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Abstract—Knowledge Base Question Answering (KBQA) aims
to find correct answers to natural language questions by rea-
soning over large-scale knowledge bases. The main challenge is
multi-hop reasoning, which requires inferring answers through
multiple edges and nodes. Due to high data annotation costs, most
datasets only provide final answer annotations, leaving the rea-
soning process unknown. The model cannot provide the reasoning
path along with the answer, making the answer uninterpretable.
To address this, we propose a generation-retrieval multi-hop
KBQA method combining large language models (LLMs) and the
logic programming language Prolog. In the generation phase, we
fine-tune the open-source LLMs to generate the logical form of
the corresponding prolog representation for the natural language
question. In the retrieval phase, the model uses prolog query to
reasoning over the KB to get the final answer and the reasoning
path. A transparent reasoning path also helps identify and
correct errors, enhancing the model’s reliability and practicality.
Experimental results on two standard KBQA datasets, MetaQA
and WebQSP, demonstrate that our method outperforms existing
models in both performance and interpretability.

Index Terms—knowledge base question answering, large lan-
guage model, logic programming

I. INTRODUCTION

A Knowledge Base (KB) is a structured data collection orga-
nized as triples of (head entity, relation, tail entity). Large KBs
like Freebase, DBPedia, and Wikidata have been widely used
in downstream NLP tasks. Knowledge Base Question Answer-
ing (KBQA) is a significant research area within this context.
Early KBQA focused on answering simple questions, where
the head entity of the question is connected to the answer entity
by a single relation, known as 1-hop KBQA. In recent years,
more research has focused on complex questions involving
multi-step reasoning, also known as multi-hop KBQA. As
shown in Fig. 1, the question requires a 3-hop reasoning
path from the question’s topic entity to the answer entity .
Existing KBQA methods can be broadly classified into two
categories: semantic parsing-based methods and information
retrieval-based methods. Retrieval-based methods [1, 2, 16, 19]
directly retrieve answers from the knowledge base based on the
information provided in the question. Semantic parsing-based
methods [8—13]focus on translating questions into intermediate
logical forms, such as SPARQL, which are then executed on
the knowledge base to obtain the final answer. With the advent
of end-to-end neural networks, researchers have increasingly
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turned to end-to-end deep neural network models for KBQA
tasks [1, 2, 12, 16]. These models are popular for their ability
to autonomously learn knowledge base representations and
network parameters. With the introduction of ChatGPT[23],
LLMs have gained recognition for their capabilities in the
NLP field. As shown in Fig. 1, for the question “What
types are the films starred by actors in ‘The Nine Lives
of Fritz the Cat’?”, there are multiple paths from the head
entity “The Nine Lives of Fritz the Cat” to the answer entity
“Comedy”. However, only the path marked in red is the
correct one. If the model only provides the answer entity, it
is impossible to know which path was used to retrieve the
answer. Therefore, even if the answer is correctly identified,
the reasoning process may still be considered unreliable. To
overcome these challenges, our approach uses Prolog queries
to represent natural language questions as inferable logical
forms. Prolog queries, which are essentially first-order logic,
offer strong interpretability and reasoning capabilities. We
address the challenge of interpretable KBQA by leveraging the
strengths of both LLMs and logic programming. We propose
a method that fine-tunes an LLM to generate Prolog query
statements to represent questions and obtain answers through
logical reasoning. The interpretability of the Prolog solving
process provides interpretability for KBQA. Specifically, the
contributions of this paper are reflected in the following two
aspects:

1. Our model is interpretable. We incorporate the logic
programming language Prolog into the KBQA task and
employ topic entity masking strategy before generating
logical forms. This approach not only improves the accu-
racy of the reasoning process but also ensures traceability
and visualization of each step of the reasoning path.

2. Our research explores the performance of open-source
LLMs, such as ChatGLM?2 and Baichuan2, in addressing
KBQA questions. To demonstrate the capabilities of the
LLM model, we compare it to the traditional sequence-
to-sequence TS model.Our model achieves state-of-the-
art performance on benchmark datasets WebQSP and
MetaQA.

