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Abstract

Large language models (LLMs) are increas-
ingly combined with knowledge graphs (KGs)
for grounded question answering.  Exist-
ing LLM-KG methods mainly follow two
paradigms: KG-RAG based generation uses
KG evidence as auxiliary context, while LLM-
guided KG reasoning constrains reasoning to
traceable symbolic KG paths. However, cur-
rent LLM-guided KG reasoning methods typ-
ically search within local neighborhoods of
given topic entities, and may miss crucial
evidence involving semantically relevant but
non-adjacent entities, especially in incomplete
KGs. To address this limitation, we pro-
pose LM-KGQA, an LLM-guided Monte Carlo
Tree Search (MCTS) framework for expand-
ing KG evidence search beyond local topic-
entity neighborhoods. We further introduce
self-rewarded node evaluation and aggregate
high-reward traces for evidence-grounded an-
swer derivation. Experiments on three KGQA
benchmarks show that LM-KGQA outperforms
nine SOTA baselines across three categories,
with nearly 30% average relative improvement
on CWQ across backbone LLMs. Further anal-
yses validate the self-reward mechanism and
show robust performance across test-time rea-
soning budgets.

1 Introduction

Large language models (LLMs) have demonstrated
strong language understanding and reasoning abil-
ities across a wide range of natural language pro-
cessing tasks. However, for complex knowledge-
intensive questions, LLMs still suffer from halluci-
nations, outdated knowledge, and opaque decision-
making (Peng et al., 2023). In contrast, knowledge
graphs (KGs) organize entities and relations in an
explicit and editable symbolic structure, provid-
ing faithful and traceable factual knowledge for
complex reasoning (Luo et al., 2024). Combining
LLMs with KGs has therefore become a promising

direction for grounded question answering (Pan
et al., 2024).

Existing LLM-KG methods mainly follow two
paradigms. The first is KG-RAG based LLM
generation, which retrieves sub-KG structures as
external context for answer generation (Jiang et al.,
2023; Lin et al., 2025; Wan et al., 2025; Cui et al.,
2026; Gao et al., 2025). In this paradigm, KG evi-
dence mainly serves as auxiliary context, while the
reasoning process is still carried out by the LLM
over the provided prompt. Therefore, reasoning
performance largely depends on the relevance and
completeness of the constructed KG context, and
missing or noisy evidence can mislead the LLM.
The second paradigm is LLM-guided KG reason-
ing, where LLMs interactively explore entities and
relations on KGs and derive answers from the ex-
plored evidence (Sun et al., 2024; Chen et al., 2024).
Unlike KG-RAG based generation, this paradigm
treats the KG not merely as an auxiliary context
source, but as a symbolic reasoning space that con-
strains the reasoning process. The LLM guides
which entities or relations to explore, while each
reasoning step is grounded in valid KG evidence.
This makes the reasoning trajectory more faithful
and traceable, reducing unsupported hallucination.

However, existing LLM-guided KG reasoning
methods still suffer from limited exploration scope.
They typically initialize reasoning from given topic
entities and expand evidence within their connected
local KG neighborhoods. Such local traversal
works when key evidence lies near the starting
entities, but may fail when crucial evidence in-
volves semantically relevant yet non-adjacent enti-
ties. This issue is especially common in real-world
KGs, which are inevitably incomplete and may lack
edges between question-related entities. Therefore,
a more comprehensive LLM-guided KG reasoning
framework is needed to discover useful non-local
entities beyond initial topic-entity neighborhoods.

To address this gap, we build upon the LLM-



guided KG reasoning paradigm and propose LM-
KGQA, an LLM-guided MCTS-based framework
for KGQA that enables non-local KG evidence ex-
ploration. Rather than restricting exploration to
local neighborhoods of initial topic entities, LM-
KGQA formulates grounded question answering
as reasoning-space search over KG-grounded ev-
idence states. Each search-tree node represents a
partial evidence state, and each root-to-terminal
path forms a complete reasoning trace for answer
derivation. During node expansion, the LLM pro-
poses complementary candidate entities based on
the accumulated evidence and the semantic require-
ments of the question. These entities are then
grounded back to the KG to extract reasoning paths,
enabling LM-KGQA to discover useful non-local
evidence inaccessible to previous local exploration
methods. We further design an LLM-judged self-
reward mechanism to estimate node rewards from
evidence usefulness, answer groundedness, and
answer correctness. After multiple MCTS roll-
outs, LM-KGQA aggregates high-reward reason-
ing traces to derive the final answer. Finally, ex-
tensive experiments on three KGQA benchmarks
validate the effectiveness of our method. The main
contributions of this work are summarized as fol-
lows:

* We propose LM-KGQA, an LLM-guided
MCTS framework for expanding KG evidence
search beyond local topic-entity neighbor-
hoods.

