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Abstract001

Large language models (LLMs) have achieved002
good performance in multiple reasoning tasks.003
However, they are limited to adapt the rapid004
knowledge updates in the real-world scenario005
without retraining the entire LLM or modifying006
the model weights. Excluding these consum-007
ing methods, knowledge graphs (KGs) are used008
as external memory under knowledge updat-009
ing because of their structural knowledge and010
efficient updating ability, which is yet limited011
by the gap between structural KG and LLM,012
and the deficient entity-independent semantics.013
To the end, we propose an LLM reasoning014
framework with hierarchical relational retrieval015
for large-scale knowledge updating, named G-016
HiRel. To integrate the structural edited KG017
into continuous LLMs, G-HiRel generates hier-018
archical instructions based on natural language019
questions. In order to handle the knowledge in-020
consistency between the KG and LLM and ob-021
tain the entity independence, G-HiRel utilizes a022
designed hierarchical relational retrieval for re-023
lational path candidates, which are selected by024
a designed semantics-based strategy. Finally,025
top entity-independent relational paths are in-026
stantiated and integrated into LLMs to generate027
the answer, in order to verify the reasoning028
performance under knowledge edits. Exten-029
sive experiments of G-HiRel on three bench-030
marks show that G-HiRel achieves superiority031
in terms of accuracy and interpretability.032

1 Introduction033

Large language models (LLMs) (Achiam et al.,034

2023; Thoppilan et al., 2022; Chowdhery et al.,035

2023) have obtained outstanding performance in036

multiple tasks, such as information extraction (Ma037

et al., 2023; Qi et al., 2024), information retrieval038

(Tang et al., 2024; Feng et al., 2024), question an-039

swering and reasoning (Monteiro et al., 2024; Dong040

et al., 2024), etc. However, LLMs are still limited041

by their static knowledge and struggle with real-042

world knowledge updating (Scialom et al., 2022;043

Luo et al., 2023), especially in the reasoning task. 044

The rapid and large-scale knowledge editing (Wang 045

et al., 2024a,c) will cause model parameters to be 046

updated, which is consuming and lasks scalability. 047

Therefore, although some approaches by in- 048

context learning (Wang et al., 2024b) are proposed 049

to inject knowledge into LLMs without modifying 050

parameters, they still have difficulties in solving 051

questions involving complex reasoning process and 052

massive background knowledge updates, which is 053

denoted as LLM reasoning under knowledge edit- 054

ing (Zhong et al., 2023). For example, in Fig. 1 055

(a), after updating the knowledge of Sikhism (i.e. 056

Sikhism was founded by Alexander I of Russia), 057

the LLM still generates a wrong answer, even it 058

is prompted to generate the answer based on this 059

edited knowledge. 060

In order to avoid model retraining or fine-tuning, 061

and handle massive knowledge edits in LLM rea- 062

soning, some approaches (Zhong et al., 2023; Gu 063

et al., 2024; Chen et al., 2024b) attempt to store 064

knowledge in external memory. Among these meth- 065

ods, knowledge graphs (KGs), like Wikidata (Vran- 066

dečić and Krötzsch, 2014), contain a large scale 067

of knowledge and are dynamically updated with 068

new factual triples. Moreover, compared to the nat- 069

ural language text, KGs represent knowledge in a 070

structural triple form (sub, rel, obj), which is more 071

refined and precise without redundancy. 072

Despite the ability of KGs in managing updating 073

knowledge, introducing knowledge from KGs into 074

the LLM still suffers from two main difficulties: 1) 075

Structural KG integration into continuous lan- 076

guage models. KGs are constructed by structural 077

triples, which represent the relations between two 078

entities, e.g. (Sikhism, foundedBy, Alexander I 079

of Russia) in Fig. 1 (b), but knowledge in LLMs 080

is continuously stored, which gives rise to the gap 081

of semantic. It restricts the retrieval, editing, and 082

reasoning of LLMs, where the massive structural 083

information in KGs is required to be introduced 084
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Figure 1: An example of complex multi-hop reasoning
after knowledge editing with two paradigms: (a) Rea-
soning by LLM-only (i.e., the LLM used is OpenAI-o3)
and (b) Reasoning with edited KG.