II. RELATED WORK

Knowledge Base Question Answering has seen rapid devel-
opment over the past decade, with various methods developed
for knowledge base quality analysis tasks. Most existing
KBQA methods can be divided into two categories: retrieval-
based methods and semantic parsing-based methods.
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Fig. 1. Instances from the MetaQA-3hop dataset. We use green, red, blue,
and gray circles to represent subject entities, accurate responses, intermediate
entities, and irrelevant entities, respectively. Red arrows indicate the correct
reasoning paths.

Retrieval-based approaches [1, 2, 16, 19, 21] retrieve an-
swers directly from the KB based on the information provided
in the question. Several studies [2, 16, 34] utilize classi-
cal approaches (e.g., key-value memory networks, variational
inference networks, and graph convolutional networks) to
perform multi-hop inference in knowledge bases.Alexander et
al [16]store ternaries of the knowledge base in a key-value
structured memory cache and maintain a memory table for
retrieval, which is then used for inference in order to predict
the answer to complete the QA. In addition, studies [1, 2] used
external texts to deal with knowledge base sparsity, while [5-7]
used knowledge base embedding methods to map knowledge
bases and questions to vectors for reasoning over knowledge
bases. Sun et al [1] proposed GRAFT-Net for dealing with
knowledge base sparsity, which combines a KB with a corpus
of external entity-linked texts. The approach proposed in the
[2] builds a question-specific subgraph from the KB and then
augments it with relevant text documents; however, commonly
used publicly available datasets do not provide a text corpus
about the question. Saxena et al [5] utilized ComplEx Embed-
dings and RoBERTa models to transform questions and triples
in the knowledge base into vector space and designed a special
relation matching strategy to solve the problem of incomplete
knowledge base. However they both lack the utilization of
intermediate signals in the process of reasoning about answers.
Approaches based on semantic parsing [8—13, 31] translates
questions into intermediate logical forms, like SPARQL or
S-expression, and execute on the KB. Some semantic parsing-
based approaches (e.g., [8, 11, 13, 18]) use the generated query
subgraphs as logical forms. [14, 15] attempt to train sequence-
to-sequence models to generate S-expressions as logical forms
and use various strategies to enhance the reasoning process.
The current challenges for semantic understanding based ap-
proaches lie in two main areas, firstly, it is difficult for logical
forms to accurately express the semantics of a question when
the question is complex. Second, logical parsing must cover
a variety of query types for complex questions.Yih et al [30]
proposed query graphs as expressive parsing targets, and they
showed strong expressiveness in the complex KBQA task.

However, they can only be generated by predefined manual
rules, which are not applicable to large-scale datasets and
complex question types. Gu et al[32] proposed S-expressions,
which define functions to transform SPARQL queries on
questions, making the logical form shorter, but then need
to be converted to SPARQL for querying when reasoning
on knowledge bases. Unlike traditional approaches, we chose
the logic programming language Prolog[27] as the logical
form because it is concise and logical. For example Given
the question, “What is the name of justin bieber brother”.
the corresponding Prolog query is “people.person.sibling_s
(Justin Bieber, X), people.sibling_relationship.sibling(X,Y),
people.person.gender(Y,Male)”. The simplicity of the Prolog
language can effectively improve the accuracy of LLM, and
this logical form provides a structured representation of the
meaning of the question, without defining any other functions.

III. THE FRAMEWORK OF LLMPROKBQA
A. Overview

The model adopts a ‘“‘generation-retrieval” framework, as
shown in Fig. 2. It uses fine-tuned LLMs to generate logical
forms of questions and retrieves relevant information from the
KB, thereby facilitating accurate and natural language under-
standing and answer generation in KBQA. To fine-tune the
open-source LLMs, we adjust the< question, answer >pairs
from the KBQA datasets to < question, logical form >pairs,
using the logic programming language Prolog for the logical
forms. The fine-tuned LLMs are then used to translate new NL
questions into corresponding candidate logical forms through
semantic parsing. The question answering module utilizes
these logical forms to reason over the knowledge base to obtain
the final answer, providing an interpretable reasoning path for
the NL question.
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Fig. 2. The Framework of LLMProKBQA.
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B. Logical Form Generation

Unlike traditional models that use< question,answer >
training data, our model uses < question,logical form >
pairs as input for the LLM. To create the training data for fine-
tuning the LLMs, we need to generate Prolog reasoning forms
for the questions in the training dataset. This process involves
two main steps: Topic entity mask and Prolog expression
generation.



