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Abstract001

Large language models (LLMs) are increas-002
ingly combined with knowledge graphs (KGs)003
for grounded question answering. Exist-004
ing LLM-KG methods mainly follow two005
paradigms: KG-RAG based generation uses006
KG evidence as auxiliary context, while LLM-007
guided KG reasoning constrains reasoning to008
traceable symbolic KG paths. However, cur-009
rent LLM-guided KG reasoning methods typ-010
ically search within local neighborhoods of011
given topic entities, and may miss crucial012
evidence involving semantically relevant but013
non-adjacent entities, especially in incomplete014
KGs. To address this limitation, we pro-015
pose LM-KGQA, an LLM-guided Monte Carlo016
Tree Search (MCTS) framework for expand-017
ing KG evidence search beyond local topic-018
entity neighborhoods. We further introduce019
self-rewarded node evaluation and aggregate020
high-reward traces for evidence-grounded an-021
swer derivation. Experiments on three KGQA022
benchmarks show that LM-KGQA outperforms023
nine SOTA baselines across three categories,024
with nearly 30% average relative improvement025
on CWQ across backbone LLMs. Further anal-026
yses validate the self-reward mechanism and027
show robust performance across test-time rea-028
soning budgets.029

1 Introduction030

Large language models (LLMs) have demonstrated031

strong language understanding and reasoning abil-032

ities across a wide range of natural language pro-033

cessing tasks. However, for complex knowledge-034

intensive questions, LLMs still suffer from halluci-035

nations, outdated knowledge, and opaque decision-036

making (Peng et al., 2023). In contrast, knowledge037

graphs (KGs) organize entities and relations in an038

explicit and editable symbolic structure, provid-039

ing faithful and traceable factual knowledge for040

complex reasoning (Luo et al., 2024). Combining041

LLMs with KGs has therefore become a promising042

direction for grounded question answering (Pan 043

et al., 2024). 044

Existing LLM-KG methods mainly follow two 045

paradigms. The first is KG-RAG based LLM 046

generation, which retrieves sub-KG structures as 047

external context for answer generation (Jiang et al., 048

2023; Lin et al., 2025; Wan et al., 2025; Cui et al., 049

2026; Gao et al., 2025). In this paradigm, KG evi- 050

dence mainly serves as auxiliary context, while the 051

reasoning process is still carried out by the LLM 052

over the provided prompt. Therefore, reasoning 053

performance largely depends on the relevance and 054

completeness of the constructed KG context, and 055

missing or noisy evidence can mislead the LLM. 056

The second paradigm is LLM-guided KG reason- 057

ing, where LLMs interactively explore entities and 058

relations on KGs and derive answers from the ex- 059

plored evidence (Sun et al., 2024; Chen et al., 2024). 060

Unlike KG-RAG based generation, this paradigm 061

treats the KG not merely as an auxiliary context 062

source, but as a symbolic reasoning space that con- 063

strains the reasoning process. The LLM guides 064

which entities or relations to explore, while each 065

reasoning step is grounded in valid KG evidence. 066

This makes the reasoning trajectory more faithful 067

and traceable, reducing unsupported hallucination. 068

However, existing LLM-guided KG reasoning 069

methods still suffer from limited exploration scope. 070

They typically initialize reasoning from given topic 071

entities and expand evidence within their connected 072

local KG neighborhoods. Such local traversal 073

works when key evidence lies near the starting 074

entities, but may fail when crucial evidence in- 075

volves semantically relevant yet non-adjacent enti- 076

ties. This issue is especially common in real-world 077

KGs, which are inevitably incomplete and may lack 078

edges between question-related entities. Therefore, 079

a more comprehensive LLM-guided KG reasoning 080

framework is needed to discover useful non-local 081

entities beyond initial topic-entity neighborhoods. 082

To address this gap, we build upon the LLM- 083
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guided KG reasoning paradigm and propose LM-084