into continuous knowledge in LLMs. 2) Deficient085

entity-independent semantics. There exists an in-086

consistency between knowledge in LLM and struc-087

tural knowledge of KGs after the editing process088

(Xu et al., 2024). In previous knowledge-based089

question answering (KBQA) reasoning methods090

(Sun et al., 2024; Luo et al., 2024a), the high de-091

pendence on KG entities increases the harm of092

knowledge inconsistency. Therefore, mining the093

entity-independent semantics (Teru et al., 2020) in094

KGs benefits the LLM reasoning under knowledge095

editing scenario.096

To address the above challenges in LLM rea-097

soning after knowledge updating, we propose a098

KG-based reasoning framework by Hierarchical099

Relational retrieval named G-HiRel. To obtain en-100

tity independence and avoid inconsistency between101

KG and LLM after knowledge editing, G-HiRel102

focuses on the fixed reasoning patterns consisting103

of relational paths rather than intermediate entities.104

We firstly design a hierarchical strategy to bridge105

the semantic gap between the structural knowl-106

edge and natural language text by relational paths.107

The hierarchical relational retrieval constructs the108

edited subgraph skeleton after large-scale editing.109

Then, we design a multi-layer and multi-step re-110

trieval for an edited subgraph that contains multiple111

relational paths in the KG. In each step of expan-112

sion, G-HiRel selects the top relational paths based113

on their semantics, which helps reduce the nega-114

tive impact of knowledge updating. G-HiRel fi-115

nally guides the LLM to instantiate the selected top116

relational paths as reasoning paths and integrates117

the edited knowledge into the LLM. The complex118

multi-hop reasoning task evaluates the ability of119

G-HiRel in adapting large-scale knowledge edits.120

Our main contributions are as following:121

• We innovatively propose an LLM reasoning122

framework adapting large-scale knowledge123

editing, named G-HiRel. To the best of our 124

knowledge, G-HiRel is the first method utiliz- 125

ing hierarchical relational retrieval to answer 126

complex multi-hop questions under knowl- 127

edge editing scenario. 128

• A hierarchical instruction strategy is proposed 129

to bridge the gap between structural informa- 130

tion from KG and LLM for reasoning under 131

knowledge editing. As for the deficient entity- 132

independent semantics, we focus on relational 133

paths and implement a multi-layer and multi- 134

step expansion with the hierarchical instruc- 135

tions. We also propose a semantics-based 136

strategy to precisely select the top relational 137

paths as the skeletons of the edited subgraph. 138

• Extensive experiments on multi-hop question 139

answering datasets with editing facts show 140

that G-HiRel provides the ability in adapt- 141

ing large-scale knowledge edits. G-HiRel 142

achieves superior results compared to previ- 143

ous SOTA methods in terms of reasoning ac- 144

curacy and interpretability. 145

2 Related Work 146

Knowledge Editing. The knowledge editing task 147

on LLMs aims to edit and update the knowledge 148

into language model. Recent knowledge editing 149

methods (Wang et al., 2024b) can be divided into 150

three types: (1) Global optimization methods mod- 151

ify the internal knowledge by updating model pa- 152

rameters. For example, KGEditor (Cheng et al., 153

2024a) uses a hyper-network to generate new pa- 154

rameters, and F-Learning (Ni et al., 2024) ap- 155

plies the parameter arithmetic to forget and re- 156

learn knowledge. (2) Local optimization methods 157

focus on updating a small set of relevant model 158

weights for efficient knowledge editing. MELO 159

(Yu et al., 2024) and PMTE (Li et al., 2024) also 160

selectively adjust parts of the model parameters 161

to edit knowledge. AlphaEdit (Fang et al., 2024) 162

projects the parameter perturbations from each edit 163

into the knowledge-retention matrix and enable 164

multi-round editing. (3) External memorization 165

methods avoid modifying parameters of the model. 166

This category is a different task to verify if the 167

language model can adapt the knowledge editing. 168

Representation methods include MEMPROMPT 169

(Madaan et al., 2022) and IKE (Zheng et al., 2023), 170

which modify outputs using in-context prompts. 171

RAE (Shi et al., 2024a) maximizes mutual infor- 172
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mation to extract fact chains and uses uncertainty-173

based pruning for accurate multi-hop reasoning.174

Mello (Zhong et al., 2023) stores external text and175

incrementally solves complex problems using up-176

dated facts, while PokeMQA (Gu et al., 2024) intro-177

duces a programmable scope detector and knowl-178

edge prompt generator to guide retrieval without179

parameter changes. GMello (Chen et al., 2024b)180

uses a KG as external memory to answer complex181

questions. Although following paradigm using ex-182

ternal KG, G-HiRel design a hierarchical strategy183

to integrate KG into LLM adapting knowledge edit-184

ing and obtain more accurate retrieval for LLM185

reasoning.186

KG-based LLM Reasoning. LLM-based rea-187

soning methods have already achieved significant188

progress in optimizing the retrieval and interaction189

process (Glass et al., 2022; Shao et al., 2023; Cheng190

et al., 2024b). Since the structure of KGs helps en-191

hance the reasoning ability of LLMs (Luo et al.,192

2024b), researchers have further explored KGs to193

improve reasoning performance. Several studies194

reduce noise in KG retrieval to improve reasoning195

by pruning subgraphs. Especially, ToG (Sun et al.,196

2024) utilizes external KGs to improve the multi-197

hop reasoning performance by retrieval of reason-198

ing paths on graph. Some studies enhance cover-199

age through subgraph expansion. KG2RAG (Zhu200

et al., 2025) uses semantic search to obtain seed201

blocks and performs multi-hop retrieval via graph202

structure by a maximum spanning tree. Other meth-203

ods directly optimize the retrieval-and-reasoning204

pipeline. PoG (Chen et al., 2024a) introduces an205

adaptive Retrieve-Reflect-Revise planner that it-206

eratively extends and backtracks along reasoning207

paths for accurate reasoning. Despite these rea-208

soning methods, the knowledge inconsistency is209

still an issue for large-scale knowledge editing sce-210

nario. Inspired by the works of retrieval-augmented211

generation (RAG), we design a hierarchical rela-212

tional retrieval, which provides entity-independent213

semantics during reasoning.214

3 Preliminary215

3.1 Task Definition216

In the knowledge editing for LLM, a constructed217

KG consisting of triples (K ⊆ E × R × E) is218

utilized for knowledge updating, where E is the set219

of entities and R is the set of relations connecting220

two entities. The knowledge editing process can be221

represented as (eh, r, et) → (eh, r, e
′
t) ∈ K, where222

eh, et, e
′
t ∈ E , r ∈ R. Specifically, eh denotes the 223

head entity of the triple, r is the relation, while 224

et and e′t are the original and updated tail entities 225

respectively. Complex multi-hop reasoning is to 226

evaluate the effectiveness of knowledge editing on 227

LLM, which is required to output the answer under 228

editing without updating the parameters of LLMs. 229

3.2 Relational Path and Reasoning Path 230

Reasoning Path. In the multi-hop reasoning, the 231

reasoning path es
r1→ e1

r2→ e2 · · ·
rn→ en consisting 232

of entities and the relations provides an explicit rea- 233

soning process. For example, in Fig. 1, (Khalistan 234

movement
religion−−−−−→ Sikhism

foundedBy−−−−−−−→ Alexan- 235

der I) is a reasoning path to answer the complex 236

multi-hop question. 237

Relational Path. A relational path is often con- 238

sidered as the skeleton of the reasoning path. It is a 239

path consisting of adjacent relations from the start 240

entity es, which is denoted as r1 → r2 → · · · → 241

rn, in which r1, r2, · · · , rn ∈ R. The relational 242

path does not contain entities, which possesses an 243

entity independence in KG. For example, in Fig. 244

1, (religion → foundedBy) is a relational path. 245

Under the editing scenario, the relational paths in 246

KG are consistent during reasoning. 247

4 Methodology 248

4.1 KG Extraction and Editing 249

As shown in Fig. 2, we firstly employ the LLM 250

to extract the KG G as a repository of editing. It 251

should be noted that this operation is based on an 252

assumption that the answer to evaluate the editing 253

is in this extracted KG (Mavromatis and Karypis, 254

2024). Specifically, in the knowledge editing sce- 255

nario, we apply the updated triples (eh, rm, et) → 256

(eh, rm, e′t) to edit G. In detail, if there is a triple 257

in G with the same head entity eh and relation rm, 258

we update its tail entity et with e′t. Otherwise, we 259

add a new triple (eh, rm, e′t) to G for editing. Then, 260

we analyze each multi-hop question and select cor- 261

responding top relations R ⊆ R according to their 262

frequency of appearances to reduce the complexity 263

by LLM. The KG G is extracted as the repository 264

for editing, which will preserve the knowledge con- 265

sistency. In addition, given the original question 266

q ∈ Q, we use LLM with prompt in Appendix E.4 267

to identify the start entity es. 268
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Figure 2: Overview of G-HiRel. G-HiRel firstly extracts a KG and injects edited knowledge into it. Secondly,
G-HiRel retrieves the relational paths with the hierarchical instructions, which construct edited subgraph by a
multi-layer and multi-step expansion. Finally, G-HiRel guides the LLM to integrate knowledge in edited subgraph,
and generate an answer.