1) Topic Entity Mask: To ensure the model focuses on the
representation of the question and reduces the influence of
the topic entity on question modeling, a strategy called “topic
entity masking” is employed. The reasoning process should
prioritize the semantic structure of the question, particularly
the predicates, over the topic entity of the given question. The
key to visualizing reasoning in KBQA is mapping the informa-
tion from the NL question to the relations in the KB, which
often appear as predicates in the natural language question
and do not involve the subject entity. Therefore, to make the
model focus on the semantic structure of the question itself, we
replace the subject entity in each question with a special token
“ENT”. We use a BERT model combined with CRF for named
entity recognition in questions. The BERT _tokenizer function
tokenizes the input question ¢ = {wl,w2,...,wn} using
BERT’s tokenizer, splitting the text into subword units.Each
subword is assigned a unique identifier, and special start and
end markers ([CLS] and [SEP]) are added. The tokenized
sequence is then input into the pre-trained BERT model, which
generates contextual embeddings for each token, capturing the
token’s context information.

embeddings = BERT([CLS], tokens, [SEP]) (1)

The output from BERT’s final layer is extracted as the feature
representation for each token. This representation is passed
through a fully connected layer and then input into the CRF
layer. The CREF layer learns the transition probabilities between
labels, enabling it to consider label sequence information
during prediction and generate the globally optimal label
sequence.

CRF_output = CRF(FullyConnectedLayer(embeddings))

2
Finally, the model replaces the labeled subject entity with the
special token “ENT”.

2) Prolog Logical Form Generation: To transform each
natural language question into a logical form expressed in
Prolog, we need to utilize additional information from the
dataset, such as SPARQL queries and question types, to
construct corresponding logical predicate mappings for the
questions. Since SPARQL queries and question types have
fixed structures and specific keywords, we employ a Template-
based Matching algorithm to parse and match the text using
predefined patterns and rules, enabling accurate identification
and extraction of key information from the text data. Based on
the fixed syntax structures in SPARQL queries and question
types, we design corresponding templates and then map the
key information from the templates to logical predicates,
thereby constructing Prolog logical expressions.

3)

To enhance the accuracy of template matching, we first tok-
enize the question, then remove noise by eliminating fixed
syntactic structures that do not affect the Prolog logical
form. Finally, from the key information obtained through
template matching, we design mappings for different matching

Prolog_form = Predicate M apping(Template(q))

symbols and Prolog predicates, extracting logical reasoning
predicates to construct Prolog logical expressions. By employ-
ing template matching, we achieve precise identification and
extraction of key information from the text data, ultimately
enabling the construction of correct Prolog logical expressions
for natural language questions.

C. Fine-tuning large language models

Due to the large parameter size of LLMs, traditional
training methods require high hardware demands, resulting
in slow training speeds and low efficiency. Therefore, this
paper adopts Parameter-Efficient Fine-Tuning (PEFT)[28] to
fine-tune LLMs. Fine-tuning is a crucial step in large-scale
pre-trained LLMs to adapt them to specific tasks. However,
traditional fine-tuning methods often require significant com-
putational resources and storage space. To address this issue,
P-Tuning v2[26], LoRA[25]and QLoRA[29] techniques have
been proposed, significantly reducing the parameter size and
computational requirements during fine-tuning by employing
low-rank decomposition and quantization techniques. They
decompose the weight matrix of the model into two low-
rank matrices. QLoRA quantizes the decomposed low-rank
matrices after the adaptation layers, using 8-bit or 16-bit
quantization techniques to represent the matrices in low-
precision formats.