KGQA, an LLM-guided MCTS-based framework085

for KGQA that enables non-local KG evidence ex-086

ploration. Rather than restricting exploration to087

local neighborhoods of initial topic entities, LM-088

KGQA formulates grounded question answering089

as reasoning-space search over KG-grounded ev-090

idence states. Each search-tree node represents a091

partial evidence state, and each root-to-terminal092

path forms a complete reasoning trace for answer093

derivation. During node expansion, the LLM pro-094

poses complementary candidate entities based on095

the accumulated evidence and the semantic require-096

ments of the question. These entities are then097

grounded back to the KG to extract reasoning paths,098

enabling LM-KGQA to discover useful non-local099

evidence inaccessible to previous local exploration100

methods. We further design an LLM-judged self-101

reward mechanism to estimate node rewards from102

evidence usefulness, answer groundedness, and103

answer correctness. After multiple MCTS roll-104

outs, LM-KGQA aggregates high-reward reason-105

ing traces to derive the final answer. Finally, ex-106

tensive experiments on three KGQA benchmarks107

validate the effectiveness of our method. The main108

contributions of this work are summarized as fol-109

lows:110

• We propose LM-KGQA, an LLM-guided111

MCTS framework for expanding KG evidence112

search beyond local topic-entity neighbor-113

hoods.114

• We introduce a self-reward mechanism to eval-115

uate evidence usefulness, answer grounded-116

ness, and answer correctness for MCTS node117

estimation.118

• Experiments on three KGQA benchmarks119

demonstrate the effectiveness of LM-KGQA,120

with further analyses on self-rewarding and121

robustness across reasoning budgets.122

2 Related Work123

2.1 LLM Reasoning124

Large language models (LLMs) have shown re-125

markable success across many natural language126

tasks due to their powerful pre-training on massive127

text corpora. Techniques such as chain-of-thought128

prompting (Wei et al., 2022) and self-consistency129

sampling (Wang et al., 2022) further improve rea-130

soning by generating intermediate reasoning steps.131

Despite these advances, LLMs still suffer from 132

hallucinations, outdated knowledge, and opaque 133

decision-making when tackling complex reasoning 134

and knowledge-intensive questions (Peng et al., 135

2023). These limitations arise because LLMs 136

rely solely on their parametric memory, without 137

a grounded mechanism to retrieve and verify exter- 138

nal facts. To mitigate these issues, a line of work 139

integrates external sources via RAG to improve fac- 140

tual grounding and reasoning robustness of LLM 141

(Gao et al., 2023; Mansurova et al., 2024; Sharma 142

et al., 2025). 143

2.2 LLM-KG Reasoning 144

Knowledge graphs (KGs) provide explicit entities 145

and relations for grounding LLM reasoning. Ex- 146

isting LLM-KG methods mainly follow two lines. 147

The first retrieves KG triples, subgraphs, or paths as 148

auxiliary context for LLM generation (Jiang et al., 149

2023; Lin et al., 2025). Although this retrieve-then- 150

reason paradigm improves factual grounding, its 151

performance depends on the coverage and quality 152

of the retrieved evidence. The second line uses 153

LLMs to guide KG exploration by selecting enti- 154

ties, relations, or paths during reasoning (Sun et al., 155

2024; Chen et al., 2024). These methods make rea- 156

soning more traceable by grounding each step in 157

KG evidence, but they are often restricted to local 158

neighborhoods of given topic entities and may miss 159

useful non-local evidence. In contrast, our work 160

formulates KGQA as reasoning-space search over 161

KG-grounded evidence states and introduces an 162

LLM-guided MCTS framework to expand evidence 163

search beyond local topic-entity neighborhoods. 164

3 Our Method 165

3.1 Preliminaries 166

3.1.1 Problem Formulation 167

Given a question q, an optional topic entity set E0, 168

and a knowledge graph G, our goal is to derive 169

an answer a grounded in factual evidence from 170

G. We formulate KGQA as a reasoning evidence 171

search problem over G. At step t, the system main- 172

tains a reasoning state st = (q, Et, Pt), where 173

Et = {ei}mi=1 and Pt = {pi}mi=1 denote the accu- 174

mulated entities and reasoning paths, respectively. 175

The initial state is constructed from q, E0, and the 176

initial KG paths P0 retrieved for E0. The system 177

then iteratively expands the state by identifying can- 178

didate entities and retrieving their associated KG 179

paths. Importantly, newly introduced entities are 180
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not required to be directly connected to the original181

topic entities, as long as they provide useful evi-182

dence for answering the question. The objective is183

to find an evidence set Z∗ = {pi}ki=1 from which184

the final answer a can be derived. To search the185

large combinatorial space of evidence trajectories,186

we cast this process as a Monte Carlo Tree Search187

(MCTS) problem (Browne et al., 2012).188

3.1.2 Reasoning Node Representation189

To support the MCTS-based reasoning evidence190

search defined above, we represent each node in191

the search tree as a reasoning state associated with192

the question. Specifically, each node maintains193

three components: an accumulated entity set, an ac-194

cumulated reasoning path set, and a scalar reward.195

Formally, the node content is written as (Et, Pt, rt),196

where Et records the entities encountered along the197

current reasoning trajectory, Pt stores the reason-198

ing paths collected from the knowledge graph for199

Et, and rt denotes the utility of the node for the200

overall question answering process.201

Different node types correspond to different202

stages of the reasoning process. The root node203

is initialized from the question q, the optional topic204

entity set E0, and the corresponding initial reason-205

ing paths P0. A non-terminal child node extends206

its parent state with newly introduced reasoning207

evidence, while a terminal node represents a com-208

pleted state from which a final answer can be de-209

rived. The reward rt is used to evaluate the quality210

of each node during tree search, and its detailed211

definition is given in the following method sections.212

3.2 Reasoning MCTS Framework213

The whole pipeline of our framework is shown in214

figure 1. We’ll introduce our framework in details215

consisting of selection, expansion, self-rewarding216

based simulation and backpropogation.217

3.2.1 Selection218

Starting from the root node, we recursively select219

a child node according to the Upper Confidence220

Bound applied to Trees (UCT) criterion (Kocsis221

and Szepesvári, 2006), which balances exploita-222

tion of high-reward nodes and exploration of less-223

visited nodes. The UCT score of a child node v is224

defined as:225

UCT (v) = R(v) + c

√
lnN(p(v))

