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Abstract—Knowledge base question answering (KBQA) aims
to retrieve precise answers from knowledge graphs using natural
language queries. While large language models (LLMs) enhance
KBQA with strong reasoning capacities, they still face challenges
such as noisy retrieval paths and inherent difficulties in reasoning
over graph structures. To address these issues, we propose a novel
framework, Path Retrieval and Deductive Reasoning (PRDR),
which reformulates path retrieval as a binary classification task
to suppress irrelevant paths and facilitate accurate reasoning.
Retrieved paths are converted into propositional forms, enabling
LLMs to perform structured deductive inference. Our method
achieves state-of-the-art results on the WebQuestionsSP and
ComplexWebQuestions benchmarks, demonstrating robust per-
formance in complex multi-hop question answering.

Index Terms—Knowledge base question answering, Large
language models, Path retrieval, Deductive reasoning

I. INTRODUCTION

Knowledge base question answering (KBQA) aims to an-
swer natural language questions by leveraging structured
knowledge from large-scale knowledge graphs (KGs) [1].
As information grows exponentially, KBQA has become in-
creasingly critical across various domains due to its ability
to provide precise and efficient information access [2]. By
bridging natural language queries with structured knowledge
representations, KBQA systems allow users to interact with
complex knowledge through intuitive interfaces.

The emergence of large language models (LLMs) has
significantly advanced KBQA. These models exhibit strong
capabilities in natural language understanding and generation,
enabling enhanced performance on complex QA tasks [3].
Traditional KBQA methods often rely on semantic parsing and
information retrieval, which struggle with language variation
and multi-step reasoning. In contrast, LLM-based approaches
demonstrate better semantic understanding and response gen-
eration capabilities, leading to notable performance gains [4].

Nevertheless, integrating LLMs into KBQA remains chal-
lenging due to two persistent issues. First, retrieving relevant
paths from KGs often introduces substantial noise [5]. Large-
scale KGs contain numerous interconnected entities, resulting
in multiple candidate paths, many of which are irrelevant or
misleading. This noise not only increases computational cost
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but also misleads the reasoning process, degrading answer
accuracy. Second, LLMs inherently lack effective reasoning
capabilities over graph-structured data. Although proficient in
sequential text processing, they struggle to capture complex
relational patterns and multi-hop dependencies within KGs [6],
[7], limiting their applicability in structured reasoning tasks.

To overcome these challenges, we propose a novel approach
that reinvents path retrieval and reasoning for KBQA. Our
method introduces three key innovations:

o We reformulate path retrieval as a binary classification
task, associating natural language questions with relevant
KG relations to reduce noise and improve retrieval pre-
cision.

o We introduce a structured deductive reasoning framework
that represents retrieved paths as propositional forms
(premises and conclusions), fully leveraging the innate
logical abilities of LLMs.

e We design a joint learning strategy that integrates
classification-based retrieval with deductive inference, en-
abling more accurate and interpretable answer derivation.

Extensive experiments demonstrate that our approach
achieves state-of-the-art performance on widely-used bench-
marks including WebQuestionsSP (WebQSP) [8] and Com-
plexWebQuestions (CWQ) [9], validating its effectiveness for
both simple and complex questions.

II. RELATED WORK
A. KBQA

Knowledge base question answering (KBQA) leverages
structured knowledge bases to provide more accurate answers
than traditional QA systems. Existing approaches are broadly
categorized into two paradigms: information retrieval-based
(IR-based) and semantic parsing-based (SP-based) [6]. IR-
based methods retrieve relevant entities via semantic matching
and path ranking, yet exhibit limitations in handling multi-
hop reasoning. SP-based methods convert natural language
questions into logical forms by leveraging pre-trained language
models to predict operators and compose subqueries [10].
Recent progress in LLMs has significantly advanced KBQA,
enabling few-shot [11] and zero-shot [12] learning. Emerging



research further investigates the use of LLMs’ intrinsic reason-
ing abilities without external knowledge base interactions [13],
extending the scope of conventional KBQA.