To focus the model on the task of generating Prolog logical
forms for given questions, we adopt a prompt-based approach
to fine-tune LLMs. By using prompt-based fine-tuning, no
modification to the model’s internal parameters is needed;
only adjustments to the input prompts are required to fine-
tune while maintaining the model’s original capabilities. As
prompts are explicit text cues, we can debug and optimize
them naturally, selecting the most suitable prompt for training
the Prolog logical form generation task. In this paper, we
use the prompt: “Generate a corresponding expression of the
prolog logical form for the given problem.” To assess the
capabilities of different open-source LLMs in KBQA tasks,
we selected the Baichuan2 and ChatGLM?2 models, and the
traditional sequence-to-sequence model TS as a comparison.
Under the same training dataset conditions, we compared
the results of these models to evaluate their performance on
KBQA tasks.

D. Prolog-based Answer Retrieval

Due to the excellent performance of fine-tuned LLMs in
generating logical forms, we can obtain the logical form
and reasoning path for a given question. Traditional semantic
parsing methods typically convert the logical forms generated
by fine-tuned LLMs into SPARQL and then execute the query
on the knowledge base to obtain the final answer. How-
ever, the conversion from logical form to SPARQL is time-
consuming and unreliable. In our answer retrieval module,
we utilize Prolog logical forms, eliminating the need for
query conversion. Our logical forms are Prolog queries, a
logic programming language executable directly through SWI-
Prolog. Before executing the query, we need to import facts



and rules for our module. Each triple in the KB represents
a fact. We convert each triple “(entityl, relation, entity2)”
in the KB to the form “relation(entityl, entity2)”, with
the relation as the Prolog query predicate and the entities as
variables to construct the facts. To address the incompleteness
of relations in the KB, we define new rules for completing
relations after the conversion to Prolog queries. Since Prolog
queries are essentially first-order logic expressions, we use
first-order logic for reasoning, defining rules to complete
certain relations. Our module can discover and construct new
inference rules, such as reversibility and transitivity rule, based
on the triples. By adding rules, the model automatically adds
new triples to the knowledge base to enhance the knowledge
graph.For example, when constructing facts in Prolog queries
from the triples in the knowledge base, the model discovers
that for a relation r, if the pairs of triples(el,r, e2) and
(e2,r,el) reach a threshold, the model adds reversibility rules
for r to rule set. It then constructs corresponding reverse
triples for all triples in the knowledge base related to r.
After importing facts and rules, the model executes Prolog
queries using SWI-Prolog. Since Prolog queries are generated
with entity masking, to make the logical query executable,
we replace the special token “ENT” with the corresponding
question topic entity. Due to the inherent reasoning capability
of Prolog, by executing the query, we can retrieve the answer
to the question and obtain the reasoning path connecting the
question entity and the answer entity. This method not only
improves query efficiency but also ensures the interpretability
of logical forms and reasoning paths.

IV. EXPERIMENTS

A. Dataset

To evaluate our model, we conducted experiments on two
benchmark datasets for the KBQA task:

o MetaQA [17]: This dataset consists of over 400,000
single-hop and multi-hop (up to 3 hops) questions in the
movie domain, divided into three subsets: MetaQA-1hop,
MetaQA-2hop, and MetaQA-3hop.

o« WebQSP [30]: This dataset comprises 4,737 natural
language questions that can be answered using Freebase
as the knowledge base. Details of the datasets are shown
in Table I.

