doi.org/10.48550/arXiv.2406.00284
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/6b493230205f780e1bc26945df7481e5-Abstract.html
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.24963/ijcai.2024/898
https://doi.org/10.1609/aaai.v34i03.5681
https://doi.org/10.1609/aaai.v34i03.5681
https://doi.org/10.1609/aaai.v34i03.5681
https://doi.org/10.1609/aaai.v34i03.5681
https://doi.org/10.1609/aaai.v34i03.5681
https://doi.org/10.18653/v1/2024.naacl-long.478
https://doi.org/10.18653/v1/2024.naacl-long.478
https://doi.org/10.18653/v1/2024.naacl-long.478
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://doi.org/10.18653/v1/2023.findings-emnlp.248
https://doi.org/10.18653/v1/2023.findings-emnlp.248
https://doi.org/10.18653/v1/2023.findings-emnlp.248
https://doi.org/10.18653/v1/2023.findings-emnlp.248
https://doi.org/10.18653/v1/2023.findings-emnlp.248
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.1109/TKDE.2024.3352100
https://doi.org/10.48550/arXiv.2408.08921
https://doi.org/10.48550/arXiv.2408.08921
https://doi.org/10.48550/arXiv.2408.08921


Ethan Perez, Patrick Lewis, Wen-tau Yih, Kyunghyun904
Cho, and Douwe Kiela. 2020. Unsupervised Ques-905
tion Decomposition for Question Answering. In906
Proceedings of the 2020 Conference on Empirical907
Methods in Natural Language Processing (EMNLP),908
pages 8864–8880, Online. Association for Computa-909
tional Linguistics.910

Fabio Petroni, Tim Rocktäschel, Sebastian Riedel,911
Patrick Lewis, Anton Bakhtin, Yuxiang Wu, and912
Alexander Miller. 2019. Language models as knowl-913
edge bases? In Proceedings of the 2019 Confer-914
ence on Empirical Methods in Natural Language Pro-915
cessing and the 9th International Joint Conference916
on Natural Language Processing (EMNLP-IJCNLP),917
pages 2463–2473.918

Xinyu Pi, Qian Liu, Bei Chen, Morteza Ziyadi, Zeqi Lin,919
Qiang Fu, Yan Gao, Jian-Guang Lou, and Weizhu920
Chen. 2022. Reasoning Like Program Executors. In921
Proceedings of the 2022 Conference on Empirical922
Methods in Natural Language Processing, pages 761–923
779, Abu Dhabi, United Arab Emirates. Association924
for Computational Linguistics.925

Moschoula Pternea, Prerna Singh, Abir Chakraborty,926
Yagna Oruganti, Mirco Milletari, Sayli Bapat, and927
Kebei Jiang. 2024. The rl/llm taxonomy tree: Re-928
viewing synergies between reinforcement learning929
and large language models. Journal of Artificial In-930
telligence Research, 80:1525–1573.931

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert:932
Sentence embeddings using siamese bert-networks.933
In Proceedings of the 2019 Conference on Empirical934
Methods in Natural Language Processing and the 9th935
International Joint Conference on Natural Language936
Processing (EMNLP-IJCNLP), pages 3982–3992.937

Yunsheng Shi, Zhengjie Huang, Shikun Feng, Hui938
Zhong, Wenjing Wang, and Yu Sun. 2021. Masked939
label prediction: Unified message passing model for940
semi-supervised classification. In Proceedings of the941
Thirtieth International Joint Conference on Artificial942
Intelligence, pages 1548–1554. International Joint943
Conferences on Artificial Intelligence Organization.944

Dong Shu, Tianle Chen, Mingyu Jin, Chong Zhang,945
Mengnan Du, and Yongfeng Zhang. 2025. Knowl-946
edge Graph Large Language Model (KG-LLM) for947
Link Prediction. In Proceedings of the 16th Asian948
Conference on Machine Learning, volume 260 of949
Proceedings of Machine Learning Research, pages950
143–158. PMLR.951

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao,952
Abu Awal Md Shoeb, Abubakar Abid, Adam Fisch,953
Adam R. Brown, Adam Santoro, Aditya Gupta,954
Adrià Garriga-Alonso, Agnieszka Kluska, Aitor955
Lewkowycz, Akshat Agarwal, Alethea Power, Alex956
Ray, Alex Warstadt, Alexander W. Kocurek, Ali957
Safaya, Ali Tazarv, and 432 others. 2023. Beyond958
the Imitation Game: Quantifying and extrapolating959
the capabilities of language models. arXiv preprint.960
ArXiv:2206.04615 [cs].961