4.2 Hierarchical Relational Retrieval269

4.2.1 Hierarchical Instruction270

In this process, the complex question is trans-271

ferred to a sequence of hierarchical instructions272

to match the structural topology of G. The LLM273

iteratively generates hierarchical instruction q(l) on274

l-th layer based on the relational predicate infor-275

mation of q, starting from es and gradually rebuild-276

ing the full question with L layers, until q(L) is277

textually the same as q. Each q(l+1) inherits the278

complete textual content of q(l) and extends q(l),279

which is denoted as q(l) ⊑ q(l+1). These L in-280

structions construct a hierarchical instruction set281

Sq = {q1, q2, · · · , q(l), · · · , q(L)}, which is shown282

in the gray, yellow and green box of Fig. 2. Each283

item in Sq instructs each layer of subgraph consist-284

ing of relational paths. Specifically, in Fig. 2, the285

original question ‘What continent is the country of286

origin of Arturo Vidal’s sport located in?’ involves287

three relation predicates: ‘sport’, ‘country of ori-288

gin’, and ‘continent’, which generates hierarchical289

instructions as q1, q2, q3, respectively.290

4.2.2 Multi-layer and Multi-step Expansion291

We apply an edited subgraph to store the updated292

knowledge and extracted relational paths. As illus-293

trated in Section 4.2.1, the hierarchical instructions294

provide guidance for the L-layer subgraph expan-295

sion. In every layer, there will be up to K steps,296

adding more relations to expand the subgraph. The297

subgraph in the l-th layer and k-th expansion is298

denoted as G(l)
k ∈ G, where 0 ≤ k ≤ K. We use299

the start entity es to initialize the edited subgraph,300

which is denoted as G(0)
0 . In order to obtain entity301

independence under knowledge editing, a relational 302

path is constructed under the guidance of the l-th 303

hierarchical instruction q(l). 304

Each layer reserves the top-T relational paths, 305

formally defined as P (l)
k,T = {p(l)k,1, p

(l)
k,2, · · · , p

(l)
k,T }, 306

where each p
(l)
k,i represents the i-th relational path 307

after k steps of expansion in the l-th layer. Specifi- 308

cally, the relational path p
(l)
k,i is denoted as: 309

p
(l)
k,i =

( 1st layer︷ ︸︸ ︷
r
(1)
1,i → r

(1)
2,i · · · → r

(1)

K′,i · · ·

l-th layer︷ ︸︸ ︷
r
(l)
1,i → r

(l)
2,i · · · → r

(l)
k,i

)
.

(1) 310

where K ′ ≤ K. Therefore, even with edited knowl- 311

edge, the relational paths instructed by Sq will not 312

be affected by the knowledge inconsistency and 313

available to preserve the knowledge consistency of 314

KG and LLM. After k steps of expansion in the l-th 315

layer, we employ a discriminator P to determine 316

whether the relational paths from P
(l)
k,T are adequate 317

for the current q(l), whose prompt is in Appendix 318

E.2. If they are, the relational paths will transfer 319

to (l + 1)-th layer instructed by q(l+1) until the 320

q(L) ∈ Sq has been solved; otherwise it continues 321

the (k + 1)-th step of expansion. 322

We retrieve the passing entities of relational 323

paths in P
(l)
k,T by G and extract the subgraph, which 324

is actually G
(l)
k . Specifically, candidate paths are 325

derived from the one-hop neighbors of the tail enti- 326

ties in the previous step. Note that although the enti- 327

ties are edited, we still focus on the relational paths 328

in G
(l)
k , which are used for knowledge preservation. 329

Let p(l)k,i be a relational path in G
(l)
k and i indicate 330

the i-th path, the expansion is to explore each rela- 331
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tional path p
(l)
k,i by retrieving relations from the tail332

entities E(l)
k,i in G. Specifically, for each e ∈ E

(l)
k,i,333

we collect all the relations in its neighborhoods334

and add them to the sequence of relations in p
(l)
k,i to335

make the k − 1-th to k-th step of expansion, which336

is denoted as:337

p
(l)
k,j = (p

(l)
k−1,i → r

(l)
k,j), r

(l)
k,j ∈ Nr(r

(l)
k−1,i), (2)338

339
Nr(r

(l)
k,i) = {r | ∀r ∈ N (e), e ∈ E

(l)
k,i}, (3)340

341
E

(l)
k,i = {e | (es, p(l)

k,i, e) ∈ G} = {e | (es, r(l)1,i, · · · , r
(l)
k,i, e) ∈ G}

(4)342

where E
(l)
k,i contains all entities in G that can be343

reached through p
(l)
k,i. N (·) refers to the neighbor344

relations of an entity. After the k-th expansion in345

the (l)-th level, a set of candidate relational paths346

is obtained, which can be denoted as:347

P
(l)
k,i = {(p

(l)
k−1,i → r

(l)
k,j) | ∀r

(l)
k,j ∈ Nr(r

(l)
k−1,i)}, (5)348

349
P

(l)
k = {P (l)