TABLE I
STATISTICS OF ALL DATASETS.THE *ONE-SHOT DATASET IS
CONSTRUCTED BY RANDOMLY SAMPLING ONE DATA INSTANCE FOR EACH
QUESTION TEMPLATE FROM THE METAQA TRAINING SET.

datasets train dev test *one-shot
MetaQA-1hop 96,106 9,992 9,947 161
MetaQA-2hop | 118,980 | 14,872 | 14,872 210
MetaQA-3hop | 114,196 | 14,274 | 14,274 150
WebQSP 3,098 - 1,639 -

B. Baselines

For comparison purposes, we evaluate the hit@ 1 metric of
our model on the multi-hop test dataset.The baseline models
compared in this experiment are as follows:

o« KV-Mem[16]: Maintains a memory table for retrieval,

storing KB facts encoded as key-value pairs.

o GraftNet[1]: Utilizes a variant of graph convolutional
networks for multi-hop reasoning on heterogeneous
graphs.

o PullNet[2]: Trains a graph retrieval module with shortest
paths as supervision and performs multi-hop reasoning
on retrieved subgraphs along with GraftNet.

e SRN[20]: A multi-hop reasoning model in an RL en-
vironment, extending reasoning paths on the knowledge
base to address multi-hop question answering.

o« EmbedKGQA[5]: Conducts multi-hop reasoning by
matching pre-trained entity embeddings and question
embeddings obtained from RoBERTa.

e NSM][6]: Utilizes teacher-student networks for intermedi-
ate entity representation and answer prediction separately,
enhancing model accuracy through bidirectional reason-
ing.

C. Experimental Results

For LLM, we fine-tuned 100 epochs on WebQSP and 50
epochs on MetaQA, with a batch size of 4. We optimized
all models using page-wise AdamW for memory optimiza-
tion, with a learning rate set to le-4. All experiments were
conducted on an NVIDIA A30 GPU (24GB), and results are
from experiments with random seeds.

1) Results: The results are shown in Table II. The results
of the baseline models are taken from their original papers.
Experimental results on WebQSP and MetaQA datasets show
that our LLM model combined with Prolog performs excep-
tionally well in KBQA tasks, significantly outperforming all
baseline models. On the WebQSP dataset, our model improves
the hit@ 1 metric by approximately 5.6% compared to baseline
models.On the MetaQA dataset, our model shows a 2.8%
improvement on MetaQA-1hop compared to the second best
models. Our overall performance on MetaQA achieves 100%,
which previous models could not attain, demonstrating that our
model possesses a high level of comprehension and reasoning
ability for template-generated questions. When we removed
the tpoic entity masking strategy from the model, the hit@1
scores on WebQSP, MetaQA-1hop, and MetaQA-2hop all
declined to varying degrees. This demonstrates that our tpoic
entity masking strategy helps maintain the semantic structure
of the question while enabling the LLM to focus on generating
logical forms. our model outperforms previous embedding-
based methods (EmbedKGQA) and subgraph-based methods
(GraftNet and PullNet) across all benchmark datasets. These
significant performance improvements are mainly attributed
to the LLM’s ability to understand NL questions and the
simplicity and logical structure of the Prolog.LLMs excel
in NL understanding, enabling more accurate handling and
interpretation of questions.



TABLE II
PERFORMANCE COMPARISON OF DIFFERENT METHODS FOR KBQA
(HITS@1 IN PERCENT).BOLD FONT DENOTES THE BEST METHODS.
LLMPROKBQA* REFERS THE RESULT WITHOUT TOPIC ENTITY MASKING

STRATEGY.

Models WebQSP | MetaQA-1 | MetaQA-2 | MetaQA-3
KV-Mem 46.7 96.2 82.7 48.9
GraftNet 66.4 97.0 94.8 71.7

PullNet 68.1 97.0 99.9 914

SRN - 97.0 95.1 752
EmbedKGQA 66.6 97.5 98.8 94.8
NSM 68.7 97.1 99.9 98.9
LLMProKBQA#* 753 98.7 99.9 100
LLMProKBQA 79.9 100 100 100