B. Information Retrieval and Knowledge Reasoning

Information retrieval-based KBQA (IR-KBQA) answers
natural language queries through structured retrieval and rea-
soning over knowledge bases. The framework operates through
two core stages: information retrieval and knowledge reason-
ing. The retrieval phase identifies semantically aligned triples
or relational paths from the knowledge graph, serving as a
critical filter for noise reduction and quality assurance [14].
The reasoning phase interprets these paths to derive an-
swers. While traditional graph-based methods (e.g., GNNs)
approximate multi-hop reasoning, they often struggle with
complex logical structures and noise contamination. Recent
LLM-enhanced approaches (e.g., ToG, RoG) integrate large
language models with KBs for iterative path exploration,
significantly improving interpretability and multi-hop reason-
ing capability [15]. However, noisy retrieval paths remain a
fundamental challenge, as irrelevant paths significantly com-
promise reasoning accuracy [16]. Emerging hybrid methods
that combine neural retrieval with symbolic verification show
promise in addressing this limitation [2].

C. Text Classification in KBOA

Text classification plays a crucial role in KBQA [17],
[18], enabling accurate query understanding and effective
identification of relevant entities and relations in knowledge
graphs. This approach classifies natural language queries into
predefined categories [19], which are subsequently mapped to
corresponding knowledge graph elements [20], thereby facili-
tating targeted information retrieval. Recent advances leverage
transformer-based architectures like BERT [21], which have
demonstrated strong performance across NLP tasks. When
fine-tuned on KBQA-specific datasets, these models signifi-
cantly improve the precision of path retrieval and reasoning
processes [22], [23]. By enhancing the relevance of retrieved
paths, text classification methods directly address key chal-
lenges including noisy retrieval paths and limited reasoning
capabilities in current systems.

III. METHODOLOGY
A. Definition of the KBQA task

A knowledge graph (KG) is a structured representation of
knowledge, typically represented as a set of triples:

G ={(s.1,0) | s,0 € E,r € R},

where (s,r,0) denotes a relation r between a subject s and
an object o, with E representing the set of entities and R is
the set of relations in the graph. In the context of KBQA, the
task can be formally defined as follows:

Let @ = {q1,92,...,qn} be the set of questions, P =
{p1,p2,- .., pm} be the set of relations connecting two entities
or an entity with a literal. A is the set of all possible answers
related to question q. Given a knowledge base /C and a natural

language question ¢ € @, the goal of KBQA is to return the
correct answer a € A, which corresponds to the query q.

B. Path Retrieval

a) Relation Path Representation: In KBQA systems,
the representation of relation paths is critical for effective
reasoning. A path in the knowledge graph is defined as
P = (p1,p2,---,pm), where each p; € P represents a
relation, and P denotes the set of all possible relations in
the graph.

We evaluate the relevance of a relation path p to a user query
q, we use a structured template. For each query-path pair, we
create a unified textual representation that concatenates the
natural language query ¢ with the sequential relation path
P1,---,Pm- This unified format jointly captures the user’s
information need and the structural semantics of the candidate
path, providing a solid foundation for subsequent relevance
assessment.

b) Sample Construction for Classifier Training: The bi-
nary classifier requires high-quality supervised data to distin-
guish relevant from irrelevant relation paths. We construct the
training set D = {(x;,y;)} as follows:

Positive samples (y = 1): For each training question g with
its ground-truth answer entity a, we extract all relation paths
from the linked question entities to a within the knowledge
graph. Each resulting query-path pair forms a positive instance.

Negative samples (y = 0): To build a robust classifier, neg-
ative instances are generated through random sampling from
the set of KG relations that are not associated with the correct
answer for the given query. Specifically, we sample relations
that appear in other, semantically distinct questions from the
training corpus to ensure diversity and avoid trivial negatives.
The ratio of positive to negative samples is maintained at 1:3,
a configuration empirically validated to balance the classifier’s
precision and recall while mitigating potential bias toward the
majority class.

Formally, for a question ¢ with gold answer a, let R, be the
set of relations on any valid reasoning path from the question
entities to a. The positive set is DT = {(q,7) | r € R,}. The
negative set is D~ = {(¢,r') | v’ € R\ R,}, where R is the
full relation vocabulary and 7’ is sampled uniformly. The final
labeled dataset is D =Dt UD™.