N(v)
, (1)226

where R(v) denotes the estimated reward of node 227

v, N(v) is the visit count of v, p(v) is the parent 228

node of v, and c is a hyperparameter controlling the 229

exploration–exploitation trade-off. The selection 230

process continues until a leaf node or a terminal 231

node is reached. 232

3.2.2 Expansion 233

Given the accumulated entity set Et−1 and reason- 234

ing path set Pt−1 along the current reasoning trace, 235

the expansion step constructs the next node. De- 236

pending on the current state, the next node can be 237

either a terminal node or a non-terminal child node. 238

In our framework, a terminal node can be gener- 239

ated under two cases. First, if the next expanded 240

node reaches the predefined maximum search depth 241

Dmax, the expansion process is forced to terminate. 242

Second, given the current reasoning trace, the LLM 243

may determine that the answer can already be de- 244

rived from Et−1 and Pt−1. In this case, the model 245

directly outputs a response starting with “Now we 246

can answer the question:”, and the corresponding 247

child node is treated as a terminal node. All remain- 248

ing cases are regarded as non-terminal expansion. 249

For a non-terminal expansion step, the LLM 250

is first prompted to generate one candidate topic 251

entity name that may provide useful complemen- 252

tary evidence for answering the question. For- 253

mally, given the current reasoning trace Tt−1 = 254

(q, Et−1, Pt−1), we construct the entity-generation 255

prompt as Πent
t−1 = Φent(q, Et−1, Pt−1), where Φent 256

denotes the prompt template for candidate topic en- 257

tity generation. Based on this prompt, the LLM 258

generates a candidate topic entity name êt. 259

Since êt is a textual entity name rather than a 260

grounded KG node, we link it to the knowledge 261

graph in two steps. We first retrieve a candidate 262

KG entity set by lexical matching, and then refine 263

these candidates using embedding-based seman- 264

tic similarity between the recalled entities and the 265

query formed by the question and êt. The top-w 266

linked entities are retained for subsequent child 267

expansion: 268

Ẽ
(1)
t = Retrieve(êt, G),

Ẽ
(2)
t = {ẽt,1, ẽt,2, . . . , ẽt,w},

(2) 269

where w denotes the expansion width, i.e., the num- 270

ber of child nodes expanded at the current step. 271

For each linked KG entity ẽt,j , we further ex- 272

tract a corresponding reasoning path p̂t,j from G 273

as grounded evidence followed the 2-step path ex- 274

ploration process introduced in paper (Chen et al., 275
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Question: What city is the headquarter of the company co-founded by the person portrayed in Saving Mr. Banks by the actor who played the title character in Forrest Gump?
Given Topic Entities: [Forrest Gump]
Gold Answer: Burbank

Selection & Expansion

𝑈𝐶𝑇 𝑣!"#$% > 𝑈𝐶𝑇 𝑣&'(% LLM

KG

𝑃!"#

Extract
Paths  

Locate
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Forrest Gump
actor

Tom Hanks
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portray Walt 
Disney
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𝑅(𝑣!"#$%): 0.9𝑅(𝑣&'(%): 0.3

Based on accumulated 
evidence, I proposed to 

further expand from 
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Walt Disney Company 

Saving 
Mr. Banks

set in
LA

headquarterDisney
Co.

𝑣!))%

Burbank

𝑈𝐶𝑇 𝑣 = 𝑅 𝑣 + 𝑐
ln𝑁(𝑝(𝑣))
𝑁(𝑣)

Self-reward Simulation

𝑃!"#

LLM

Based on accumulated 
evidence, now we can 
answer the question: 

{Burbank}

Burbank

𝑷𝒓𝟐

Yes No

0.8

0.2

𝑟*
𝑟%%'!+ =	𝑤!*	𝑟* + 𝑤!,	𝑟,𝑟%%'!+	

𝑷𝒓𝟑

Yes No

0.9

0.1

𝑟,

Terminal
Node

reward
LLM

Yes No

0.8

0.2

𝑟-
𝑅 𝑣&'(% : 0.2 𝑅 𝑣!"#$% : 0.9

𝑷𝒓𝟏

Non-Terminal
Node

reward

Legend

Update node states

Back-propagation direction

Root node Current node

Terminal node Child node

𝑷𝒈𝒆𝒏
𝑷𝒓𝟏	

Topic entity generation prompt

Discard node

𝑷𝒓𝟐
𝑷𝒓𝟑	

Path usefulness reward prompt

Answer groundedness reward prompt

Answer correctness reward prompt

Back-propagation

𝑟%.'/ = max(𝐴𝑣𝑔([𝑟"]"0%1 ), 𝑟%+23)	
𝑁% = 𝑁%  + 1

Burbank

Forrest Gump
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Tom Hanks ⋯ ⋯Forrest Gump
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Tom Hanks ⋯

⋯

⋯

Cast Away
portray Chuck

Noland ⋯

⋯

Saving 
Mr. Banks

portray Walt 
Disney ⋯ Saving 

Mr. Banks
portray Walt 

Disney ⋯

⋯

Saving 
Mr. Banks

set in
LA ⋯

⋯

headquarterDisney
Co. Burbank ⋯

headquarter Burbank ⋯Disney
Co.

Figure 1: Overall framework of our proposed MCTS-based reasoning method for grounded knowledge graph
question answering.