2) Evaluation on one-shot: From the table, we observe that
for the MetaQA dataset, all baseline models achieved excellent
results in 1-hop, 2-hop, and 3-hop tasks. Models like Em-
bedKGQA, NSM, and NSM+h all surpassed 95%, while our
model achieved 100%. However, the performance on WebQSP
is significantly lower.Upon analysis, questions in MetaQA are
generated in batches using templates, with ample training data
available for MetaQA, where each dataset contains no more
than 300 templates with 100 training examples per template.
This abundance of similar questions likely leads to the model’s
outstanding performance on the original dataset, as it can
learn stable patterns from a large number of similar questions.
To further analyze the model’s performance on MetaQA, we
created a new one-shot training dataset by randomly selecting
one training example for each question template from the
original dataset, shown in Tablelll. Each question template in
the one-shot training dataset has only one training example,
which poses a greater challenge to the model’s generalization
ability. As seen in Tablelll, both the Baichuan and ChatGLM
models achieved good results, consistent with the original
performance. However, the NSM model experienced a sharp
decline in hit@1 scores for 1-hop and 3-hop tasks, with an
8.3% drop in 3-hop, indicating poor generalization ability in
handling multi-hop questions. Despite the significant reduction
in training data, our model’s performance remains excellent,
demonstrating strong robustness and generalization ability.

TABLE III
EVALUATION ON ONE-SHOT.
Models MetaQA-1 | MetaQA-2 | MetaQA-3
NSM 93.3 97.7 90.6
ChatGLM2+prolog 97.9 99.8 100
Baichuan+prolog 98.5 99.3 100

3) Comparison of results from different LLMs: To evalu-
ate the effectiveness of different LLMs in generating final
answers for KBQA tasks, we compared the performance of
T5, Baichuan2-7B, and ChatGLM2-6B on WebQSP. Results
are shown in Table IV. Among all models, Baichuan2-7B
outperformed others, indicating its significant advantage in
generating Prolog logical forms. The performance of the T5

model gradually improved with the increase in parameter size,
with T5-Large outperforming the T5-Base model by 5.6%
in generating logical forms. Fine-tuned open-source LLMs
(Baichuan2-7B and ChatGLM?2-6B) demonstrated stronger
semantic parsing abilities, capable of generating more accurate
logical forms for given questions.

TABLE IV
RESULTS OF DIFFERENT LLMS IN WEBQSP.
Models Model size | WebQSP

T5-small 80M 52.1
T5-base 250M 65.6
T5-Large 780M 71.2
Flan-T5-3B 3B 73.4
ChatGLM2-6B 6B 74.8
Baichuan2-7B 7B 79.9

4) Interpretability: As shown in Fig. 3, our model exhibits
interpretability by generating not only answers to questions
but also the reasoning paths behind them, as illustrated in the
figure. For a given question “What is the nationality of Barack
Obama?”, our model first identifies the head entity “Barack
Obama”, then generates intermediate query statements, and
finally performs answer retrieval on the KB. The model
not only provides the answer “USA” but also outputs the
reasoning path, presenting all the inferred triples during the
reasoning process. From the figure, it can be observed that
there are multiple paths from the head entity to the answer
entity. The transparency of reasoning paths not only helps
verify the answer’s reliability but also allows people to clearly
see changes in the flow of information during the reasoning
process.

question: What is the nationality of Barack Obama?

Hawaii

Michelle
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topic entity

. answer entity
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Columbia
University

Fig. 3. A case study on 2-hop queation, we use green, blue,red circles denote
the topic entity, intermediate entity, answer entity. The red edges are the
correct reasoning path.

V. CONCLUSION AND FUTURE RESEARCH

In this paper, we propose an innovative approach for
KBQA tasks. We integrate different open-source LLMs into
the KBQA task, leveraging their unique understanding of
natural language to deeply analyze given NL questions and



extract more semantic information. Unlike traditional semantic
parsing-based methods, we focus on generating logical forms
before answer inference, selecting the logical programming
language Prolog as the intermediate logical form for questions,
and employing topic entity masking strategy to keep the LLM
focused on the semantic structure. We fine-tune open-source
LLMs to generate intermediate representations of questions.
Subsequently, we utilize the generated Prolog representation as
the logical form for inference. Our answer inference module is
capable of reasoning based on the intermediate representation
of questions and ultimately outputs answers.We evaluated our
model on MetaQA and WebQSP, and the results demonstrate
that our model achieves state-of-the-art performance on both
standard KBQA benchmark datasets.
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