k,1, · · · , P
(l)
k,i, · · · , P

(l)
k,T } (6)350

For example, as shown in Fig. 2, given a relational351

path p
(1)
1,1 = (position of team), we will obtain a352

i-th candidate paths set after a one-step expansion:353

P
(1)
2,1 = { (position of team, sport), (position of354

team, location)}.355

4.2.3 Relational Path Selection (RPS)356

Obtaining candidate relational paths set P (l)
k after357

k-step exploration in (l)-th layer, we select top-358

T relational paths in the candidates to derive the359

edited subgraph G
(l)
k for the next layer. To relieve360

the influence of the knowledge updating of entities361

in G, we efficiently select the top-T relational paths362

by the relational semantics.363

In order to implement hierarchical relational re-364

trieval, we align Sq with the relational paths in365

each step. The textual hierarchical instruction q(l)366

and each p
(l)
k,i ∈ P

(l)
k are encoded into vectors367

q(l) ∈ Rm and p
(l)
k,i ∈ Rm by SE , respectively,368

where m is the dimension of the vector. The en-369

coding process is defined as q(l) = SE(q
(l)) and370

p
(l)
k,i = SE(p

(l)
k,i). We then compute the semantic371

similarity between q(l) and p
(l)
k,i to select paths that372

match the semantics of the hierarchical instruction:373

P
(l)
k,T =

{
pt = argmax

p
(l)
k,i

∈P
(l)
k

score(p
(l)
k,i, q

(l)
) | t ∈ {1 · · · T }

}
. (7)374

We obtain the top-T relational paths P (l)
k,T ranked375

by the cosine similarity. G
(l)
k is formed by the376

paths in P
(l)
k,T and the entities passed by these paths,377

which contains the edited entities.378

4.3 Knowledge Integration 379

The effectiveness of methods handling knowledge 380

editing is evaluated by multi-hop complex reason- 381

ing (Fang et al., 2025). We have constructed a 382

subgraph G
(L)
K and then integrate the edited knowl- 383

edge into an LLM M to derive the final answer. 384

A few-shot prompt guides M to select the most 385

relevant path from P
(L)
K,T based on the question as 386

the final relational path pr (Appendix E.6). In order 387

to integrate the edited knowledge in the subgraph, 388

we need to instantiate the relational path into rea- 389

soning paths with edited entities. pr is instantiated 390

on G
(L)
K to generate a candidate set of reasoning 391

paths Pcand containing edited knowledge. Then, a 392

most suitable reasoning path pans based on the ques- 393

tion and edited knowledge is selected from Pcand 394

by M, whose prompt is in Appendix E.6. This 395

process integrates the structural edited knowledge 396

into the LLM M, whose generated answers are 397

utilized to verify the effectiveness of editing. All 398

the notations of G-HiRel are in Appendix B. 399

5 Experimental Results 400

We will answer the following questions to illustrate 401

the results: RQ1: Does G-HiRel outperform other 402

methods? RQ2: How to select reasoning LLM of 403

G-HiRel in terms of time and cost? RQ3: How ef- 404

fective is the hierarchical relational retrieval? RQ4: 405

How effective is the entity-independent semantics? 406

RQ5: How do different factors influence the per- 407

formance of G-HiRel? 408

5.1 Experiment Settings 409

Datasets. We comprehensively evaluate the effec- 410

tiveness of our method on MQuAKE-CF-3k and 411

MQuAKE-T datasets (Zhong et al., 2023), which 412

contain counterfactual edits and temporal knowl- 413

edge updates, respectively. These datasets con- 414

sist of multi-hop questions, where each multi-hop 415

question involves one or more editable facts. As 416

mentioned in previous multi-hop (2, 3, 4) question 417

answering methods (Chen et al., 2024b; Sun et al., 418

2024), we adopt Wikidata (Vrandečić and Krötzsch, 419

2014) as the KG to construct the edited subgraph 420

in G-HiRel. The edited knowledge follows the set- 421

tings in MQuAKE (Zhong et al., 2023). We also 422

implement experiments on one-hop edited dataset 423

WikiUpdate (Wu et al., 2024). The detailed statis- 424

tics of the datasets are in Appendix C.2. 425

Baselines. To comprehensively evaluate G- 426

HiRel, we compare it with typical baselines. We se- 427
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Table 1: Comparison of reasoning performance (%) on MQuAKE-CF-3k and MQuAKE-T. The optimal and

suboptimal results are marked in blue and red, respectively. ♣ and ⋄ denote results from (Chen et al., 2024b) and
(Gu et al., 2024). Other baselines are reproduced in the same experimental environment.

Method M

MQuAKE-CF-3k MQuAKE-T

edit=1 edit=100 edit=3000 edit=1 edit=100 edit=1868

Acc↑ Hop-Acc↑ Acc↑ Hop-Acc↑ Acc↑ Hop-Acc↑ Acc↑ Hop-Acc↑ Acc↑ Hop-Acc↑ Acc↑ Hop-Acc↑

MEMIT♣ GPT-J-6B 12.30 – 9.80 – 1.80 – 4.80 – 1.00 – 0.00 –
MEND♣ GPT-J-6B 11.50 – 9.10 – 3.50 – 38.20 – 17.40 – 4.60 –

AlphaEdit GPT-J-6B 3.77 – 3.60 – 1.80 – 1.34 – 1.34 – 0.96 –
MeLLo♣ GPT-J-6B 20.30 – 12.50 – 9.80 – 85.90 – 45.70 – 30.70 –
GMello♣ GPT-J-6B 76.30 – 53.40 – 49.00 – 86.90 – 82.10 – 81.50 –

G-HiRel (Ours) GPT-J-6B 51.87 40.97 48.90 39.53 42.57 35.27 88.87 81.85 89.67 81.85 89.61 81.96

MeLLo ⋄ Vicuna-7B 20.70 7.03 12.83 6.77 10.90 6.70 84.40 – 56.30 – 51.30 –
GMello ♣ Vicuna-7B 71.30 – 46.50 – 41.90 – 97.10 – 86.30 – 85.10 –

PokeMQA ⋄ Vicuna-7B 45.83 34.80 38.77 31.23 31.63 25.30 74.57 55.19 – – 73.07 55.09
RAE Vicuna-7B 61.57 – 52.53 – 41.93 – 75.27 – 76.61 – 75.96 –

FastToG Vicuna-7B 10.03 – 9.53 – 9.50 – 17.40 – 16.40 – 17.08 –
G-HiRel (Ours) Vicuna-7B 63.33 49.93 57.07 46.80 48.73 41.00 95.13 89.56 94.70 88.81 94.38 88.60

Mello DeepSeek-7B 56.70 13.70 32.50 12.20 25.33 11.27 92.08 2.78 63.22 6.26 53.14 7.17
PokeMQA DeepSeek-7B 53.30 35.20 45.47 35.17 38.03 28.63 77.94 65.04 75.86 64.45 75.80 64.40

G-HiRel (Ours) DeepSeek-7B 64.30 48.87 57.50 45.57 49.23 40.10 92.56 81.80 92.72 81.75 91.22 81.00

CoT GPT-4o-mini 3.93 – 3.93 – 3.93 – 65.95 – 65.95 – 65.95
ToG GPT-4o-mini 17.17 – 14.50 – 12.00 – 68.63 – 68.20 – 69.27 –

KEDKG GPT-4o-mini 48.13 – 44.70 – 38.03 – 88.38 – 86.78 – 86.03 –
G-HiRel (Ours) GPT-4o-mini 72.37 57.07 63.97 52.30 53.03 44.27 96.20 90.10 95.82 89.51 95.56 89.03

Figure 3: Reasoning performance on the MQuAKE-
CF-3k. Consumption of Time (min) and Tokens per
question are calculated.

lect MEMIT (Meng et al., 2023), MEND (Mitchell428

et al., 2022), and AlphaEdit (Fang et al., 2025)429

integrating edits by fine-tuning the language mod-430

els. Other methods like Mello (Zhong et al., 2023),431

PokeMQA (Gu et al., 2024), GMello (Chen et al.,432

2024b), RAE (Shi et al., 2024b) and KEDKG (Lu433

et al., 2025) utilize externally stored knowledge434

to support multi-hop reasoning during knowledge435

editing. The comparison also contains CoT (Wei436

et al., 2022), ToG (Sun et al., 2024) and the most437

recent LLM reasoning method FastToG (Liang and438

Gu, 2025) in the knowledge editing scenario. More439

Details of baselines are in Appendix C.1.440

Metrics. During the experiments, we calculate441

the Accuracy (Acc) of the language models in442

answering multi-hop questions (Zhong et al., 2023)443

after knowledge editing. We additionally utilize444

Hop-wise Answering Accuracy (Hop-Acc) (Gu445

et al., 2024) to evaluate the interpretability to see446

if the questions have been solved by the LLM only447

when the derived reasoning path exactly matches448

the provided one. 449

Implementation Details. Following MQuAKE 450

(Zhong et al., 2023), the editions are processed 451

in group of a times, with a ∈ {1, 100, 3000} 452

for MQuAKE-CF-3k and a ∈ {1, 100, 1868} for 453

MQuAKE-T. For P and SE , we choose Flan-T5- 454

Large (Chung et al., 2024) and MiniLM-L6-v3 455

(Reimers and Gurevych, 2019) respectively. In 456

expansion, we use T = 3 in implementation. As 457

for the reasoning LLM M, we evaluate our meth- 458

ods on smaller LLMs, such as GPT-J-6B (Wang 459

and Komatsuzaki, 2021), Vicuna-7B (Chiang et al., 460

2023), and DeepSeek-7B (Bi et al., 2024) for fair 461

comparison. In order to explore SOTA reasoning 462

results, we utilize black-box GPT-4o-mini1 and 463

Deepseek-R1 (Guo et al., 2025) as M. 464

5.2 Main Results 465

5.2.1 Comparison with baselines (RQ1) 466

In this section, we compare the LLM reasoning 467

results under knowledge editing with recent base- 468

lines, which are shown in Table 1. Compared to 469

methods without external memory (gray block in 470

Table 1), G-HiRel achieves the best reasoning per- 471

formance. Specifically, G-HiRel achieves a signif- 472

icant improvement in Acc, with gains of no less 473

than 39.10%. The results indicate that M struggles 474

to perform effective knowledge editing without ex- 475

ternal tools. 476

1https://platform.openai.com/docs/models/gpt-4o-mini
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Table 2: Ablation accuracy results (%) of G-HiRel on MQuAKE-CF-3k and MQuAKE-T.