2024). Based on the linked entity and its associated276

reasoning path, we construct a non-terminal child277

node as:278

vnon-term
t,j =

(
Et−1 ∪ {ẽt,j}, Pt−1 ∪ {p̂t,j}, rt,j

)
,

(3)279

where rt,j denotes the estimated reward of the child280

node.281

When the next expanded node is terminal, we282

no longer generate additional candidate entities or283

extract new reasoning paths. Instead, we directly284

prompt the LLM to generate a candidate final an-285

swer ât based on the current reasoning trace. The286

corresponding terminal node is then constructed287

as:288

vterm
t =

(
Et−1, Pt−1, ât, r

term
t

)
, (4)289

where rterm
t is the terminal-node reward, which290

evaluates the generated answer from both correct-291

ness and groundedness perspectives.292

Details of reward estimation for non-terminal293

and terminal nodes are introduced in Section 3.2.3.294

The prompts used in expansion can be found in295

appendix A.296

3.2.3 Self-Reward based Simulation297

In conventional MCTS, the simulation step esti-298

mates the value of the current node by performing299

future rollouts from that node and using the roll-300

out outcomes as reward signals. In our grounded301

KGQA setting, however, such random simulation 302

is not well suited to structured evidence search over 303

the knowledge graph. Therefore, we replace the 304

standard simulation step with a self-reward mech- 305

anism based on LLM judgment, which directly 306

evaluates the quality of each expanded node. 307

Specifically, for each node, we construct a re- 308

ward prompt and use the probability that the LLM 309

generates “Yes” as the first token as the reward 310

score. Formally, for a reward prompt Πrew, the 311

corresponding reward is defined as 312

r = P (Yes | Πrew) . (5) 313

We design different reward functions for non- 314

terminal and terminal nodes. 315

Non-terminal node reward. For a non-terminal 316

child node vnon-term
t,j , the reward evaluates whether 317

the newly introduced reasoning path p̂t,j provides 318

useful new evidence for answering the question, 319

conditioned on the accumulated evidence history 320

(Et−1, Pt−1). Intuitively, a newly added path 321

should receive a higher reward if it introduces in- 322

formation that moves the reasoning closer to the 323

final answer, and a lower reward if it introduces 324

irrelevant information or information that does not 325

contribute to answering the question. Formally, we 326

define the non-terminal reward prompt as 327

Π
path
t,j = Φpath(q, Et−1, Pt−1, p̂t,j), (6) 328
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and compute the reward of the non-terminal child329

node as follows, where r0 is a node value prior that330

helps enhance stability.331

rpatht,j = P
(

Yes | Πpath
t,j

)
,

rt,j = wr1 r
path
t,j + (1− wr1) r0

(7)332

Terminal node reward. For a terminal node333

vterm
t , the reward should evaluate the generated final334

answer ât from two complementary perspectives:335

answer groundedness and answer correctness.336

Answer groundedness measures whether the final337

answer is sufficiently supported by the accumulated338

reasoning evidence, while answer correctness mea-339

sures whether the final answer correctly answers340

the question.341

We first define the groundedness reward prompt342

as343

Π
ground
t = Φground(q, Pt−1, ât), (8)344

and compute the groundedness reward as345

r
ground
t = P

(
Yes | Πground

t

)
. (9)346

Similarly, we define the correctness reward347

prompt as348

Πcorr
t = Φcorr(q, ât), (10)349

and compute the correctness reward as350

rcorr
t = P (Yes | Πcorr

t ) . (11)351

The final terminal-node reward is then defined352

as the weighted sum of the two components:353

rterm
t = wr2 r

ground
t + wr3 r

corr
t . (12)354

where wr2 and wr3 are hyperparameters controlling355

the relative importance of answer groundedness356

and answer correctness, respectively.357

In this way, our self-reward mechanism serves as358

a task-specific replacement for the simulation step359

in conventional MCTS: instead of estimating node360

values through random future rollouts, we directly361

evaluate each node based on its contribution to362

grounded question answering. The prompts used363

in reward computation can be found in Appendix364

A.365

3.2.4 Backpropagation 366

When a terminal node vterm
t is reached as shown 367

in figure 1, we obtain a complete reasoning tra- 368

jectory from the root node to the terminal node 369

which delivers the final answer. We then start to 370

back-propogate the rewards and update each node’s 371

reward and visit count along the current reason- 372

ing trace. Prior MCTS-based planning framework 373

(Hao et al., 2023) updates each node’s reward by 374

aggregating the rewards of all its subsequent nodes 375

on the selected trace, which is a way to estimate 376

the long-term value of the partial reasoning state 377

represented by each non-terminal node. Based on 378

this, we adopt a max-backup strategy for node- 379

level reward update. We further maintain the best 380

reward value observed for each node vt from pre- 381

vious rollouts and we update each node’s reward 382

by selecting the maximum value between the best 383

maintained reward Rmax(vt) and the current esti- 384

mated long-term value R̄(vt). Our max-backup de- 385

sign for node-level reward update prevents a former 386

promising reasoning node from being downgraded 387

by a later low-quality rollout, which is important 388

for noisy LLM-guided KG exploration. 389

Formally, given a selected trajectory τ = 390

(v0, v1, . . . , vT ), for each node vt, we update the 391

node reward with the max-backup rule as: 392

R̄(vt) = Avg

(
T∑
i=t

R(vi)

)
,

R(vt)← max
(
Rmax(vt), R̄(vt)

)
.