¢ We introduce a self-reward mechanism to eval-
uate evidence usefulness, answer grounded-
ness, and answer correctness for MCTS node
estimation.

* Experiments on three KGQA benchmarks
demonstrate the effectiveness of LM-KGQA,
with further analyses on self-rewarding and
robustness across reasoning budgets.

2 Related Work
2.1 LLM Reasoning

Large language models (LLMs) have shown re-
markable success across many natural language
tasks due to their powerful pre-training on massive
text corpora. Techniques such as chain-of-thought
prompting (Wei et al., 2022) and self-consistency
sampling (Wang et al., 2022) further improve rea-
soning by generating intermediate reasoning steps.

Despite these advances, LLMs still suffer from
hallucinations, outdated knowledge, and opaque
decision-making when tackling complex reasoning
and knowledge-intensive questions (Peng et al.,
2023). These limitations arise because LLMs
rely solely on their parametric memory, without
a grounded mechanism to retrieve and verify exter-
nal facts. To mitigate these issues, a line of work
integrates external sources via RAG to improve fac-
tual grounding and reasoning robustness of LLM
(Gao et al., 2023; Mansurova et al., 2024; Sharma
et al., 2025).

2.2 LLM-KG Reasoning

Knowledge graphs (KGs) provide explicit entities
and relations for grounding LLM reasoning. Ex-
isting LLM-KG methods mainly follow two lines.
The first retrieves KG triples, subgraphs, or paths as
auxiliary context for LLM generation (Jiang et al.,
2023; Lin et al., 2025). Although this retrieve-then-
reason paradigm improves factual grounding, its
performance depends on the coverage and quality
of the retrieved evidence. The second line uses
LLMs to guide KG exploration by selecting enti-
ties, relations, or paths during reasoning (Sun et al.,
2024; Chen et al., 2024). These methods make rea-
soning more traceable by grounding each step in
KG evidence, but they are often restricted to local
neighborhoods of given topic entities and may miss
useful non-local evidence. In contrast, our work
formulates KGQA as reasoning-space search over
KG-grounded evidence states and introduces an
LLM-guided MCTS framework to expand evidence
search beyond local topic-entity neighborhoods.

3 Our Method

3.1 Preliminaries

3.1.1 Problem Formulation

Given a question ¢, an optional topic entity set Ep,
and a knowledge graph G, our goal is to derive
an answer a grounded in factual evidence from
G. We formulate KGQA as a reasoning evidence
search problem over GG. At step ¢, the system main-
tains a reasoning state s, = (q, By, P;), where
E; = {e;}"; and P; = {p;}" denote the accu-
mulated entities and reasoning paths, respectively.
The initial state is constructed from ¢, Fy, and the
initial KG paths Py retrieved for Ey. The system
then iteratively expands the state by identifying can-
didate entities and retrieving their associated KG
paths. Importantly, newly introduced entities are



not required to be directly connected to the original
topic entities, as long as they provide useful evi-
dence for answering the question. The objective is
to find an evidence set Z* = {p;}¥_, from which
the final answer a can be derived. To search the
large combinatorial space of evidence trajectories,
we cast this process as a Monte Carlo Tree Search
(MCTS) problem (Browne et al., 2012).

3.1.2 Reasoning Node Representation

To support the MCTS-based reasoning evidence
search defined above, we represent each node in
the search tree as a reasoning state associated with
the question. Specifically, each node maintains
three components: an accumulated entity set, an ac-
cumulated reasoning path set, and a scalar reward.
Formally, the node content is written as (Ey, Py, 1),
where E, records the entities encountered along the
current reasoning trajectory, FP; stores the reason-
ing paths collected from the knowledge graph for
E4, and r; denotes the utility of the node for the
overall question answering process.