Method Scenario MQuAKE-CF-3k MQuAKE-T

HI ML MS RPS edit=1 edit=100 edit=3000 edit=1 edit=100 edit=1868
G-HiRel ✓ ✓ ✓ ✓ 72.37 63.97 53.03 96.20 95.82 95.56
G-HiRelw/o HI × ✓ ✓ ✓ 61.73↓11.64 55.40↓8.57 46.87↓6.16 77.09↓19.11 76.98↓18.84 76.87↓18.69

G-HiRelw/o RPS ✓ ✓ ✓ × 24.47↓47.90 25.03↓38.94 23.33↓29.70 55.46↓40.74 56.32↓39.50 57.76↓37.80

G-HiRelw/o ML ✓ × ✓ ✓ 64.63↓7.74 57.40↓6.57 49.40↓3.63 93.47↓2.73 93.42↓2.40 92.99↓2.57

G-HiRelw/o MS ✓ ✓ × ✓ 35.37↓37.00 34.77↓29.20 33.03↓20.00 81.96↓14.24 81.96↓13.86 81.10↓14.46

Table 3: Total time cost (hours) of G-HiRel with differ-
ent LLMs on MQuAKE-CF-3k and MQuAKE-T.

Dataset GPT-J-6B Vicuna-7B DeepSeek-7B GPT-4o-mini

MQuAKE-CF-3k 113.98 h 42.61 h 71.87 h 47.38 h
MQuAKE-T 135.46 h 49.10 h 43.84 h 61.39 h

Compared to methods that leverage external477

knowledge, G-HiRel achieves either the optimal or478

suboptimal reasoning performance across all set-479

tings. For the Hop-Acc metric, G-HiRel surpasses480

all baseline methods under 6 conditions, indicat-481

ing that it is more capable of capturing the correct482

reasoning path for interpretability in knowledge483

editing scenarios. Compared to the most recent484

baseline approaches (e.g. Mello and PokeMQA),485

G-HiRel achieves average gains of at least 14.55%486

in Acc with various hops (Fig. 7). In large-scale487

editing settings (edit = 100, 1868, 3000), G-HiRel488

also maintains a clear advantage over baselines. As489

shown in Table 1, G-HiRel outperforms the most490

recent LLM reasoning methods as well, using GPT-491

4o-mini as M for a fair comparison. These results492

indicate the superiority of G-HiRel in both per-493

formance and interpretability. Additional results494

on WikiUpdate (Wu et al., 2024) are provided in495

Appendix D.4.496

5.2.2 Performance on Different LLMs (RQ2)497

We also compare the performance of G-HiRel on498

different reasoning LLMs. As shown in Table 1,499

G-HiRel achieves better reasoning performance500

when using Vicuna-7B and DeepSeek-7B as M501

than with GPT-J-6B. The reason might be that GPT-502

J-6B is less effective than other LLMs in selecting503

the correct relational path of G-HiRel. As for the504

black-box LLMs, the results of GPT-4o-mini and505

DeepSeek-R1 as M are shown in Table 1 and Fig.506

3. Both models achieve impressive Acc and Hop-507

Acc results. However, DeepSeek-R1 requires sig-508

nificantly more time and tokens for reasoning, in-509

dicating G-HiRel is not sensitive to M. As shown510

in Table 3, GPT-J-6B requires substantially more511

time and obtain worse and more unstable results.512

Figure 4: (a) Effectiveness of T ; (b) Effectiveness of
SE . M is GPT-4o-mini.

Therefore, compared to other baselines, the rea- 513

soning performance of G-HiRel increases with the 514

improvement of M. The chosen on M mainly 515

depends on the time and cost by different LLMs. 516

5.2.3 Ablation Study (RQ3) 517

In this section, we remove key components of G- 518

HiRel to illustrate their effectiveness, whose results 519

are in Table 2. G-HiRelw/o HI replaces the hierar- 520

chical relational retrieval with sub-questions. G- 521

HiRelw/o RPS replaces semantics-based relational 522

path selection with a simple random selection. G- 523

HiRelw/o ML simplifies the multi-layer expansion 524

into answering original question. G-HiRelw/o MS 525

removes multi-step expansions at each layer. 526

From Table 2, (1) The performance is su- 527

perior when all components work together. 528

On MQuAKE-CF-3k and MQuAKE-T, G-HiRel 529

achieves the best performance on the multi-hop 530

reasoning benchmarks under knowledge editing. 531

(2) The hierarchical instruction of G-HiRel is 532

essential for LLM reasoning under knowledge 533

editing. The drop in performance of G-HiRelw/o HI 534

indicates the impact of hierarchical instruction in 535

integrating the structural edited KG into the LLM, 536

which reduces the semantic gap between KG and 537

natural language, facilitating the expansion of so- 538

lutions based on the edited subgraph. In addition, 539

G-HiRelw/o HI performs worse than G-HiRelw/o ML, 540

indicating the effectiveness of relational paths in 541

editing. (3) Multi-layer and multi-step expan- 542

sion is crucial for building the edited subgraph. 543

The performance drops of G-HiRelw/o ML and G- 544
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Figure 5: Acc (%) of different discriminator P and
encoder SE , using GPT-4o-mini as M.