Jiashuo Sun, Chengjin Xu, Lumingyuan Tang, Saizhuo 962
Wang, Chen Lin, Yeyun Gong, Lionel Ni, Heung- 963
Yeung Shum, and Jian Guo. 2024. Think-on-graph: 964
Deep and responsible reasoning of large language 965
model on knowledge graph. In The Twelfth Interna- 966
tional Conference on Learning Representations. 967

Alon Talmor and Jonathan Berant. 2018. The Web as 968
a Knowledge-Base for Answering Complex Ques- 969
tions. In Proceedings of the 2018 Conference of the 970
North American Chapter of the Association for Com- 971
putational Linguistics: Human Language Technolo- 972
gies, Volume 1 (Long Papers), pages 641–651, New 973
Orleans, Louisiana. Association for Computational 974
Linguistics. 975

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier 976
Martinet, Marie-Anne Lachaux, Timothée Lacroix, 977
Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal 978
Azhar, Aurelien Rodriguez, Armand Joulin, Edouard 979
Grave, and Guillaume Lample. 2023a. LLaMA: 980
Open and Efficient Foundation Language Models. 981
arXiv preprint. ArXiv:2302.13971 [cs]. 982

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al- 983
bert, Amjad Almahairi, Yasmine Babaei, Nikolay 984
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti 985
Bhosale, Dan Bikel, Lukas Blecher, Cristian Can- 986
ton Ferrer, Moya Chen, Guillem Cucurull, David 987
Esiobu, Jude Fernandes, Jeremy Fu, Wenyin Fu, 988
and 49 others. 2023b. Llama 2: Open Founda- 989
tion and Fine-Tuned Chat Models. arXiv preprint. 990
ArXiv:2307.09288 [cs]. 991

Harsh Trivedi, Niranjan Balasubramanian, Tushar Khot, 992
and Ashish Sabharwal. 2023. Interleaving Retrieval 993
with Chain-of-Thought Reasoning for Knowledge- 994
Intensive Multi-Step Questions. In Proceedings of 995
the 61st Annual Meeting of the Association for Com- 996
putational Linguistics (Volume 1: Long Papers), 997
pages 10014–10037, Toronto, Canada. Association 998
for Computational Linguistics. 999

Siyuan Wang, Zhongyu Wei, Jiarong Xu, Taishan Li, 1000
and Zhihao Fan. 2024. Unifying Structure Reasoning 1001
and Language Pre-Training for Complex Reasoning 1002
Tasks. IEEE/ACM Transactions on Audio, Speech, 1003
and Language Processing, 32:1586–1595. 1004

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc V Le, 1005
Ed H Chi, Sharan Narang, Aakanksha Chowdhery, 1006
and Denny Zhou. 2023. Self-consistency improves 1007
chain of thought reasoning in language models. In 1008
The Eleventh International Conference on Learning 1009
Representations. 1010

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, 1011
Barret Zoph, Sebastian Borgeaud, Dani Yogatama, 1012
Maarten Bosma, Denny Zhou, Donald Metzler, Ed H. 1013
Chi, Tatsunori Hashimoto, Oriol Vinyals, Percy 1014
Liang, Jeff Dean, and William Fedus. 2022a. Emer- 1015
gent Abilities of Large Language Models. arXiv 1016
preprint. ArXiv:2206.07682 [cs]. 1017

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 1018
Bosma, brian ichter, Fei Xia, Ed Chi, Quoc V Le, and 1019