Different node types correspond to different
stages of the reasoning process. The root node
is initialized from the question ¢, the optional topic
entity set Ejy, and the corresponding initial reason-
ing paths Fy. A non-terminal child node extends
its parent state with newly introduced reasoning
evidence, while a terminal node represents a com-
pleted state from which a final answer can be de-
rived. The reward 7 is used to evaluate the quality
of each node during tree search, and its detailed
definition is given in the following method sections.

3.2 Reasoning MCTS Framework

The whole pipeline of our framework is shown in
figure 1. We’ll introduce our framework in details
consisting of selection, expansion, self-rewarding
based simulation and backpropogation.

3.2.1 Selection

Starting from the root node, we recursively select
a child node according to the Upper Confidence
Bound applied to Trees (UCT) criterion (Kocsis
and Szepesvdri, 2006), which balances exploita-
tion of high-reward nodes and exploration of less-
visited nodes. The UCT score of a child node v is
defined as:

UCT(v) = R(v) +c¢

where R(v) denotes the estimated reward of node
v, N(v) is the visit count of v, p(v) is the parent
node of v, and c is a hyperparameter controlling the
exploration—exploitation trade-off. The selection
process continues until a leaf node or a terminal
node is reached.

3.2.2 Expansion

Given the accumulated entity set ;1 and reason-
ing path set P;_; along the current reasoning trace,
the expansion step constructs the next node. De-
pending on the current state, the next node can be
either a terminal node or a non-terminal child node.
In our framework, a terminal node can be gener-
ated under two cases. First, if the next expanded
node reaches the predefined maximum search depth
Dax, the expansion process is forced to terminate.
Second, given the current reasoning trace, the LLM
may determine that the answer can already be de-
rived from E;_q and P;_;. In this case, the model
directly outputs a response starting with “Now we
can answer the question:”, and the corresponding
child node is treated as a terminal node. All remain-
ing cases are regarded as non-terminal expansion.

For a non-terminal expansion step, the LLM
is first prompted to generate one candidate topic
entity name that may provide useful complemen-
tary evidence for answering the question. For-
mally, given the current reasoning trace 7;_1 =
(g, Et—1, P;—1), we construct the entity-generation
prompt as 11", = Peni(q, Fr—1, Pi—1), where Pep
denotes the prompt template for candidate topic en-
tity generation. Based on this prompt, the LLM
generates a candidate topic entity name é;.

Since é; is a textual entity name rather than a
grounded KG node, we link it to the knowledge
graph in two steps. We first retrieve a candidate
KG entity set by lexical matching, and then refine
these candidates using embedding-based seman-
tic similarity between the recalled entities and the
query formed by the question and é;. The top-w
linked entities are retained for subsequent child
expansion:

Et(l) = Retrieve(é;, G),

EP ={é1, 619, Erw),
where w denotes the expansion width, i.e., the num-
ber of child nodes expanded at the current step.
For each linked KG entity ¢; j, we further ex-
tract a corresponding reasoning path p; ; from G
as grounded evidence followed the 2-step path ex-
ploration process introduced in paper (Chen et al.,

2



:{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?
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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 associated
reasoning path, we construct a non-terminal child
node as:

o™ = (Ey—y U{ens}, Py U (B} o).

3)
where r; ; denotes the estimated reward of the child
node.

When the next expanded node is terminal, we
no longer generate additional candidate entities or
extract new reasoning paths. Instead, we directly
prompt the LLM to generate a candidate final an-
swer a; based on the current reasoning trace. The
corresponding terminal node is then constructed
as:

term ~ term
Uy == (Et—la Pt—17 ag, Ty )7 (4)
where 7™ is the terminal-node reward, which

evaluates the generated answer from both correct-
ness and groundedness perspectives.

Details of reward estimation for non-terminal
and terminal nodes are introduced in Section 3.2.3.
The prompts used in expansion can be found in
appendix A.