HiRelw/o MS indicate that multi-layer and multi-step545

expansion improves the relational retrieval perfor-546

mance during reasoning. (4) RPS not only reduces547

reasoning cost but also is critical for selecting548

relational paths under knowledge editing. The549

results of G-HiRelw/o RPS show that the relational550

semantics-based retrieval makes efficient selections551

than retrieval by the LLM under knowledge editing.552

5.3 Weight Analysis (RQ5)553

Analysis of SE . The effectiveness of RPS de-554

termines both the relevance of collected rela-555

tional paths to the question and the quality of556

the edited subgraph. We test several language557

models as encoder SE , including DeBERTa-v3-558

Large (He et al., 2023), the Flan-T5-Large encoder,559

RoBERTa-Large (Liu et al., 2019), and MiniLM-560

L6-v3 (Reimers and Gurevych, 2019). As shown561

in Fig. 4 (b), G-HiRel achieves the best accuracy562

in the reasoning task when using MiniLM-L6-v3,563

indicating that the performance of SE is critical for564

enabling the edited subgraph.565

Analysis of P . In the expansion, P is utilized for566

judging if moving to next layer. As shown in Fig.567

5, when SE is decided, various language models,568

such as Flan-T5-Large, GPT-4o-mini, DeepSeek-569

7B, Vicuna-7B, and GPT-J-6B, obtain different per-570

formance. As decided before, if SE is MiniLM-571

L6-v3, G-HiRel obtains optimal results when P is572

Flan-T5-Large. This indicates that in the hierarchi-573

cal relational retrieval, pretrained language model574

may obtain better reasoning results than LLMs, be-575

cause of their stability in semantics-based retrieval.576

Analysis of top-T . During the expansion of the577

edited subgraph, the top-T relational paths with578

the highest relevance are retained as candidates. As579

shown in Fig. 4 (a), G-HiRel achieves the best per-580

formance on the benchmark of knowledge editing581

when T = 3. This indicates that if T is too small,582

the edited subgraph may miss key information and583

become less effective. Moreover, if T is too large,584

Figure 6: A case illustrating the effectiveness of pro-
posed RPS in G-HiRel.

irrelevant and redundant information may be in- 585

troduced. Therefore, having too few or too many 586

relational paths in the edited subgraph does not 587

lead to positive outcomes. 588

5.4 Case Study (RQ3, 4) 589

In this section, we use a case in dataset to illustrate 590

the effectiveness of G-HiRel. As shown in Fig. 591

6, the LLM tends to trust its internal knowledge 592

and rejects the edited knowledge, resulting in an 593

incorrect relational paths. Specifically, the GPT-4o- 594

mini gets United Kingdom, which is an incorrect 595

answer even with the edited knowledge "The head 596

of government of United Kingdom is Rishi Sunak". 597

G-HiRel utilizes hierarchical instructions (shown 598

as green and yellow blocks) to construct the edited 599

subgraph based on relational paths and obtain en- 600

tity independence, thereby alleviating knowledge 601

inconsistency between the LLM and the KG after 602

knowledge editing. As a result, in the case shown in 603

Fig. 6, G-HiRel provides the correct reasoning pro- 604

cess and answer. It also indicates the effectiveness 605

of the RPS strategy. Our proposed semantics-based 606

RPS can obtain more reliable score when extracting 607

relational paths. 608

6 Conclusion 609

We propose G-HiRel, a framework to enhance the 610

adaption of LLM reasoning under knowledge edit- 611

ing. G-HiRel firstly extracts KG containing edited 612

knowledge. Secondly, the hierarchical instruction 613

bridges the semantic gap between the model and 614

KGs. Then it utilizes multi-layer and multi-step 615

expansions for relational paths, supporting accu- 616

rate reasoning and achieving the goal of knowledge 617

editing. Experiments on datasets of multi-hop rea- 618

soning under knowledge editing verify the effec- 619

tiveness of our approach. 620
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7 Limitations621

To the best of our knowledge, this work is a pio-622

neering study on LLM reasoning under knowledge623

editing. G-HiRel still have some limitations to be624

improved in the future. It lacks an effective rea-625

soning trace-back mechanism, which means that626

once the reasoning path deviates from the correct627

direction, the system cannot quickly correct the628

errors. This also explains the phenomenon, when629

adopting the question decomposition strategy, the630

performance of G-HiRel is worse than directly us-631

ing the complete question as a guide.632
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Algorithm 1 The algorithm of G-HiRel
Require: Question q, LLMM, Discriminator P , Encoder
SE , KG G

Ensure: Final Answer pans
1: Extract starting entity es from q
2: Inject edited triples into KG G
3: Initialize G

(0)
0 ← {es}

4: Reformulate q viaM into Sq = {q1, q2, . . . , qL}
5: for l = 1 to L do
6: for k = 0 to K − 1 do
7: if P determines G

(l)
k is sufficient to answer ql

then
8: continue
9: else

10: Collect candidate relational paths P
(l)
k+1 from

G for each p
(l)
k,i ∈ G

(l)
k

11: Initialize empty score list S ← [ ]

12: for all p(l)k+1 ∈ P
(l)
k+1 do

13: Compute score s← SE(p(l)k+1, q
l)

14: Append s to S
15: end for
16: G

(l)
k+1 ← top-T paths in P

(l)
k+1 ranked by S

17: end if
18: end for
19: end for
20: Select final relational path pr from G

(L)
K usingM

21: Instantiate Pcand from pr
22: Generate answer pans ←M(Pcand)
23: return pans

A Supplementary Details of G-HiRel961

A.1 Pseudocode and Code of G-HiRel962

The pseudocode of G-HiRel is shown in Algo-963

rithm 1, and the code of G-HiRel is available at964

the anonymous hyperlink: https://anonymous.965

4open.science/r/GraphReasoningKE-24AB.966

B Notation table967

All the notations are in Table 4.968

C Supplementary Experimental Settings969

C.1 Baseline Methods970

In this section, the descriptions about the baseline971

methods are as follows:972

• MEMIT (Meng et al., 2023) updates the feed-973

forward networks to modify the knowledge974

embedded in the model.975

• MEND (Mitchell et al., 2022) employs gradi-976

ent decomposition for low-rank parameter up-977

dates and auxiliary editing networks for rapid978

local tuning.979

• AlphaEdit (Fang et al., 2025) projects the980

perturbation onto the null space of the pre-981

Table 4: Notations and descriptions used in G-HiRel.

Notation Description

E ,R The set of entities and relations.
Q The set of questions.
q The text of an original question, q ∈ Q.
es The start entity of a question, es ∈ E .
q(l) The hierarchical instruction at the l-th layer,

l ∈ {1, 2, · · · , L}.
Sq The set of hierarchical instructions.
G The KG extracted as the repository for editing

from the large-scale knowledge base based on
Q.

G
(l)
k The edited subgraph at the l-th layer and k-th

step of expansion.
p
(l)
k,i The i-th relational path after k steps of expan-

sion in the l-th layer.
P

(l)
k Set of candidate relational paths at the l-th layer

and (k)-th step.
P

(l)
k,T Set of top-T relational paths after k steps of

exploration in the l-th layer.
E

(l)
k,i The set of tail entities of p(l)k,i.
N (·) The neighbor relations of an entity.
SE The encoder for relational path selection.
q(l) Feature vector q(l) ∈ Rm of q(l) via SE .
p
(l)
k,i Feature vector p(l)

k,i ∈ Rm of p(l)k,i via SE .
pr The final relational path from P

(L)
k,T identified

by the LLM using few-shot prompts.
Pcand Candidate reasoning paths instantiated on G

(l)
k .

pans Final reasoning path used to answer the com-
plex question.