12

https://doi.org/10.18653/v1/2020.emnlp-main.713
https://doi.org/10.18653/v1/2020.emnlp-main.713
https://doi.org/10.18653/v1/2020.emnlp-main.713
https://doi.org/10.18653/v1/2022.emnlp-main.48
https://proceedings.mlr.press/v260/shu25a.html
https://proceedings.mlr.press/v260/shu25a.html
https://proceedings.mlr.press/v260/shu25a.html
https://proceedings.mlr.press/v260/shu25a.html
https://proceedings.mlr.press/v260/shu25a.html
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.18653/v1/N18-1059
https://doi.org/10.18653/v1/N18-1059
https://doi.org/10.18653/v1/N18-1059
https://doi.org/10.18653/v1/N18-1059
https://doi.org/10.18653/v1/N18-1059
https://doi.org/10.48550/arXiv.2302.13971
https://doi.org/10.48550/arXiv.2302.13971
https://doi.org/10.48550/arXiv.2302.13971
https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.48550/arXiv.2307.09288
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.1109/TASLP.2023.3325973
https://doi.org/10.1109/TASLP.2023.3325973
https://doi.org/10.1109/TASLP.2023.3325973
https://doi.org/10.1109/TASLP.2023.3325973
https://doi.org/10.1109/TASLP.2023.3325973
https://doi.org/10.48550/arXiv.2206.07682
https://doi.org/10.48550/arXiv.2206.07682
https://doi.org/10.48550/arXiv.2206.07682


Denny Zhou. 2022b. Chain-of-Thought Prompting1020
Elicits Reasoning in Large Language Models. In1021
Advances in Neural Information Processing Systems,1022
volume 35, pages 24824–24837. Curran Associates,1023
Inc.1024

Junjie Xu, Zongyu Wu, Minhua Lin, Xiang Zhang,1025
and Suhang Wang. 2024. LLM and GNN are Com-1026
plementary: Distilling LLM for Multimodal Graph1027
Learning. arXiv preprint. ArXiv:2406.01032 [cs].1028

Sohee Yang, Elena Gribovskaya, Nora Kassner, Mor1029
Geva, and Sebastian Riedel. 2024. Do large language1030
models latently perform multi-hop reasoning? In1031
Proceedings of the 62nd Annual Meeting of the As-1032
sociation for Computational Linguistics (Volume 1:1033
Long Papers), pages 10210–10229.1034

Liang Yao, Chengsheng Mao, and Yuan Luo. 2019.1035
KG-BERT: BERT for Knowledge Graph Comple-1036
tion. arXiv preprint. ArXiv:1909.03193 [cs].1037

Michihiro Yasunaga, Hongyu Ren, Antoine Bosselut,1038
Percy Liang, and Jure Leskovec. 2021. QA-GNN:1039
Reasoning with Language Models and Knowledge1040
Graphs for Question Answering. In Proceedings of1041
the 2021 Conference of the North American Chapter1042
of the Association for Computational Linguistics: Hu-1043
man Language Technologies, pages 535–546, Online.1044
Association for Computational Linguistics.1045

Wen-tau Yih, Matthew Richardson, Chris Meek, Ming-1046
Wei Chang, and Jina Suh. 2016. The Value of Se-1047
mantic Parse Labeling for Knowledge Base Question1048
Answering. In Proceedings of the 54th Annual Meet-1049
ing of the Association for Computational Linguistics1050
(Volume 2: Short Papers), pages 201–206, Berlin,1051
Germany. Association for Computational Linguis-1052
tics.1053

Biao Zhang, Barry Haddow, and Alexandra Birch.1054
2023. Prompting Large Language Model for Ma-1055
chine Translation: A Case Study. In Proceedings of1056
the 40th International Conference on Machine Learn-1057
ing, volume 202 of Proceedings of Machine Learning1058
Research, pages 41092–41110. PMLR.1059

Qinggang Zhang, Junnan Dong, Hao Chen, Daochen1060
Zha, Zailiang Yu, and Xiao Huang. 2024a.1061
KnowGPT: Knowledge Graph based Prompting for1062
Large Language Models. In Advances in Neural1063
Information Processing Systems, volume 37, pages1064
6052–6080. Curran Associates, Inc.1065

Yifei Zhang, Xintao Wang, Jiaqing Liang, Sirui Xia,1066
Lida Chen, and Yanghua Xiao. 2024b. Chain-of-1067
Knowledge: Integrating Knowledge Reasoning into1068
Large Language Models by Learning from Knowl-1069
edge Graphs. arXiv preprint. ArXiv:2407.006531070
[cs].1071

Zirui Zhao, Wee Sun Lee, and David Hsu. 2023. Large1072
Language Models as Commonsense Knowledge for1073
Large-Scale Task Planning. In Advances in Neural1074
Information Processing Systems, volume 36, pages1075
31967–31987. Curran Associates, Inc.1076