3.2.3 Self-Reward based Simulation

In conventional MCTS, the simulation step esti-
mates the value of the current node by performing
future rollouts from that node and using the roll-
out outcomes as reward signals. In our grounded

KGQA setting, however, such random simulation
is not well suited to structured evidence search over
the knowledge graph. Therefore, we replace the
standard simulation step with a self-reward mech-
anism based on LLM judgment, which directly
evaluates the quality of each expanded node.

Specifically, for each node, we construct a re-
ward prompt and use the probability that the LLM
generates “Yes” as the first token as the reward
score. Formally, for a reward prompt II"®V, the
corresponding reward is defined as

r = P(Yes | ITI"). 5)

We design different reward functions for non-
terminal and terminal nodes.

Non-terminal node reward. For a non-terminal
child node Ug‘;n'term, the reward evaluates whether
the newly introduced reasoning path p; ; provides
useful new evidence for answering the question,
conditioned on the accumulated evidence history
(Et—1,P,—1). Intuitively, a newly added path
should receive a higher reward if it introduces in-
formation that moves the reasoning closer to the
final answer, and a lower reward if it introduces
irrelevant information or information that does not
contribute to answering the question. Formally, we
define the non-terminal reward prompt as

%" = pan(q, Bro1, Pio1,),  (6)



and compute the reward of the non-terminal child
node as follows, where 7 is a node value prior that
helps enhance stability.

path path
Ty = P(Yes pity ) ,

o path
Ttg = Wr1 Ty ;

(7)
+ (1 - wrl) To

Terminal node reward. For a terminal node
vje™, the reward should evaluate the generated final
answer a; from two complementary perspectives:
answer groundedness and answer correctness.
Answer groundedness measures whether the final
answer is sufficiently supported by the accumulated
reasoning evidence, while answer correctness mea-
sures whether the final answer correctly answers
the question.

We first define the groundedness reward prompt
as

H%round = (I)ground(Q7 P, dt)7 (8)

and compute the groundedness reward as
ground __ ground
pground P(Yes | I8 ) . )

Similarly, we define the correctness reward
prompt as

Hgorr = (I)corr(Q7 &t)a (10)
and compute the correctness reward as
ri®" = P(Yes | II{*") . arn

The final terminal-node reward is then defined
as the weighted sum of the two components:

term __ ground
Ty = Wr2 Ty

+ wpg . (12)
where w,2 and w,3 are hyperparameters controlling
the relative importance of answer groundedness
and answer correctness, respectively.

In this way, our self-reward mechanism serves as
a task-specific replacement for the simulation step
in conventional MCTS: instead of estimating node
values through random future rollouts, we directly
evaluate each node based on its contribution to
grounded question answering. The prompts used
in reward computation can be found in Appendix
A.

3.2.4 Backpropagation

When a terminal node v;*™ is reached as shown

in figure 1, we obtain a complete reasoning tra-
jectory from the root node to the terminal node
which delivers the final answer. We then start to
back-propogate the rewards and update each node’s
reward and visit count along the current reason-
ing trace. Prior MCTS-based planning framework
(Hao et al., 2023) updates each node’s reward by
aggregating the rewards of all its subsequent nodes
on the selected trace, which is a way to estimate
the long-term value of the partial reasoning state
represented by each non-terminal node. Based on
this, we adopt a max-backup strategy for node-
level reward update. We further maintain the best
reward value observed for each node v; from pre-
vious rollouts and we update each node’s reward
by selecting the maximum value between the best
maintained reward R, (v¢) and the current esti-
mated long-term value R(v;). Our max-backup de-
sign for node-level reward update prevents a former
promising reasoning node from being downgraded
by a later low-quality rollout, which is important
for noisy LLM-guided KG exploration.

Formally, given a selected trajectory 7 =
(vo,v1,...,vr), for each node v;, we update the
node reward with the max-backup rule as:

T
R(v;) = Avg (Z R(vi)> ,

R(v;) + max (Rmax(vt), R(vt)).

(13)

Meanwhile, the visit count of each node is up-
dated as

N(’Ut) — N(Ut) + 1. (14)

This update encourages the search to retain high-
potential partial evidence states while still allowing
newly discovered high-quality trajectories to im-
prove their value estimates.