¢) Model Training: The unified representation of each
query-path pair x; serves as input to a pre-trained language
model, specifically BERT} 4 [21]. The model is fine-tuned
for the binary classification task defined by the dataset D
constructed above.

The pre-trained language model PLM(:; 0), parameterized
by 6, generates contextualized token representations for the
input sequence x;: h(x;;6) = [hcors, hy, ha, ... h,;,]. The
hcrs token embodies the aggregated semantic representation
of the entire input. For classification, this representation is
passed through a softmax layer:

flhers | W) = o(Wy - hers), 9]



where W is a trainable weight matrix and o is the sigmoid
function. The model is optimized by minimizing the binary
cross-entropy loss:

1
Laws(0UW D) = > lee (f(h(xi50) | W), 01)
(%4,91) €D @)

where /. (-,-) denotes the cross-entropy loss. Minimizing
this objective improves the classifier’s accuracy in identifying
query-relevant relation paths, which is essential for filtering
noisy candidates in the retrieval stage.

C. Deductive Reasoning

Deductive reasoning enables the derivation of logically cer-
tain conclusions from verified premises. While large language
models (LLMs) possess strong capabilities in textual inference,
their ability to perform structured reasoning over graph-based
knowledge remains limited. To bridge this gap, we propose
a deductive framework that converts retrieved relation paths
into propositional forms, thereby leveraging LLMs’ inherent
strength in factual and logical deduction within a structured
context.

a) Propositional Transformation of Paths: Each retrieved
relation path is transformed into a chain of natural-language
propositions. Given a path P = (eg £ ey 225 ... 25 ¢,),
it is converted into a sequence of declarative statements of the
form “e;_; [relation p;] e;,” where [relation p;] is verbalized
into a natural phrase (e.g., studied_by becomes “is studied
by”). For multi-hop paths (m > 1), these statements are
chained as connected premises, preserving the logical flow
from the subject entity to the answer candidate. All candi-
date paths that pass the classifier filter (Section III-B) are
transformed simultaneously. The resulting set of propositional
chains is presented to the LLM within a structured prompt,
instructing it to evaluate logical consistency and select the
chain that best supports answering the original question.

b) Handling of Multiple and Conflicting Paths: The
binary classifier serves as a high-precision filter, eliminating
the majority of spurious or irrelevant paths. The remaining
candidate paths—typically a small, high-confidence set—are
all propositionalized and submitted to the LLM. The prompt
explicitly asks the model to reason over all provided chains,
compare their coherence with the question, and identify the
most logically supported answer. This approach allows the
LLM to resolve mild conflicts or ambiguities by leveraging
its broader contextual knowledge, while the classifier ensures
that blatantly incorrect paths are removed beforehand.

c) Integrated Workflow: As formalized in Algorithm 1,
our method operates through three integrated phases: (1) entity
linking identifies relevant entities in g; (2) the binary path clas-
sifier filters retrieved paths—a path p is retained if its predicted
relevance score s; exceeds threshold 7y, or if its predicted
irrelevance score s, is below threshold 7o (indicating low
confidence in irrelevance); (3) deductive reasoning transforms
the retained paths into propositional chains, which the LLM
evaluates to identify the logically valid answer. This structured
approach enhances reasoning reliability by combining precise,

Algorithm 1 Path Retrieval and Deductive Reasoning (PRDR)
(E,R,T); Question g;

Require: Knowledge graph G =
Thresholds 7, ™
Ensure: Answer entity a
1: £ < EntityLinking(q, G)
2: P < RetrievePaths(€, G, 3)
3 P* 0
4: for each path p € P do

5 x < Encode(q, p)

6: h <+ BERT(x)

7 s < Softmax(Whcrs)

8 if s; > 71 or (s < 73) then
9: P* «— P*U{p}

10: end if

11: end for

12: S <— ConvertToPropositions(P*)
13: i* «+ LLM(BuildPrompt(g, S))
14: a < ExtractAnswer(P*[i*])

15: return a

classification-guided retrieval with formalized logical evalua-
tion.