Denny Zhou, Nathanael Schärli, Le Hou, Jason Wei, 1077
Nathan Scales, Xuezhi Wang, Dale Schuurmans, 1078
Claire Cui, Olivier Bousquet, Quoc V Le, and 1 oth- 1079
ers. 2023. Least-to-most prompting enables complex 1080
reasoning in large language models. In The Eleventh 1081
International Conference on Learning Representa- 1082
tions. 1083

13

https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://doi.org/10.48550/arXiv.2406.01032
https://doi.org/10.48550/arXiv.2406.01032
https://doi.org/10.48550/arXiv.2406.01032
https://doi.org/10.48550/arXiv.2406.01032
https://doi.org/10.48550/arXiv.2406.01032
https://doi.org/10.48550/arXiv.1909.03193
https://doi.org/10.48550/arXiv.1909.03193
https://doi.org/10.48550/arXiv.1909.03193
https://doi.org/10.18653/v1/2021.naacl-main.45
https://doi.org/10.18653/v1/2021.naacl-main.45
https://doi.org/10.18653/v1/2021.naacl-main.45
https://doi.org/10.18653/v1/2021.naacl-main.45
https://doi.org/10.18653/v1/2021.naacl-main.45
https://doi.org/10.18653/v1/P16-2033
https://doi.org/10.18653/v1/P16-2033
https://doi.org/10.18653/v1/P16-2033
https://doi.org/10.18653/v1/P16-2033
https://doi.org/10.18653/v1/P16-2033
https://proceedings.mlr.press/v202/zhang23m.html
https://proceedings.mlr.press/v202/zhang23m.html
https://proceedings.mlr.press/v202/zhang23m.html
https://proceedings.neurips.cc/paper_files/paper/2024/file/0b8705a611ed1ce19cdb759031078705-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/0b8705a611ed1ce19cdb759031078705-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/0b8705a611ed1ce19cdb759031078705-Paper-Conference.pdf
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://doi.org/10.48550/arXiv.2407.00653
https://proceedings.neurips.cc/paper_files/paper/2023/file/65a39213d7d0e1eb5d192aa77e77eeb7-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/65a39213d7d0e1eb5d192aa77e77eeb7-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/65a39213d7d0e1eb5d192aa77e77eeb7-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/65a39213d7d0e1eb5d192aa77e77eeb7-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/65a39213d7d0e1eb5d192aa77e77eeb7-Paper-Conference.pdf


A Experimental Results1084

The value of the α parameter, which controls the1085

hybrid retrieval mechanism, can cause the retrieved1086

graphs to be more or less connected. We saw (Fig-1087

ure 5) that with a lower value of α, we sometimes1088

produce disconnected graphs; at a higher value of1089

α, most (if not all) graphs become naturally con-1090

nected. Figure 8 suggests that the model better1091

handles the connected graphs, as they lead to better1092

results, but the low number of disconnected graphs1093

questions the statistical significance of this hypoth-1094

esis. We observe that for some alpha values, the p-1095

value is less than 0.05. We also use a Beta law to es-1096

timate the posterior distribution of p, the parameter1097

for the Binomial law that represents the accuracy of1098

our predictions. Over the different alpha values, we1099

obtain P (connected > disconnected) = 0.919,1100

which indicates the plausibility of our claim.1101
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Figure 8: Model Accuracy (Hit@1) for connected and
disconnected graphs against the value of the α parameter
for the CWQ dataset.
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Figure 9: Graph density against the value of the α pa-
rameter, for the CWQ benchmark.

We make a similar observation with graph den- 1102

sity; as shown in Figure 9, a lower α produces 1103

less dense graphs, but the retrieved graphs will 1104

be denser as the value of the parameter increases 1105

towards 1. Evidently, α = 1 produces identical 1106

results to He et al. (2024b), as we only use the com- 1107

plex question. The density of a graph G = (V,E) 1108

is given by Figure 10 : 1109

D(G) =
2 · |E|

|V | · (|V | − 1)