3.3 Final Reasoning Trace Selection

After completing all MCTS rollouts, we collect the
terminal nodes reached during the search, where
each terminal node corresponds to a complete rea-
soning trace and a candidate final answer. We cal-
culate the reward value for each trace by averaging
the rewards of all nodes along the trace. We adopt
a trace-vote strategy to improve robustness (Zhang
et al., 2025). Specifically, we first select the top-k
reasoning traces according to their rewards. We



then extract the candidate final answers from these
traces and apply majority voting over the answers
to determine the final answer. If the same final
answer is produced by multiple reasoning traces,
we select the trace with the highest reward among
them as the final supporting reasoning trace.

4 Experiments

4.1 Experimental Setups

4.1.1 Datasets & Evaluation Metrics

To evaluate the effectiveness of our LM-KGQA
framework on complex reasoning over KGs,
we conduct experiments on three widely used
multi-hop KGQA benchmarks: CWQ (Talmor and
Berant, 2018), WebQSP (Yih et al., 2016), and
GrailQA (Gu et al., 2021) following their original
licenses and terms of use, and use them solely for
research and evaluation purposes consistent with
their intended use. All three datasets are grounded
in the Freebase KG (Bollacker et al., 2008). For
the large-scale GrailQA dataset, we utilize the
same testing samples as those in ToG (Sun et al.,
2024). In our evaluation, we use 3,531 test sam-
ples from CWQ, 1,639 test samples from WebQSP,
and 1,000 test samples from GrailQA. Consistent
with prior work (Jiang et al., 2023; Sun et al., 2024;
Chen et al., 2024), we adopt exact match accuracy
(Hits@1) as the evaluation metric.

4.1.2 Comparison Methods

We select prior state-of-the-art approaches as base-
lines for each dataset, which can be categorized
into three groups: (1) KG-augmented LLM Rea-
soning Methods: including ToG (Sun et al., 2024),
PoG (Chen et al., 2024), StructGPT (Jiang et al.,
2023) and ReKnos (Wang et al., 2025); (2) LLM-
only methods: including CoT (Wei et al., 2022), 10
prompt (Brown et al., 2020) and SC (Wang et al.,
2022); (3) Non-LLM KGQA methods: including
NSM (He et al., 2021) and ReaRev (Mavroma-
tis and Karypis, 2022). For each LLM-involved
method, we compare the performance of two back-
bone LLMs: DeepSeek v3.2 (Liu et al., 2025) and
Qwen3.6-plus (Qwen Team, 2026). It is worth
noting that NSM and ReaRev only release trained
checkpoints for CWQ and WebQSP, and no offi-
cial training or evaluation splits are available for
GrailQA; therefore, we only report their results on
CWQ and WebQSP.

Methods CWQ WebQSP GrailQA

Non-LLM KGQA Methods

NSM
ReaRev

43.78
47.18

71.45
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
10 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
10 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

Table 1 compares LM-KGQA with different base-
lines across three datasets and two backbone LLMs.
LM-KGQA consistently achieves the best perfor-
mance on all datasets and backbones, demonstrat-
ing the effectiveness of our LLM-guided KG evi-
dence search framework. The improvement is espe-
cially notable on CWQ, which requires more com-
plex multi-hop reasoning: LM-KGQA outperforms
the strongest baseline ReKnoS under DeepSeek
v3.2 (0.6773 vs. 0.6345), and shows similar gains
under Qwen3.6-plus. It also obtains the best results
on WebQSP and GrailQA, indicating good gener-
alization across KGQA scenarios. Overall, these
results show that expanding KG evidence search
beyond local topic-entity neighborhoods improves
grounded question answering.

4.3 Reward Weight Analysis

We analyze the sensitivity of the reward weights
in the self-reward mechanism. As shown in Ta-
ble 2, varying w,; leads to only small performance
changes across the three datasets, suggesting that
LM-KGQA is relatively robust to the weight of
the non-terminal evidence usefulness reward. The



W1 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 w,.1.

(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 w9 and w,3.

best results are obtained at w,; = 0.7 on CWQ and
GrailQA, while WebQSP slightly favors w,; = 0.9,
indicating that a stronger emphasis on newly intro-
duced evidence can be helpful but may also intro-
duce noise.