(13) 393

Meanwhile, the visit count of each node is up- 394

dated as 395

N(vt)← N(vt) + 1. (14) 396

This update encourages the search to retain high- 397

potential partial evidence states while still allowing 398

newly discovered high-quality trajectories to im- 399

prove their value estimates. 400

3.3 Final Reasoning Trace Selection 401

After completing all MCTS rollouts, we collect the 402

terminal nodes reached during the search, where 403

each terminal node corresponds to a complete rea- 404

soning trace and a candidate final answer. We cal- 405

culate the reward value for each trace by averaging 406

the rewards of all nodes along the trace. We adopt 407

a trace-vote strategy to improve robustness (Zhang 408

et al., 2025). Specifically, we first select the top-k 409

reasoning traces according to their rewards. We 410
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then extract the candidate final answers from these411

traces and apply majority voting over the answers412

to determine the final answer. If the same final413

answer is produced by multiple reasoning traces,414

we select the trace with the highest reward among415

them as the final supporting reasoning trace.416

4 Experiments417

4.1 Experimental Setups418

4.1.1 Datasets & Evaluation Metrics419

To evaluate the effectiveness of our LM-KGQA420

framework on complex reasoning over KGs,421

we conduct experiments on three widely used422

multi-hop KGQA benchmarks: CWQ (Talmor and423

Berant, 2018), WebQSP (Yih et al., 2016), and424

GrailQA (Gu et al., 2021) following their original425

licenses and terms of use, and use them solely for426

research and evaluation purposes consistent with427

their intended use. All three datasets are grounded428

in the Freebase KG (Bollacker et al., 2008). For429

the large-scale GrailQA dataset, we utilize the430

same testing samples as those in ToG (Sun et al.,431

2024). In our evaluation, we use 3,531 test sam-432

ples from CWQ, 1,639 test samples from WebQSP,433

and 1,000 test samples from GrailQA. Consistent434

with prior work (Jiang et al., 2023; Sun et al., 2024;435

Chen et al., 2024), we adopt exact match accuracy436

(Hits@1) as the evaluation metric.437

4.1.2 Comparison Methods438

We select prior state-of-the-art approaches as base-439

lines for each dataset, which can be categorized440

into three groups: (1) KG-augmented LLM Rea-441

soning Methods: including ToG (Sun et al., 2024),442

PoG (Chen et al., 2024), StructGPT (Jiang et al.,443

2023) and ReKnos (Wang et al., 2025); (2) LLM-444

only methods: including CoT (Wei et al., 2022), IO445

prompt (Brown et al., 2020) and SC (Wang et al.,446

2022); (3) Non-LLM KGQA methods: including447

NSM (He et al., 2021) and ReaRev (Mavroma-448

tis and Karypis, 2022). For each LLM-involved449

method, we compare the performance of two back-450

bone LLMs: DeepSeek v3.2 (Liu et al., 2025) and451

Qwen3.6-plus (Qwen Team, 2026). It is worth452

noting that NSM and ReaRev only release trained453

checkpoints for CWQ and WebQSP, and no offi-454

cial training or evaluation splits are available for455

GrailQA; therefore, we only report their results on456

CWQ and WebQSP.457

Methods CWQ WebQSP GrailQA

Non-LLM KGQA Methods

NSM 43.78 71.45 -
ReaRev 47.18 75.72 -

Backbone LLM: DeepSeek v3.2

ToG 50.49 72.21 65.56
PoG 59.93 84.62 77.68
StructGPT 43.67 74.08 66.10
ReKnoS 63.45 80.26 74.35

CoT 56.61 77.26 35.79
IO 51.70 77.80 39.77
SC 54.58 76.04 36.84

LM-KGQA 67.73 85.60 80.98

Backbone LLM: Qwen3.6-plus

ToG 45.49 70.05 70.16
PoG 57.19 76.45 79.28
StructGPT 45.06 70.66 63.00
ReKnos 60.03 77.16 75.95

CoT 65.33 73.15 42.41
IO 51.19 74.92 34.20
SC 62.58 72.52 42.24

LM-KGQA 69.03 83.46 81.28

Table 1: Performance comparison across different base-
lines and backbone LLMs (values multiplied by 100).

4.2 Performance Comparison 458

Table 1 compares LM-KGQA with different base- 459

lines across three datasets and two backbone LLMs. 460

LM-KGQA consistently achieves the best perfor- 461

mance on all datasets and backbones, demonstrat- 462

ing the effectiveness of our LLM-guided KG evi- 463

dence search framework. The improvement is espe- 464

cially notable on CWQ, which requires more com- 465

plex multi-hop reasoning: LM-KGQA outperforms 466

the strongest baseline ReKnoS under DeepSeek 467

v3.2 (0.6773 vs. 0.6345), and shows similar gains 468

under Qwen3.6-plus. It also obtains the best results 469

on WebQSP and GrailQA, indicating good gener- 470

alization across KGQA scenarios. Overall, these 471

results show that expanding KG evidence search 472

beyond local topic-entity neighborhoods improves 473

grounded question answering. 474

4.3 Reward Weight Analysis 475

We analyze the sensitivity of the reward weights 476

in the self-reward mechanism. As shown in Ta- 477

ble 2, varying wr1 leads to only small performance 478

changes across the three datasets, suggesting that 479

LM-KGQA is relatively robust to the weight of 480

the non-terminal evidence usefulness reward. The 481
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wr1 CWQ WebQSP GrailQA

0.5 0.6724 0.8578 0.8080
0.7 0.6773 0.8560 0.8098
0.9 0.6686 0.8584 0.8080

Table 2: Parameter experiments on non-terminal node
reward weight wr1.