Figure 10: Graph density formula (undirected graph).
|V | and |E| denote the number of nodes and edges
in the graph G = (V,E). Density quantifies how
many edges exist compared to the maximum possible
number of edges in the graph.
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Figure 11: Graph size against the value of the Kn pa-
rameter (retrieved nodes), for the CWQ benchmark.
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Figure 12: Accuracy (Hit@1) against the value of the
Kn parameter (retrieved nodes), for the CWQ bench-
mark. Those results were obtained for our 7B model.
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Figure 11 shows how changing Kn (similar1110

effects with Ke) acts on the size of the final1111

merged graph. As we perform retrieval for each1112

subquestion (multiple times for each complex1113

question), a small increase in the value of Kn1114

will result in a much larger merged graph (each1115

subgraph is larger). This effect will naturally have1116

an impact on the performance of our method, as1117

the model needs to process larger graphs.1118

1119

Figure 12 highlights the importance of choosing1120

the right values for Kn at retrieval. Increasing Kn1121

or Ke beyond certain values does not improve1122

performance, which is consistent with findings1123

from He et al. (2024b) on other datasets. Setting1124

Kn too low (e.g., Kn = 2) limits knowledge1125

retrieval, while higher values (e.g., Kn > 5)1126

introduce noise from irrelevant nodes, degrading1127

answer quality.1128

1129

The Exact Matching score is a metric that de-1130

scribes how often the exact answer to the complex1131

question is found within the retrieved graph. We1132

test the performance of our retrieval method with1133

different models and retrieval settings (Kn and Ke),1134

controlling the size of retrieved graphs. Overall,1135

we observe that the α parameter has a high influ-1136

ence on the metric, which shows that our method1137

improves the presence of target entities in the re-1138

trieved graphs. Also, regardless of the value of1139

α, all experiments show that we obtain higher Ex-1140

act Matching than by simply using the complex1141

question.1142
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Figure 13: Exact matching (%) as a function of the α
parameter on the CWQ benchmark for the 7B model
with Kn = 3 and Ke = 5
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Figure 14: Exact matching (%) as a function of the α
parameter on the CWQ benchmark for the 7B model
with Kn = 5 and Ke = 7
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Figure 15: Exact matching (%) as a function of the α
parameter on the CWQ benchmark for the 13B model
with Kn = 3 and Ke = 5
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Figure 16: Exact matching (%) as a function of the α
parameter on the CWQ benchmark for the 13B model
with Kn = 5 and Ke = 7

Another useful metric to asses the quality 1143

of our retrieval method is the Matching metric. 1144

Compared to the Exact Matching, this metric 1145

allows for more flexibility and can evaluate the 1146
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Figure 17: Matching (%) as a function of the α param-
eter on the CWQ benchmark for the 7B model with
Kn = 3 and Ke = 5
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Figure 18: Matching (%) as a function of the α param-
eter on the CWQ benchmark for the 7B model with
Kn = 5 and Ke = 7
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Figure 19: Matching (%) as a function of the α param-
eter on the CWQ benchmark for the 13B model with
Kn = 3 and Ke = 5

presence of highly similar entities (compared to the1147

ground-truth answer) within the retrieved graph.1148

We run experiments using a similarity threshold of1149

0.95 with the cosine similarity function. We make1150
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Figure 20: Matching (%) as a function of the α param-
eter on the CWQ benchmark for the 13B model with
Kn = 5 and Ke = 7

similar observations as for the Exact Matching 1151

metric, and we empirically show that our method 1152

achieves better Matching than previous methods. 1153

1154

Configuration Hit@1 Impact

Full Pipeline 54.9 -
w/o Graph Encoding 42.8 -12.1
w/o Textual Graph 35.8 -9.1
w/o SQs Dependency 36.3 -18.6
w/o Graph Connectivity 43.7 -10.2

Table 3: Ablation study showing the impact of various
components from the pipeline. The results provided
were obtained on CWQ using LLaMa-2-7B.

We ablate key components of our pipeline on 1155

CWQ using LLaMa-2-7B (see Figure 3). Remov- 1156

ing the graph encoder or textual representation 1157

leads to substantial drops in Hit@1 (-12.1, -9.1 1158

points respectively), confirming the importance of 1159

both structured and textual graph information for 1160

accurate generation. At the graph retrieval stage, 1161

we measure the impact of treating the subquestions 1162

dependency or connecting subgraphs. Removing 1163

the dependency between subquestions is equivalent 1164

to the case where subquestions don’t have access 1165

to previous subquestions and answers. Again, 1166

we observe the importance of both steps at the 1167

retrieval stage for the QA pipeline on complex 1168

questions. 1169

1170
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We test evaluate the quality of generated sub-1171

questions ; in that end, we perform a manual eval-1172

uation for a random sample of 200 complex ques-1173

tions. We classify each instance in one of four1174

classes ; the results of the evaluation are presented1175

in Table 4:1176

Quality 7B 14B 32B

++ (Excellent) 27 34 69.5
+ (Good) 11 11 12.5
- (Weak) 27 24.5 11.5
- - (Poor) 35 30.5 7.5

Table 4: Evaluation of question decomposition quality
across four levels: Excellent (++), Good (+), Weak (–),
and Poor (– –). Evaluation was perfomed a random
sample of 200 questions. Results are expressed in per-
centages.