Table 3 further examines the terminal reward
weights for answer groundedness and correctness.
The setting (wr2, wy3) = (0.3,0.7) performs best
on CWQ and WebQSP, while GrailQA obtains
slightly better results with larger groundedness
weights. This shows that correctness is impor-
tant for selecting reliable terminal answers, while
groundedness helps ensure that the answer is sup-
ported by KG evidence. Overall, the results demon-
strate that our self-reward mechanism remains sta-
ble under different weight configurations.

4.4 Test-time Reasoning Budget Analysis

We compare three methods under varying test-time
reasoning budgets. For SC, the budget is the num-
ber of sampled reasoning paths; for ToG, it is the
number of candidate reasoning paths retained at
each depth; and for LM-KGQA, it is the num-
ber of MCTS rollouts. As shown in Figure 2,
LM-KGQA consistently outperforms SC and ToG
across all budget levels on CWQ, WebQSP, and
GrailQA. This indicates that the proposed MCTS-
based evidence search is effective even under lim-
ited inference-time budgets.Compared with SC,
which only increases the number of sampled textual
reasoning paths, LM-KGQA explicitly expands
and evaluates KG-grounded evidence states. Com-
pared with ToG, which relies on beam-style path re-
tention at each depth, LM-KGQA further uses self-
rewarded MCTS rollouts to balance exploration
and exploitation over partial evidence states. As

—— sC TG —— Ours

cwaQ WebQSP GrailQA

curacy (%)

curacy (%)

A
A

a0
1 : i 5

3 3 3 3 H 3
Reasoning Budget Reasoning Budget Reasoning Budget

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
stable performance across different reasoning bud-
gets, demonstrating the robustness of the proposed
KG evidence search framework.

4.5 Ablation Study: Effects of self-reward
mechanism

Table 4 reports the ablation results of the pro-
posed self-reward mechanism. Removing any re-
ward component leads to performance degradation,
demonstrating that both non-terminal and termi-
nal reward signals contribute to the effectiveness
of LM-KGQA. Specifically, removing the non-
terminal reward causes a clear drop on CWQ, from
0.6773 to 0.5547, indicating that evaluating the use-
fulness of newly introduced evidence is important
for guiding MCTS toward promising reasoning tra-
jectories. Similarly, removing the terminal reward
also significantly hurts performance, especially on
CWQ and GrailQA, showing that answer-level eval-
uation based on groundedness and correctness is
necessary for selecting reliable terminal nodes. The
obvious degradation is generally observed when the
entire self-reward mechanism is removed, where re-
wards are no longer guided by LLM judgment and
all set to 0.5. This confirms that the self-reward
mechanism plays a central role in replacing the
standard simulation step of MCTS in our KGQA
setting. Overall, these results show that process-
level evidence evaluation and answer-level terminal
evaluation are complementary: the former helps



Question: Which high school was attended by the person who was nominated for an award for Chapter V?
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Figure 3: A case study comparing different methods to answer one complex question from CWQ.

expand useful KG evidence during search, while
the latter ensures that the final answer is both cor-
rect and supported by the accumulated reasoning
evidence.

4.6 Effects of different trace selection
methods.

After several MCTS rollouts, we compare three rea-
soning trace selection strategies and examine how
they affect final answer accuracy: trace vote, best
trace, and greedy trace. Details of the implementa-
tion of these strategies can be found in Appendix
D.

Table 5 in appendix D shows that Trace Vote gen-
erally yields the best or competitive performance
by aggregating answers from multiple top-reward
traces. Greedy Trace performs comparably and
excels on GrailQA.

4.7 Case Study

Figure 3 represents a typical case from the CWQ
dataset. We compare the results of CoT, ToG and
LM-KGQA in answering the question "Which high
school was attended by the person who was nomi-
nated for an award for Chapter V?". The backbone
LLM utilized for all methods is DeepSeek v3.2.
CoT fails to generate the correct person nominated
for Chapter V as the first thinking step because of
the hallucination caused by unsing only the LLM
inherent knowledge, which leads to the final wrong

answer. ToG successfully extracts the reasoning
paths deriving the correct nominee "Trey Songz"
from the topic entity "Chapter V", but constrained
by their pre-defined search depth, it stops to further
explore education information of "Trey Songz" and
refuse to answer the question due to the insufficient
evidence. Different from the above methods,