M The LLM for reasoning.
P The discriminator for determining whether fur-

ther exploration is necessary.

served knowledge before applying it to the pa- 982

rameters, thereby ensuring that the preserved 983

knowledge remains unaffected after editing. 984

• Mello (Zhong et al., 2023) stores updated 985

facts externally. It decomposes complex ques- 986

tions step by step during reasoning, correcting 987

the reasoning process with updated facts. 988

• PokeMQA (Gu et al., 2024) employs a 989

memory-based strategy, which urges LLMs 990

to decompose knowledge-enhanced multi-hop 991

queries. A conflict detector is used to identify 992

conflicts in external memory and uses external 993

signals to adjust reasoning of LLMs. 994

• GMello (Chen et al., 2024b) leverages exter- 995

nal memory to store edited knowledge and 996

incorporates KBQA to generate answers by 997

integrating the reasoning results of LLMs and 998

the query results from KBQA. 999

• CoT (Wei et al., 2022) introduces a multi-hop 1000

chain reasoning process to guide LLMs in 1001
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Table 5: Acc of discriminator P selection on MQuAKE-CF-3k and MQuAKE-T. The symbols ↓ and ↑ denote the
performance variations when different P are employed with the same M.

M P MQuAKE-CF-3k MQuAKE-T

edit=1 edit=100 edit=3000 edit=1 edit=100 edit=1868

GPT-4o-mini

Flan-T5-Large 72.37 63.97 53.03 96.20 95.82 95.56
GPT-4o-mini 69.40↓2.97 62.03↓1.94 51.97↓1.06 96.41↑0.21 96.20↑0.38 95.77↑0.21

DeepSeek-7B 67.83↓4.45 61.23↓2.74 51.13↓1.90 96.41↑0.21 96.15↑0.33 95.45↓0.11

Vicuna-7B 60.53↓11.84 54.03↓9.94 46.27↓6.76 96.20↓0.00 96.09↑0.27 95.45↓0.11

GPT-J-6B 64.23↓8.14 57.93↓6.04 47.90↓5.13 95.07↓1.13 94.81↓1.01 94.06↓1.50

solving complex tasks.1002

• ToG (Sun et al., 2024) uses a KG to guide1003

the reasoning of LLMs, iteratively dragging1004

the reasoning path through relationship prun-1005

ing and entity pruning until the information is1006

collected to answer the question.1007

• KEDKG (Lu et al., 2025) builds a dynamic1008

KG to store and update edited knowledge, re-1009

solves conflicts, and uses question decompo-1010

sition with retrieval of relevant entities and re-1011

lations to supply the needed facts to the LLM,1012

thus enabling accurate multi-hop reasoning.1013

• RAE (Shi et al., 2024b) injects edited knowl-1014

edge by merging updated facts into KG, and1015

performs multi-hop reasoning by retrieving1016

question-relevant fact chains via mutual in-1017

formation score and entropy-based pruning to1018

support in-context editing at inference time.1019

• FastToG (Liang and Gu, 2025) constructs1020

multiple reasoning chains over a KG with1021

communities by iteratively performing lo-1022

cal community search on hop-bounded sub-1023

graphs and selecting query-relevant commu-1024

nities via modularity-based coarse pruning1025

plus LLM-based fine pruning. Then convert-1026

ing the selected communities into text using1027

Triple2Text or Graph2Text for LLM reasoning1028

and answer generation.1029

C.2 Statistics of MQuAKE and WikiUpdate1030

This section presents statistics of the MQuAKE-CF-1031

3k and MQuAKE-T datasets, as shown in Table 6.1032

As observed, MQuAKE-CF-3k exhibits a relatively1033

balanced distribution across different hop counts1034

(2, 3, 4) and edit numbers, whereas all instances1035

in MQuAKE-T require only a single edit and are1036

mostly concentrated on 2-hop reasoning problems.1037

Table 6: Statistics of datasets used in experiments.

Dataset Edits 1-hop 2-hop 3-hop 4-hop Total

MQuAKE-CF-3k

1 – 513 356 224 1,093
2 – 487 334 246 1,067
3 – – 310 262 572
4 – – – 268 268

MQuAKE-T 1 (All) – 1,421 445 2 1,868

WikiUpdate 1 (All) 1,056 – – – 1,056

The WikiUpdate dataset contains instances that re- 1038

quire only one edit and are limited to single-hop 1039

reasoning. 1040

D Supplementary Experimental Results 1041

D.1 Weight Analysis of discriminator P 1042

As described in Section 4.2.2, the discriminator P 1043

is essential in hierarchical relational retrieval be- 1044

cause its performance directly determines whether 1045

expansion at each layer stops at the right moment, 1046

which in turn affects the quality of the final rela- 1047

tional path pr. To further validate the effectiveness 1048

of P , we further design two comparative experi- 1049

ments evaluating a PLM against several LLMs. The 1050

PLM is Flan-T5-Large, and the LLMs include GPT- 1051

4o-mini, DeepSeek-7B, Vicuna-7B, and GPT-J-6B. 1052

Flan-T5-Large is prompted in a zero-shot setting 1053

(see Appendix E.2), while the LLMs use few-shot 1054

prompts to extract the target relation from each hi- 1055

erarchical instruction for the discrimination task. 1056

Firstly, we fixed the encoder SE to MiniLM-L6- 1057

v3 and evaluated performance across different edit 1058

scenarios on the MQuAKE benchmark. As Table 5 1059

shows, on MQuAKE-CF-3k, Flan-T5-Large consis- 1060

tently and significantly outperforms all the LLMs. 1061

On MQuAKE-T, although Flan-T5-Large performs 1062

slightly worse in most cases, the reductions remain 1063

< 1.00%. 1064
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Figure 7: Performance of different hops of G-HiRel
with DeepSeek-7B as M.

D.2 Analysis of Encoder SE1065

We implement a study to further investigate the1066

impact of different encoders SE on the semantics-1067

based RPS as introduced in Section 4.2.2. In this1068

experiment, P is fixed as Flan-T5-Large, and the1069

reasoning LLM M is GPT-4o-mini. SE to be1070

evaluated includes DeBERTa-v3-Large (He et al.,1071

2023), Flan-T5-Large encoder, RoBERTa-Large-1072

v1, and MiniLM-L6-v3. Among them, DeBERTa-1073

v3-Large and Flan-T5-Large encoder employ mean1074

pooling over token representations to generate1075

sentence-level embeddings. As shown in the Fig.1076

8, MiniLM-L6-v3 achieves the best performance1077

across all metrics in every edit scenario. Based on1078

them, we select MiniLM-L6-v3 as the encoder SE1079

for the semantics-based RPS.1080

D.3 Analysis of top-T1081

In this section, we conduct research to further ex-1082

plore how different values of T affect the perfor-1083

mance of G-HiRel during the construction of the1084

edited subgraph. T was introduced in Section 4.2.2.1085

In this experiment, we choose M as GPT-4o-mini1086

and then perform evaluations on MQuAKE-CF-3k1087

and MQuAKE-T. The values of T are set to 1, 3,1088

and 5. As shown in Fig. 9, when T increases from1089

1 to 3, the performance of G-HiRel keeps rising.1090

However, when it further increases from 3 to 5, the1091

performance drops. This phenomenon shows that1092

appropriately increasing the number of relational1093

paths helps improve the quality of retrieval. How-1094

ever, when there are too many relational paths in1095

the edited subgraph, it will introduce redundant or1096

even wrong information, which creates noise and1097

influences the reasoning results. Based on these1098

observations, we set the final value of T as 3.1099

Table 7: Acc (%) on WikiUpdate. Time (hour) measures
total runtime for each method.