(wr2,wr3) CWQ WebQSP GrailQA

(0.3, 0.7) 0.6773 0.8560 0.8098
(0.5, 0.5) 0.6740 0.8542 0.8130
(0.7, 0.3) 0.6703 0.8536 0.8130

Table 3: Parameter experiments on terminal node reward
weight wr2 and wr3.

best results are obtained at wr1 = 0.7 on CWQ and482

GrailQA, while WebQSP slightly favors wr1 = 0.9,483

indicating that a stronger emphasis on newly intro-484

duced evidence can be helpful but may also intro-485

duce noise.486

Table 3 further examines the terminal reward487

weights for answer groundedness and correctness.488

The setting (wr2, wr3) = (0.3, 0.7) performs best489

on CWQ and WebQSP, while GrailQA obtains490

slightly better results with larger groundedness491

weights. This shows that correctness is impor-492

tant for selecting reliable terminal answers, while493

groundedness helps ensure that the answer is sup-494

ported by KG evidence. Overall, the results demon-495

strate that our self-reward mechanism remains sta-496

ble under different weight configurations.497

4.4 Test-time Reasoning Budget Analysis498

We compare three methods under varying test-time499

reasoning budgets. For SC, the budget is the num-500

ber of sampled reasoning paths; for ToG, it is the501

number of candidate reasoning paths retained at502

each depth; and for LM-KGQA, it is the num-503

ber of MCTS rollouts. As shown in Figure 2,504

LM-KGQA consistently outperforms SC and ToG505

across all budget levels on CWQ, WebQSP, and506

GrailQA. This indicates that the proposed MCTS-507

based evidence search is effective even under lim-508

ited inference-time budgets.Compared with SC,509

which only increases the number of sampled textual510

reasoning paths, LM-KGQA explicitly expands511

and evaluates KG-grounded evidence states. Com-512

pared with ToG, which relies on beam-style path re-513

tention at each depth, LM-KGQA further uses self-514

rewarded MCTS rollouts to balance exploration515

and exploitation over partial evidence states. As516

Figure 2: Performance under different test-time reason-
ing budgets. Our method consistently outperforms SC
and ToG across all budget levels on CWQ, WebQSP,
and GrailQA, showing the robustness of the proposed
MCTS-based KG evidence search framework.

Method CWQ WebQSP GrailQA

Ours 0.6773 0.8560 0.8130
w/o non-terminal reward 0.5547 0.8387 0.8090
w/o terminal reward 0.5593 0.8381 0.7990
w/o self-reward 0.5487 0.8373 0.8100

Table 4: Ablation study of the proposed self-reward
mechanism.

a result, our method maintains stronger and more 517

stable performance across different reasoning bud- 518

gets, demonstrating the robustness of the proposed 519

KG evidence search framework. 520

4.5 Ablation Study: Effects of self-reward 521

mechanism 522

Table 4 reports the ablation results of the pro- 523

posed self-reward mechanism. Removing any re- 524

ward component leads to performance degradation, 525

demonstrating that both non-terminal and termi- 526

nal reward signals contribute to the effectiveness 527

of LM-KGQA. Specifically, removing the non- 528

terminal reward causes a clear drop on CWQ, from 529

0.6773 to 0.5547, indicating that evaluating the use- 530

fulness of newly introduced evidence is important 531

for guiding MCTS toward promising reasoning tra- 532

jectories. Similarly, removing the terminal reward 533

also significantly hurts performance, especially on 534

CWQ and GrailQA, showing that answer-level eval- 535

uation based on groundedness and correctness is 536

necessary for selecting reliable terminal nodes. The 537

obvious degradation is generally observed when the 538

entire self-reward mechanism is removed, where re- 539

wards are no longer guided by LLM judgment and 540

all set to 0.5. This confirms that the self-reward 541

mechanism plays a central role in replacing the 542

standard simulation step of MCTS in our KGQA 543

setting. Overall, these results show that process- 544

level evidence evaluation and answer-level terminal 545

evaluation are complementary: the former helps 546
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Question:  Which high school was attended by the person who was nominated for an award for Chapter V?
Gold Answer: Petersburg High School

CoT
LLM hallucination

Wrong answer

ToG

Reasoning  chains
via beam search

Results:

Insufficient evidence

LM-KGQA

Reasoning  trajectory

First, the person nominated for an award for "Chapter V" is Usher. 
Second, Usher attended North Springs Charter School of Arts and Sciences. 
The answer is {North Springs Charter School of Arts and Sciences}.

Chapter V
award.award_nominated_work.award_nominations
award.award_nomination.nominated_for
music.album.artist

UnName_Entity
UnName_Entity

Trey Songz

Based on the given knowledge triplets, the person nominated for an award for "Chapter V" is Trey 
Songz. However, the triplets do not provide information about which high school Trey Songz attended. 
To answer this question fully, additional knowledge about Trey Songz's education is needed.

topic entity: [Chapter V, High school]
Reasoning paths: 
Chapter V award.award_nominated_work.award_nominations m.0v36blk award.award_nomination.award_nominee Trey Songz

High school education.school_category.schools_of_this_kind Shroder Paideia High School

education.school.school_district Cincinnati Public Schools

Petersburg High School education.educational_institution.school_type

topic entity: [Trey Songz]
Reasoning paths: 

Trey Songz tv.tv_series_episode.series Access Granted award.award_nominated_work.award_nominations m.0_xhb0f
people.person.education m.0n1bwkc education.education.institution Petersburg High School

Correct answer

Figure 3: A case study comparing different methods to answer one complex question from CWQ.