5 Conclusion

We introduce LM-KGQA, an LLM-guided Monte
Carlo Tree Search framework for knowledge graph
question answering. By modeling evidence re-
trieval as a reasoning-space search and incorpo-
rating a self-reward mechanism for node evalua-
tion, our method effectively balances exploration
and exploitation to comprehensively collect rele-
vant evidence for complex questions. Experiments
on CWQ, WebQSP, and GrailQA show that LM-
KGQA consistently outperforms LLM-only, agent-
based KG exploration, and non-LLM baselines
across multiple backbone LL.Ms, with particularly
large gains on multi-hop reasoning tasks. Analyses
further validate the effectiveness of the self-reward
mechanism and demonstrate robust performance
across different test-time reasoning budgets.

Limitations

Despite its effectiveness, LM-KGQA has several
limitations. First, the framework relies on multiple



LLM rollouts, which can incur significant com-
putation and API costs, especially for large-scale
datasets or larger backbone LLMs. Second, the self-
reward mechanism depends on LLM-based evalu-
ation, making it susceptible to inherent biases or
inaccuracies in LLM judgment. In addition, when
applied to open-domain or high-stakes question
answering, incomplete KG evidence or inaccurate
LLM judgments may lead to unsupported or in-
correct answers, so the system should be carefully
validated before deployment. Future work could
explore more efficient search strategies and alterna-
tive reward estimation methods to further improve
scalability and robustness.
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A Prompts

This section provides the prompt templates used
in LM-KGQA. We include four types of prompts:
the candidate entity generation prompt for LLM-
guided node expansion, three self-reward prompts
for evaluating path usefulness, answer ground-
edness, and answer correctness. Placehold-
ers such as {question}, {his_entities}, and
{his_reason_paths} are filled with the corre-
sponding question-specific reasoning state during
inference.

A.1 Candidate Entity Generation Prompt

You are given a question, a list of entities that have
appeared in the current reasoning trajectory, and the
reasoning paths that have already been explored. Your
main task is to generate additional concrete entity
names that may help continue reasoning on a knowledge
graph (such as Freebase or Wikidata) to answer the
question. Before generating entities, check whether the

existing entities and reasoning paths already allow
the answer to be directly inferred. Only output "Now we
can answer the question: {{final_answer}}" if the
answer can be clearly determined from the provided
reasoning paths and entities. Otherwise, continue the
reasoning process by generating candidate entity.

Output format:

- If the answer can already be directly inferred from the
reasoning paths:

Now we can answer the question: {{final_answer}}

- Otherwise output exactly one candidate entity enclosed in
curly braces:

{{entity}}

Now analyze the following reasoning state.
Question:

{question}

History Entities:

{his_entities}

History Reasoning Paths:
{his_reason_paths}

Output:

A.2 Path Usefulness Reward Prompt

You are given a question, historical entities, historical
reasoning paths, and newly added reasoning paths. Your
task is to determine whether the new reasoning paths
are helpful for answering the question. A reasoning
path is considered helpful if it introduces information

that moves the reasoning closer to the final answer

A reasoning path is NOT helpful if it introduces irrelevant
information or information that does not contribute to
answering the question. Output 'Yes' or 'No', and a
reason.
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Now determine whether the new reasoning path is helpful for
answering the question.

Question:

{question}

History Entities:

{his_entities}

History Reasoning Paths:

{his_reason_paths}

New Reasoning Path:

{new_reason_path}

Is the new reasoning path helpful?

A.3 Answer Groundedness Reward Prompt

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

Now determine whether the final answer is sufficiently
supported by the provided reasoning paths.

Question:

{question}

Accumulated Reasoning Paths:

{his_reason_paths}

Candidate Final Answer

{candidate_final_answer}

Is the final answer sufficiently supported?

A.4 Answer Correctness Reward Prompt

You are given a question and a candidate final answer
Determine whether the candidate final answer correctly
answers the question. Use both the question and your
internal knowledge to judge whether the answer is
correct. Output only one word: Yes or No.

Question:

{question}

Candidate Final Answer
{candidate_final_answer}
Is the answer correct?