IV. EXPERIMENTS

In this section, we provide a detailed description of the
dataset and experimental setup. We present the results of our
main experiments, compare them with the baseline model, and
discuss specific experimental cases to demonstrate the validity
of our approach.

A. Experiment Settings

a) Datasets and Baselines: We evaluate our method
using two widely-recognized benchmark datasets for KBQA:
WebQSP [8] and CWQ [9], both designed for reasoning over
the Freebase knowledge base [24]. For consistency, we adopt
the same training and testing splits as those used in previous
research [25].

We compare PRDR with several KBQA baselines, which
are categorized into three paradigms: Non-LLM methods,
prompting-based LLM methods, and methods combining
LLMs with Knowledge Graphs (KGs). In the inference path
retrieval process, we use BERT yc [21] as a text classification
model to identify and retain relevant and correct inference
paths while filtering out relationships that are not relevant to
each specific problem, and then we use LLM GPT-3.5-turbo
for path inference.

b) Training Details: We use F1 score and Hits@1 as
evaluation metrics, following standard KBQA practice. The
F1 score measures the overall coverage of correct answers,
while Hits@1 assesses the accuracy of the top-ranked answer.
Additionally, for evaluating retrieval performance, we compute
top-k accuracy to assess whether the correct relation paths
appear within the top-k retrieved answers. For the classification
model, we utilized the BERTy 4 model, trained for 3 epochs
with a batch size of 32 and a learning rate of 1 x 1075, The
maximum sequence length was set to 128. All experiments
were conducted on a single NVIDIA A6000 GPU.



TABLE I
PERFORMANCE COMPARISON ON WEBQSP AND CWQ DATASETS

Type Methods WebQSP cwWQ

His@l Fl  His@l Fl
KV-Mem [26] 467 345 201 157
GraftNet [27] 664 604 368 327
NSM [28] 743 674 488 440
Non-LLMs SR+NSM [29] 689 641 502 471
SR+NSM+E2E [29] 695 641 493 463
QGG [28] 730 738 369 374

Alpaca-7B [30] 51.8 27.4 -

LLaMA2-Chat-7B [31]  64.4 ) 346 ;
Zero-shot (zpt-3.3) 544 523 349 283
LLMs Only Few-shot (gpt-3.5) 563 5301 385 339
CoT (gpt-3.5) 574 547 432 359

KD-CoT [32] 686 525 557 ;
ToG [33] 751 723 576 570
UniKGQA [34] 772 722 512 491
LLMs + KGs RoG [3] 832 698 614 562
PRDR (gpt-3.5) 836 770 664 628

B. Main Results

Table I presents the performance comparison of PRDR
against existing baselines on WebQSP and CWQ. With GPT-
3.5 as the reasoning engine, PRDR consistently outperforms
all competing methods across both evaluation metrics. Specif-
ically, our approach achieves 83.6% Hits@1 and 77.0% F1
score on WebQSP, surpassing the previous state-of-the-art
method RoG [3] by 0.4% and 7.2%, respectively. On the more
challenging CWQ dataset, which contains complex multi-
hop questions, PRDR obtains 66.4% Hits@1 and 62.8% FI,
exceeding RoG by 5.0% and 6.6%.

These gains are particularly noteworthy when compared to
other LLM+KG approaches such as ToG [33] and UniKGQA
[34], where PRDR achieves absolute F1 improvements of
6.4% and 4.8% on WebQSP, and 15.2% and 13.7% on
CWQ, respectively. The larger margin on CWQ highlights
the effectiveness of our path classification filter in eliminating
spurious reasoning chains, which are more prevalent in com-
plex queries, and the propositional deductive reasoning stage
in faithfully deriving correct answers.

C. Comparison of Retrieval Models

We evaluate three retrieval models—BM?25, Sentence-
BERT, and BERTY yg—o0n the WebQSP and CWQ bench-
marks. As shown in Fig. 1, BERT 4 achieves the highest
retrieval accuracy across all settings, demonstrating superior
precision in identifying exact path matches. Sentence-BERT
exhibits competitive performance but lags behind BERT e,
particularly on the more complex CWQ dataset. BM25 shows
adequate results on WebQSP but performs poorly on CWQ.