Method M edit=100 edit=1056

Acc↑ Time↓ Acc↑ Time↓

Mello GPT-4o-mini 31.06 2.50 29.26 2.45
G-HiRel GPT-4o-mini 68.37 2.50 68.47 2.76

Table 8: Time (hour) of our G-HiRel and ToG. M is
GPT-4o-mini.

Method MQuAKE-CF-3k MQuAKE-T

edit=1 edit=100 edit=ALL edit=1 edit=100 edit=ALL

G-HiRel 45.73 49.64 46.76 61.18 60.31 62.28
ToG 294.66 287.33 309.15 188.45 191.62 194.22

D.4 Results on WikiUpdate 1100

In this section, we further supplement the exper- 1101

imental results on an additional dataset. We in- 1102

troduce WikiUpdate (Wu et al., 2024), a dataset 1103

designed for real-world knowledge editing tasks, 1104

which comprises 1,056 instances involving single- 1105

hop reasoning. We evaluate the performance of G- 1106

HiRel on the WikiUpdate dataset, with the results 1107

shown in Table 7. Compared to Mello, G-HiRel ob- 1108

tains significantly better performance while main- 1109

taining similar time. This shows that under a knowl- 1110

edge editing scenario, G-HiRel can achieve higher- 1111

quality and efficient performance in one-hop LLM 1112

reasoning as well. 1113

D.5 Consumption of Time and Computing 1114

Resources 1115

Although previous experiments demonstrate that 1116

the performance of G-HiRel varies with the reason- 1117

ing LLM M, the efficiency of reasoning is also a 1118

critical factor. This section presents the reasoning 1119

time (in hours) of G-HiRel across different models 1120

on two datasets. As shown in Table 3, GPT-J-6B re- 1121

quires substantially more time, whereas Vicuna-7B 1122

achieves the highest efficiency. Furthermore, using 1123

GPT-4o-mini as M on the MQuAKE benchmark, 1124

we thoroughly compare the efficiency of G-HiRel 1125

against ToG. As shown in Table 8, the time con- 1126

sumption of G-HiRel is significantly lower than 1127

that of ToG. 1128

We conducted our experiments primarily using 1129

two NVIDIA RTX 4090 GPUs. For models which 1130

are not reproduced locally, including DeepSeek- 1131

R1 and GPT-4o-mini, we accessed them via their 1132

respective APIs. 1133
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Figure 8: Results of different SE on MQuAKE-CF-3k and MQuAKE-T.

Figure 9: Results of different T on MQuAKE-CF-3k and MQuAKE-T.

E Prompts1134

E.1 Prompt to Extract G1135

Task: Extract relationships from a given
sentence based on relationships defined in
Wikidata. You can learn how to do from the
<Examples>.

Question and answer template:
Question [id] sentence: <sentence that require
extraction of the relationships>
Question [id]: Based on <Relationships>, what
is the target relationship of <Question [id] sen-
tence>?
Answer [id]: [relationships of the <Question id
sentence> which is in the <Relationships>]

Examples: In Context Few shot

Now is start, please answer the question as
the examples and do not output any extra
information.

Question 0 sentence: {Question}
Question 0: Based on the relationships defined
in Wikidata, what is the target relationship of
<Question 0 sentence>?
Answer 0: {Answer}

1136

E.2 Prompt for Retrieval Termination 1137

1138

Is the reasoning Path: "{relational path}" suf-

ficient to describe the sentence: "{question}" ?
Answer only yes or no.

1139

E.3 Prompt to Obtain the Final Hop Relation 1140

of Each Question 1141

TASK: Extract target relationships from a given
sentence based on <Relationships>. You can
learn how to do from the <Examples>.

Relationships: {Relationships} <Relation-
ships> is a collection of relationships, separated
by commas.

Question and answer template:
Question [id] sentence: <sentence that require
extraction of the target relationship>
Question [id]: Based on <Relationships>, what
is the target relationship of <Question [id]
sentence>?
Answer [id]: [ target relation of the <Question
id sentence> which is in the <Relationships> ]

Description of symbols:
Pointed brackets ("<" and ">") indicate refer-
ences to existing information; square brackets
("[" and "]") indicate information that may be
subject to change.

1142
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Examples:
In Context Few Shot

Now is start, please answer the question as
the examples and do not output any extra
information.

Question 0 sentence: {Sentence} Question 0:
Based on <Relationships>, what is the target
relationship of <Question 0 sentence>? Answer
0: {Answer}

1143

E.4 Prompt to Obtain the Start Entity1144

Prompt Example: For the following questions,
we extract the initial entities involved in
the question through the entity set based on
Wikidata.

In Context Few shot

Question_id. Question: {Question}
1145

E.5 Prompt to Get Hierarchical Instructions1146

Task: The given text is a complex problem. It is
necessary to reconstruct the text layer by layer
based on the corresponding Start Entity after
understanding the problem text, ensuring that
each sub-text is semantically unique, concise,
and non-repetitive. For specific practices, you
can refer to the requirement or learn from my
examples.

Requirement:
1. The number of sub-texts in Split is greater
than or equal to 1
2. The text in Split must be completely derived
from the corresponding Text
3. The sub-text of the next level must contain
the complete text of the sub-text of the previous
level
4. Start Entity cannot appear as a separate
subtext

In Context Few Shot

Now is start, please answer the question as
the examples and do not output any extra
information.

1147

Question_id. Text: {Question}
Start Entity: {Start Entity}

Question_id. Split: {Answer}
1148

E.6 Prompt to Get Final Answer 1149

# The prompt for selecting relational paths from the edited
subgraph

Task: Based on the provided information, from the corre-
sponding information in the question, select a relational
path which is most likely to answer the question.
You can learn how to do this from the examples I’ve
provided.

Examples:
In Context Few Shot

Now is start, please answer the question as the examples
and do not output any extra information.
Question_id: {Question}

Question_id information: (1) {Relational Path} ...

Question_id relation reasoning path: {Answer}

# The prompt for selecting reasoning path after obtaining
relational path
Task: Based on the provided information, select a reason-
ing path to answer the question based on edit information.
You can learn how to do this from the examples provided.

Important: - You must compare ALL candidate reasoning
paths before selecting the final answer. - If any reasoning
step matches exactly with the edit information (full triple:
head→ relation→ tail), you must prioritize it. - If no step
matches edit information, you must select the reasoning
path with the latest time (the latest). - You must NOT stop
at the first reasonable option; you must check all options
completely.

Examples:

In Context Few Shot

Now is start, please answer the question as the examples
and do not output any extra information.
Question_id: {Question}

Question_id edit information: (1) {Edit Triple} ...
Question_id candidate reasoning path:
(1) {Reasoning Path} ...

Please select one reasoning path from Question_id candi-
date reasoning path to answer Question_id.
Question_id answer: {Answer}

1150
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