expand useful KG evidence during search, while547

the latter ensures that the final answer is both cor-548

rect and supported by the accumulated reasoning549

evidence.550

4.6 Effects of different trace selection551

methods.552

After several MCTS rollouts, we compare three rea-553

soning trace selection strategies and examine how554

they affect final answer accuracy: trace vote, best555

trace, and greedy trace. Details of the implementa-556

tion of these strategies can be found in Appendix557

D.558

Table 5 in appendix D shows that Trace Vote gen-559

erally yields the best or competitive performance560

by aggregating answers from multiple top-reward561

traces. Greedy Trace performs comparably and562

excels on GrailQA.563

4.7 Case Study564

Figure 3 represents a typical case from the CWQ565

dataset. We compare the results of CoT, ToG and566

LM-KGQA in answering the question "Which high567

school was attended by the person who was nomi-568

nated for an award for Chapter V?". The backbone569

LLM utilized for all methods is DeepSeek v3.2.570

CoT fails to generate the correct person nominated571

for Chapter V as the first thinking step because of572

the hallucination caused by unsing only the LLM573

inherent knowledge, which leads to the final wrong574

answer. ToG successfully extracts the reasoning 575

paths deriving the correct nominee "Trey Songz" 576

from the topic entity "Chapter V", but constrained 577

by their pre-defined search depth, it stops to further 578

explore education information of "Trey Songz" and 579

refuse to answer the question due to the insufficient 580

evidence. Different from the above methods, 581

5 Conclusion 582

We introduce LM-KGQA, an LLM-guided Monte 583

Carlo Tree Search framework for knowledge graph 584

question answering. By modeling evidence re- 585

trieval as a reasoning-space search and incorpo- 586

rating a self-reward mechanism for node evalua- 587

tion, our method effectively balances exploration 588

and exploitation to comprehensively collect rele- 589

vant evidence for complex questions. Experiments 590

on CWQ, WebQSP, and GrailQA show that LM- 591

KGQA consistently outperforms LLM-only, agent- 592

based KG exploration, and non-LLM baselines 593

across multiple backbone LLMs, with particularly 594

large gains on multi-hop reasoning tasks. Analyses 595

further validate the effectiveness of the self-reward 596

mechanism and demonstrate robust performance 597

across different test-time reasoning budgets. 598

Limitations 599

Despite its effectiveness, LM-KGQA has several 600

limitations. First, the framework relies on multiple 601
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LLM rollouts, which can incur significant com-602

putation and API costs, especially for large-scale603

datasets or larger backbone LLMs. Second, the self-604

reward mechanism depends on LLM-based evalu-605

ation, making it susceptible to inherent biases or606

inaccuracies in LLM judgment. In addition, when607

applied to open-domain or high-stakes question608

answering, incomplete KG evidence or inaccurate609

LLM judgments may lead to unsupported or in-610

correct answers, so the system should be carefully611

validated before deployment. Future work could612

explore more efficient search strategies and alterna-613

tive reward estimation methods to further improve614

scalability and robustness.615
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A Prompts 778

This section provides the prompt templates used 779

in LM-KGQA. We include four types of prompts: 780

the candidate entity generation prompt for LLM- 781

guided node expansion, three self-reward prompts 782

for evaluating path usefulness, answer ground- 783

edness, and answer correctness. Placehold- 784

ers such as {question}, {his_entities}, and 785

{his_reason_paths} are filled with the corre- 786

sponding question-specific reasoning state during 787

inference. 788

A.1 Candidate Entity Generation Prompt 789

790
You are given a question, a list of entities that have 791

appeared in the current reasoning trajectory, and the 792
reasoning paths that have already been explored. Your 793
main task is to generate additional concrete entity 794
names that may help continue reasoning on a knowledge 795
graph (such as Freebase or Wikidata) to answer the 796
question. Before generating entities, check whether the 797
existing entities and reasoning paths already allow 798

the answer to be directly inferred. Only output "Now we 799
can answer the question: {{final_answer}}" if the 800

answer can be clearly determined from the provided 801
reasoning paths and entities. Otherwise, continue the 802
reasoning process by generating candidate entity. 803

804
Output format: 805
- If the answer can already be directly inferred from the 806

reasoning paths: 807
Now we can answer the question: {{final_answer}} 808
- Otherwise output exactly one candidate entity enclosed in 809

curly braces: 810
{{entity}} 811

812
Now analyze the following reasoning state. 813
Question: 814
{question} 815
History Entities: 816
{his_entities} 817
History Reasoning Paths: 818
{his_reason_paths} 819
Output: 820821

A.2 Path Usefulness Reward Prompt 822

823
You are given a question, historical entities, historical 824

reasoning paths, and newly added reasoning paths. Your 825
task is to determine whether the new reasoning paths 826
are helpful for answering the question. A reasoning 827
path is considered helpful if it introduces information 828
that moves the reasoning closer to the final answer. 829

A reasoning path is NOT helpful if it introduces irrelevant 830
information or information that does not contribute to 831
answering the question. Output 'Yes' or 'No', and a 832
reason. 833

834
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Now determine whether the new reasoning path is helpful for835
answering the question.836

Question:837
{question}838
History Entities:839
{his_entities}840
History Reasoning Paths:841
{his_reason_paths}842
New Reasoning Path:843
{new_reason_path}844
Is the new reasoning path helpful?845846

A.3 Answer Groundedness Reward Prompt847
848

Given the question, accumulated reasoning paths, and a849
candidate final answer, determine whether the final850
answer is sufficiently supported by the provided851
reasoning paths. Output 'Yes' or 'No', and a reason.852