The performance gap is quantified using the Top-K accuracy
metric:

Acc@K = — > " T (Correct(q, K)) (3)

1
ol
where I(-) is the indicator function, and Correct(q, K) evalu-
ates to 1 if the gold relation path for question ¢ appears within

the top-K retrieved candidates, and 0 otherwise.

BERT] 4g¢’s lower partial retrieval accuracy further confirms
its precise matching capability, whereas the higher partial
accuracy of Sentence-BERT and BM25 suggests weaker dis-
criminative power. These results establish BERTy . as the
most robust retrieval model for KBQA tasks.

Acc@K Performance on CWQ

==l

Fig. 1. Comparative evaluation of retrieval models on (a) CWQ and (b)
WebQSP datasets. Error bars represent standard deviation over 5 runs.

D. Threshold Selection and Sensitivity Analysis

The thresholds 7; (relevance confidence) and 75 (irrelevance
confidence) in Algorithm 1 are critical for balancing precision
and recall during the path-filtering stage. To determine their
optimal values, we conduct a comprehensive grid search
over 71 € [0.5,0.9] and 72 € [0.5,0.9] with a step size
of 0.1, evaluating the F1 score on the validation splits of
both WebQSP and CWQ benchmarks using GPT-3.5 as the
reasoning engine.

As shown in Fig. 2, our sensitivity analysis reveals consis-
tent performance patterns across both datasets. For WebQSP
(Fig. 2a), the highest F1 score of 77.02% is achieved at
71 = 0.8 and » = 0.7. Similarly, for CWQ (Fig. 2b), the
optimal configuration occurs at the same parameter values,
yielding an F1 score of 62.79%. The performance landscapes
demonstrate that PRDR maintains stable performance across a
wide range of threshold combinations, with F1 score less than
1.5% across all tested parameter pairs. This stability indicates
that the classifier’s confidence scores are well-calibrated and
the filtering mechanism exhibits robustness to minor threshold
perturbations.

E. Case Study

The case studies in Table II illustrate that the proposed
PRDR method enhances LLMs by integrating path retrieval
and deductive reasoning to give correct answers. Although
path retrieval alone can identify complete paths through binary
classification, it may produce incorrect results due to the lack
of logical reasoning. By incorporating deductive reasoning,
the proposed method ensures accuracy of reasoning through a
structured thought process, effectively filters irrelevant paths,
and returns correct results. Unlike traditional approaches re-
lying on sequential reasoning such as CoT, PRDR performs
path retrieval by categorizing tasks, selecting the most relevant
reasoning paths and refining them with deductive logic. This
approach greatly enhances the ability of LLMs to handle
KBQA tasks. The experimental results demonstrate that when
querying “What is the name of the sports team that plays
in Old Trafford, Greater Manchester?”, the CoT approach
yielded an incorrect reasoning path and consequently produced
an erroneous answer due to its inability to detect and rectify



TABLE 11
CASE STUDY OF PRDR

Question What is the name of the sports team that plays in Old Trafford, Greater Manchester?

Gold Answer Newton Heath L&YR F.C.

CoT Prompt You're an expert in Knowledge Graph Question Answering. Now I have a question: (What is the name of the sports team that plays in Old
Trafford, Greater Manchester?), and a series of potential reasoning path that lead to its answer:
0: The reasoning path is: Old Trafford, Greater Manchester — sports.sports_team.location — Manchester United F.C. —
sports.sports_team.arena_stadium — Old Trafford, its conclusion is: The name of the sports team that plays in Old Trafford, Greater
Manchester is Manchester United F.C.
1: The reasoning path is: Old Trafford, Greater Manchester — sports.sports_team.location — Manchester United F.C. —
sports.sports_team.previously_known_as — Newton Heath L& YR F.C., its conclusion is: The name of the sports team that plays in
Old Trafford, Greater Manchester is Newton Heath L& YR F.C.
2: The reasoning path is: Old Trafford, Greater Manchester — location.location.contains — Greater Manchester —
travel.travel_destination.tourist_attractions — Great Manchester Run, Museum of Science and Industry, Pennington Flash Country
Park, its conclusion is: The sports team that plays in Old Trafford, Greater Manchester is not directly identified by the tourist
attractions in Greater Manchester.
You are asked to output the correct reasoning path after thinking step-by-step and verifying the final answer for the given question.
Output: The correct reasoning path is Path 0

The correct answer is: Manchester United F.C.