B Baselines

This section briefly introduces the baselines used
in our experiments. We group them into three cat-
egories: KG-augmented LLM reasoning methods,
LLM-only methods, and non-LLM KGQA meth-
ods.

KG-augmented LLLM Reasoning Methods

¢ ToG (Sun et al., 2024): ToG treats the LLM
as an agent that interactively explores entities
and relations on KGs through beam-search-
style reasoning paths.

* PoG (Chen et al., 2024): PoG decomposes
a question into sub-objectives and performs
adaptive KG path exploration with guidance,
memory, and reflection.

e StructGPT (Jiang et al., 2023): Struct-
GPT uses an iterative reading-then-reasoning
framework, where LLMs collect evidence
from structured data through external inter-
faces and reason over the collected informa-
tion.
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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-
hances LLM reasoning over KGs by introduc-
ing super-relations to organize KG evidence
and support more effective reasoning.

LLM-only Methods

* CoT (Weietal., 2022): CoT prompts the LLM
to generate intermediate reasoning steps be-
fore producing the final answer.

* 10 prompt (Brown et al., 2020): IO directly
prompts the LLM with the input question and
few-shot examples and asks it to output the
final answer without explicit reasoning-path
generation.

* SC (Wang et al., 2022): SC samples multiple
reasoning chains and selects the final answer
by majority voting over generated outputs.

Non-LLM KGQA methods

« NSM (He et al., 2021): NSM is a neural-
symbolic KGQA method that learns to rea-
son over intermediate entities for multi-hop
question answering.

* ReaRev (Mavromatis and Karypis, 2022):
ReaRev performs adaptive KG reasoning
by updating question instructions with KG-
aware information and emulating breadth-first
search with graph neural networks.

C Implementation Details

All experiments are conducted in an inference-only
setting without training or fine-tuning additional
model parameters. We use DeepSeek v3.2 and
Qwen3.6-plus as backbone LLMs through API-
based inference. Since these are proprietary API
models, their exact parameter sizes are not publicly
disclosed. For LM-KGQA, the main computational
cost comes from LLM calls during node expan-
sion, self-reward evaluation, and final trace aggre-
gation. We evaluate 3,531 samples from CWQ,



1,639 samples from WebQSP, and 1,000 samples
from GrailQA. Unless otherwise specified, we use
3 MCTS rollouts with a maximum child-node depth
of 3 and trace-vote size of 3. We generate 5 can-
didate entities for node expansion, link each can-
didate to 3 KG entities, extract 2-hop reasoning
paths, and retain at most 3 paths per entity. We
set the entity generation temperature to 0.3 and the
maximum generation length to 2048 tokens. Ex-
periments are performed on NVIDIA RTX A6000.
All reported results are from a single run under the
same experimental setting. For parameter and abla-
tion studies, we report the corresponding single-run
accuracy under each configuration.

We use all-MiniLM-L6-v2 pre-trained LM as
the sentence embedding model to support semantic
matching during graph retrieval and reasoning.

D Details of Trace Selection Methods

Trace Vote We first compute the reward of each
reasoning trace by averaging the rewards of all
nodes along the trace. Then, we select the top-k
traces with highest trace rewards and extract the
final answer by performing a majority vote over the
answers from these top-k traces.

Best Trace Similar to Trace Vote, we compute
the reward of each reasoning trace by averaging the
rewards of all nodes along the trace. We then select
the single trace with the highest trace reward as the
final reasoning trace, and take the answer from its
terminal node as the final answer.

Greedy Trace Starting from the root, we greedily
select at each level the child node with the highest
reward and follow this path until a terminal node
is reached. The answer from that terminal node is
taken as the final answer.

E Use of AI Assistants

We used Al assistants during the preparation of this
paper. Specifically, ChatGPT was used to assist
with language polishing, grammar correction, and
improving the clarity of writing. Codex was used
to assist with code debugging and implementation
troubleshooting during experiments. All techni-
cal ideas, method design, experimental decisions,
result interpretation, and final manuscript content
were reviewed and verified by the authors. The
Al assistants were not used to generate original re-
search claims, conduct independent scientific anal-
ysis, or make final decisions about the paper.
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