Our evaluation is made in the following way:1177

an excellent decomposition (++) corresponds1178

to a human-level decomposition ; a good de-1179

composition (+) corresponds to a satisfying1180

decomposition that a human subject would slightly1181

change ; a weak decomposition (-) represents1182

cases where some subquestions repeat or are not1183

useful, which can cause disturbance, but will1184

likely not break the reasoning chain ; finally, a1185

poor decomposition (- -) corresponds to a false1186

or non-existing decomposition. We observe that1187

the "smaller" models produce a decomposition1188

which is much less qualitative. There is a large gap1189

between the 14B and 32B models, highlighting1190

the emerging capabilities of LLMs with a larger1191

number of parameters.1192

1193

Decomposition Model 7B 14B 32B

Accuracy (Hit@1) 49.2 49.9 54.9

Table 5: We measure the accuracy (Hit@1) obtained
using different model sizes at the decomposition step ;
for the inference pipeline, we use LLaMa-2-7B. Results
show the importance in the quality of the decomposition.

We can analyze how the noise in the subques-1194

tions propagates through the inference pipeline and1195

the consequences on the overall performance: in1196

Table 5, we observe that that the performance of1197

the overall pipeline decreases when using a smaller1198

model at decomposition. This statement confirms1199

the manual evaluation that was done previously,1200

where we observed a lower quality in the gener- 1201

ated subquestions when using 7B and 14B models. 1202

In the manual evaluation, we saw that the 7B and 1203

14B models produced subquestions of similar qual- 1204

ity, while the 32B model outperformed them quite 1205

clearly ; in terms of accuracy, wa find similar re- 1206

sults, as the 7B and 14B models lead to similar 1207

accuracy, and the 32B model outperforms them by 1208

more than 5%. 1209

B Experimental Setup 1210

Prompt for Subquestion Generation

You are an expert at decomposing
complex questions into smaller, atomic
subquestions. If the question can’t be
decomposed into smaller questions, leave
it as it is. Decompose the following ques-
tion into a list of simpler subquestions
that:

- Are atomic (addressing only one piece
of information at a time)
- Are logically ordered
- Have access to answers from previous
subquestions
- Cover all necessary aspects of the
original question
- Can be answered with a single entity
- Lead to the answer in the last subques-
tion

You must strictly format your answer
as a valid JSON array; do NOT include
explanations or reasoning.

Now decompose the following question
in JSON format.

Complex Question:
"Which city is the birthplace of the author
of the novel “1984”?"
Subquestions:
1. Who is the author of the novel “1984”?
2. Where was this author born?

Figure 21: Example of decomposition prompt for a
complex question.

At the retrieval step, we encode all nodes and 1211

edges using Sentence-BERT model; we use a ver- 1212
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Few-shot Prompting

Examples:

Input: What is the capital of the country
that exports the most honey ?
Output: ["Which country exports the
most honey ?", "What is the capital of
that country ?"]

Input: What sports team does Michael’s
best friend support ?
Output: ["Who is Michael’s best friend
?", "What sports team does he support ?"]

Input: What fruits grow in the hottest
countries from the largest continent in the
world ?
Output: ["What is the largest continent in
the world ?", "What countries are hottest
on this continent ?", "What fruits grow in
those countries ?"]

Input: How old is Obama ?
Output: ["How old is Obama ?"]

Now decompose the following question
in JSON format.