PRDR (ours) You’re an expert in Knowledge Graph Question Answering. Now I have a question: (What is the name of the sports team that plays in Old

Trafford, Greater Manchester?), and a series of potential reasoning path that lead to its answer:

0: The reasoning path is: Old Trafford, Greater Manchester — sports.sports_team.location — Manchester United F.C. —
sports.sports_team.arena_stadium — Old Trafford, its conclusion is: The name of the sports team that plays in Old Trafford, Greater
Manchester is Manchester United F.C.

1: The reasoning path is: Old Trafford, Greater Manchester — sports.sports_team.location — Manchester United F.C. —
sports.sports_team.previously_known_as — Newton Heath L&YR F.C., its conclusion is: The name of the sports team that plays in
Old Trafford, Greater Manchester is Newton Heath L& YR F.C.

2: The reasoning path is: Old Trafford, Greater Manchester — location.location.contains — Greater Manchester —
travel.travel_destination.tourist_attractions — Great Manchester Run, Museum of Science and Industry, Pennington Flash Country
Park, its conclusion is: The sports team that plays in Old Trafford, Greater Manchester is not directly identified by the tourist
attractions in Greater Manchester.

You are tasked to verify the correct reasoning path for the given question by deductiving reasoning. If a correct path exists, return the index
of the most likely correct path. Otherwise, return ‘None*.

Output (ours): The most likely correct path is Path 1

Final Answer: Newton Heath L& YR FE.C.

is of PRDR on i it is of P

TABLE III
ABLATION STUDY OF PRDR COMPONENTS ON WEBQSP AND CWQ
DATASETS
§ Variant WebQSP (F1) CWQ (F1)
Full PRDR 77.01 62.82
w/o Path Retrieval 73.49 (-3.52) 59.98 (-2.84)
w/o Deductive Reasoning 74.25 (-2.76) 60.63 (-2.19)

(b) CWQ dataset

(a) WebQSP dataset

either the path retrieval or deductive reasoning component
results in significant performance degradation on both We-
bQSP and CWQ benchmarks. Disabling path retrieval leads
to an F1 drop of 3.52 and 2.84 percentage points on WebQSP
and CWQ, respectively, underscoring its role as the primary
filter for noisy reasoning paths. Removing deductive reasoning
causes reductions of 2.76 and 2.19 percentage points, con-
firming that structured logical inference adds substantial value
beyond simple path extraction.

Fig. 2. Parameter sensitivity analysis of PRDR thresholds on WebQSP
and CWQ validation sets. The heatmaps visualize F1 scores across different
combinations of 71 and 72. The gold star marks the optimal configuration.
Darker colors indicate higher F1 scores.

reasoning errors. In contrast, our PRDR method successfully

identified and validated the correct reasoning path (Path 1),

ultimately confirming the ground truth entity (Newton Heath
L&YR F.C.) as the accurate result.

The full PRDR framework achieves the highest scores,

demonstrating that the synergistic integration of classification-

F. Ablation Study

TAblation experiments with GPT-3.5 evaluate the contribu-
tion of each core module. As shown in Table III, removing

based retrieval and propositional reasoning is essential for op-
timal KBQA performance. The consistent trend across datasets
validates the robustness of this design.



V. CONCLUSION

We proposed PRDR, a novel method that enhances LLM
reasoning on knowledge graphs for KBQA. Specifically, our
approach transforms path retrieval into a classification task,
enabling the retrieval of reasoning paths relevant to the ques-
tion while effectively filtering out a large number of irrelevant
paths. During the reasoning phase, PRDR enables LLMs to
perform faithful reasoning on the retrieved paths in a deductive
manner, thereby obtaining accurate answers. Experimental re-
sults demonstrate that PRDR significantly outperforms existing
baseline methods on the WebQSP and CWQ benchmarks,
achieving state-of-the-art performance.
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