853
Now determine whether the final answer is sufficiently854

supported by the provided reasoning paths.855
Question:856
{question}857
Accumulated Reasoning Paths:858
{his_reason_paths}859
Candidate Final Answer:860
{candidate_final_answer}861
Is the final answer sufficiently supported?862863

A.4 Answer Correctness Reward Prompt864
865

You are given a question and a candidate final answer.866
Determine whether the candidate final answer correctly867
answers the question. Use both the question and your868
internal knowledge to judge whether the answer is869
correct. Output only one word: Yes or No.870

871
Question:872
{question}873
Candidate Final Answer:874
{candidate_final_answer}875
Is the answer correct?876877

B Baselines878

This section briefly introduces the baselines used879

in our experiments. We group them into three cat-880

egories: KG-augmented LLM reasoning methods,881

LLM-only methods, and non-LLM KGQA meth-882

ods.883

KG-augmented LLM Reasoning Methods884

• ToG (Sun et al., 2024): ToG treats the LLM885

as an agent that interactively explores entities886

and relations on KGs through beam-search-887

style reasoning paths.888

• PoG (Chen et al., 2024): PoG decomposes889

a question into sub-objectives and performs890

adaptive KG path exploration with guidance,891

memory, and reflection.892

• StructGPT (Jiang et al., 2023): Struct-893

GPT uses an iterative reading-then-reasoning894

framework, where LLMs collect evidence895

from structured data through external inter-896

faces and reason over the collected informa-897

tion.898

Methods CWQ WebQSP GrailQA

Trace-Vote 0.6773 0.8560 0.8098
Best-Trace 0.6684 0.8505 0.8070
Greedy-Trace 0.6748 0.8523 0.8140

Table 5: Analysis on different final answer aggregation
methods.

• ReKnos (Wang et al., 2025): ReKnoS en- 899

hances LLM reasoning over KGs by introduc- 900

ing super-relations to organize KG evidence 901

and support more effective reasoning. 902

LLM-only Methods 903

• CoT (Wei et al., 2022): CoT prompts the LLM 904

to generate intermediate reasoning steps be- 905

fore producing the final answer. 906

• IO prompt (Brown et al., 2020): IO directly 907

prompts the LLM with the input question and 908

few-shot examples and asks it to output the 909

final answer without explicit reasoning-path 910

generation. 911

• SC (Wang et al., 2022): SC samples multiple 912

reasoning chains and selects the final answer 913

by majority voting over generated outputs. 914

Non-LLM KGQA methods 915

• NSM (He et al., 2021): NSM is a neural- 916

symbolic KGQA method that learns to rea- 917

son over intermediate entities for multi-hop 918

question answering. 919

• ReaRev (Mavromatis and Karypis, 2022): 920

ReaRev performs adaptive KG reasoning 921

by updating question instructions with KG- 922

aware information and emulating breadth-first 923

search with graph neural networks. 924

C Implementation Details 925

All experiments are conducted in an inference-only 926

setting without training or fine-tuning additional 927

model parameters. We use DeepSeek v3.2 and 928

Qwen3.6-plus as backbone LLMs through API- 929

based inference. Since these are proprietary API 930

models, their exact parameter sizes are not publicly 931

disclosed. For LM-KGQA, the main computational 932

cost comes from LLM calls during node expan- 933

sion, self-reward evaluation, and final trace aggre- 934

gation. We evaluate 3,531 samples from CWQ, 935
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1,639 samples from WebQSP, and 1,000 samples936

from GrailQA. Unless otherwise specified, we use937

3 MCTS rollouts with a maximum child-node depth938

of 3 and trace-vote size of 3. We generate 5 can-939

didate entities for node expansion, link each can-940

didate to 3 KG entities, extract 2-hop reasoning941

paths, and retain at most 3 paths per entity. We942

set the entity generation temperature to 0.3 and the943

maximum generation length to 2048 tokens. Ex-944

periments are performed on NVIDIA RTX A6000.945

All reported results are from a single run under the946

same experimental setting. For parameter and abla-947

tion studies, we report the corresponding single-run948

accuracy under each configuration.949

We use all-MiniLM-L6-v2 pre-trained LM as950

the sentence embedding model to support semantic951

matching during graph retrieval and reasoning.952

D Details of Trace Selection Methods953

Trace Vote We first compute the reward of each954

reasoning trace by averaging the rewards of all955

nodes along the trace. Then, we select the top-k956

traces with highest trace rewards and extract the957

final answer by performing a majority vote over the958

answers from these top-k traces.959

Best Trace Similar to Trace Vote, we compute960

the reward of each reasoning trace by averaging the961

rewards of all nodes along the trace. We then select962

the single trace with the highest trace reward as the963

final reasoning trace, and take the answer from its964

terminal node as the final answer.965

Greedy Trace Starting from the root, we greedily966

select at each level the child node with the highest967

reward and follow this path until a terminal node968

is reached. The answer from that terminal node is969

taken as the final answer.970

E Use of AI Assistants971

We used AI assistants during the preparation of this972

paper. Specifically, ChatGPT was used to assist973

with language polishing, grammar correction, and974

improving the clarity of writing. Codex was used975

to assist with code debugging and implementation976

troubleshooting during experiments. All techni-977

cal ideas, method design, experimental decisions,978

result interpretation, and final manuscript content979

were reviewed and verified by the authors. The980

AI assistants were not used to generate original re-981

search claims, conduct independent scientific anal-982

ysis, or make final decisions about the paper.983
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