Figure 22: Example of possible few-shot prompting

sion based on the roberta-large model 1. For the lan-1213

guage models, we use Deepseek-R1-Distill-Qwen-1214

32B 2 (DeepSeek-AI et al., 2025) for preprocessing1215

(complex questions decomposition); for inference,1216

we use both LLaMa-2-7B and LLaMa-2-13B (Tou-1217

vron et al., 2023b). At all steps (question decompo-1218

sition and answer generation), we use the models in1219

a greedy setting (setting the temperature parameter1220

to 0). For the generation pipeline and the choice1221

of hyperparameters, we follow work done in He1222

et al. (2024b) 3. We set the maximum input text1223

length of the model to 512 tokens and the maxi-1224

mum output size to 32 tokens. For prompt tuning,1225

we set the number of virtual tokens to 10. The1226

setup of the language models, along with the de-1227

1https://huggingface.co/sentence-transformers/all-
roberta-large-v1

2https://huggingface.co/deepseek-ai/DeepSeek-R1-
Distill-Qwen-32B

3code used is under MIT license

terministic nature of the hybrid retrieval process, 1228

allows for reproducible results for identical runs. 1229

All reported results for our method correspond to 1230

a single run, and not a mean of different runs. For 1231

the graph encoder, we follow Shi et al. (2021) (4 1232

layers, 4 attention heads per layer, hidden dimen- 1233

sion of 1024); the following projection layer is a 1234

simple feedfoward neural network (2 linear layers, 1235

1 activation layer), where the output size needs to 1236

match the hidden representation dimension for the 1237

LLM which is being used. For training the graph 1238

encoder, we use the AdamW optimizer (Loshchilov 1239

and Hutter, 2017); we train the graph encoder with 1240

a batch size of 4 for 10 epochs (with early stop- 1241

ping). The initial learning rate is set to 10−5, with 1242

a weight decay of 0.05. At the retrieval step, when 1243

creating a connected graph using PCST, we choose 1244

to use the default values of Kn = 3 and Ke = 5. 1245

For the datasets, we work with the preprocessed 1246

versions of CWQ 4 and WebQSP 5 obtained by 1247

Luo et al. (2024). For the dataset split, we use the 1248

default train and test sets proposed in the indicated 1249

versions. 1250

We propose an example of a prompt used for 1251

decomposing a complex question into multiple 1252

atomic and logically ordered subquestions. See 1253

Figure 21 for an illustration. Additionally, we pro- 1254

vide examples of decomposition to the model to 1255

clarify the task and the expected output format. Fig- 1256

ure 22 presents some decomposition examples on 1257

made-up complex questions; we also choose to add 1258

simple questions to show that decomposition is not 1259

always necessary. 1260

C Compute Resources and Energy 1261

Consumption 1262

We compute the total energy consumption for both 1263

CWQ and WebQSP datasets. For each model 1264

used, we use a single A100 40GB GPU. The 1265

LLaMa-2-13B model consumes more energy and 1266

also takes longer to run compared to LLaMa-2-7B. 1267

Our hybrid setup is a combination of both models, 1268

where we use LLaMa-2-7B for the subquestions, 1269

and LLaMa-2-13B only for the final question 1270

answering. We showed that we obtain similar 1271

accuracy results for the Hybrid 7B/13B model 1272

and for LLaMa-2-13B; but Table 6 shows that 1273

the hybrid option is much more economical, as 1274

we are able to reduce energy consumption by 1275

4https://huggingface.co/datasets/rmanluo/RoG-cwq
5https://huggingface.co/datasets/rmanluo/RoG-webqsp
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17%. Compared to the LLaMa-2-7B model, the1276

hybrid option only consumes 6% more energy, all1277

experiments considered.1278

1279

Model GPU Energy (kWh)

LLaMa-2-7B A100 40GB 4.62
LLaMa-2-13B A100 40GB 5.94
Hybrid 7B/13B A100 40GB 4.95

Table 6: Energy consumption for test-set experiments
across model configurations.

Model Dataset GPU Energy (kWh)

R1-Q-32B CWQ H100 96GB 3.15
R1-Q-32B WebQSP H100 96GB 0.72

Table 7: Energy consumption for question decomposi-
tion (entire dataset preprocessing).

Task CO2 Emissions (kgCO2e)

Preprocessing 2.27
Inference 6.2

Table 8: CO2 Emissions (kg) for dataset preprocessing
and model inference.

We also compute the total energy consumption1280

for dataset preprocessing, which mainly consists of1281

decomposing all questions in the dataset as a set of1282

subquestions. For this task, we use a larger model1283

(DeepSeek-R1-Distill-Qwen-32B), and we report1284

the total energy consumption for each dataset in1285

Table 7. Since the CWQ dataset is much larger than1286

the WebQSP dataset, we observe a large difference1287

in the energy needed in both cases.1288

Having given the energy consumption for our1289

experiments, we compute the corresponding CO21290

emissions (Mass of CO2 equivalent, kgCO2e) for1291

the different compute tasks (Table 8).1292
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