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Abstract

Knowledge Base Question Answering
(KBQA) aims to retrieve accurate answers
to natural language queries by retrieving
and reasoning over large-scale structured
knowledge bases (KBs). Advanced semantic
parsing-based methods promoted by large lan-
guage models (LLMs) demonstrate superior
performance by transforming questions into
structured queries, i.e., logical forms (LFs).
However, LFs generated by LLMs could be
non-executable due to the inherent semantic
hallucination issue of LLMs and the complex
graph retrieval characteristics of the KBQA
task. To address this challenge, we propose
a novel "generate-verify-refine" framework,
termed Action-Reflection-Integrated KBQA
(ARI-KBQA) for reliable LF generation. ARI-
KBQA introduces a dual-module cooperative
architecture: First, an action generator is
trained to produce initial query paths based
on a hop-by-hop reasoning strategy. Then a
reflection verifier dynamically validates path
feasibility by interacting with the KBs. Con-
sequently, ARI-KBQA filters out invalid LFs
and provides semantic correction feedback to
the action generator for iteratively refining
LFs. Evaluations on standard KBQA bench-
marks show that the proposed ARI-KBQA
significantly enhances model performance
with a reduced search space, especially in com-
plex multi-hop query scenarios. Our codes
are publicly available at https://github.
com/dependeonface/ARI-KBQA.

1 Introduction

Knowledge Base Question Answering (KBQA)
plays a crucial role in the fields of natural lan-
guage processing and information retrieval (Cui
et al., 2019; Xiong et al., 2024). It aims to retrieve
structured knowledge from large-scale knowledge
bases (KB) to answer user queries (Miller et al.,
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Figure 1: Illustration of logical form search: solid black
and red dashed lines denote the relation directions in
the KB and the search path, respectively.

2016). Knowledge Graphs (KGs) (Bollacker et al.,
2008; Lehmann et al., 2015) store vast amounts
of world knowledge in the form of triples, where
nodes represent entities and edges represent re-
lationships between entities, enabling multi-hop
path reasoning based on user queries.

Existing KBQA methods can be catego-
rized into information retrieval (IR)-based meth-
ods (Sun et al., 2019; Saxena et al., 2022) and
semantic parsing (SP)-based methods (Lan et al.,
2019; Oguz et al., 2020; Huang et al., 2021). IR-
based methods first retrieve information relevant
to the question and then process it to generate an-
swers, while SP-based methods parse the ques-
tion into specific forms (e.g., logical forms) sim-
ilar to natural language understanding and execute
them using external executors (e.g., SPARQL ex-
ecutors) to obtain answers. Although IR-based
methods are more intuitive and always able to ob-
tain answers, the vast number of entities and rela-
tionships in KGs may introduce significant noise
due to irrelevant reasoning paths, thereby greatly
reducing its performance (Sui et al., 2024; Sun
et al., 2024; Luo et al., 2024b). In contrast, SP-
based methods have shown better performance on
multiple benchmark datasets (Talmor and Berant,
2018a; Gu et al., 2021, 2022), but they struggle to
effectively utilize knowledge from the KB, and the
KBQA task has complex semantic matching and
graph retrieval characteristics, which may cause
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Figure 2: The impact of non-executable logical forms.
Non-executable logical forms resulted in an overall per-
formance decline on the CWQ dataset, with F1 decreas-
ing by 11.83% and Hit@1 decreasing by 13.28%.

the model to generate non-executable LF, thus lim-
iting performance improvement (Yu et al., 2023;
Shu et al., 2022; Gao et al., 2025).

Recently, large language models (LLMs) have
achieved remarkable success in various tasks
(Chang et al., 2024; Wu et al., 2024; Jin et al.,
2024), making their application to KBQA a
promising direction. Studies have shown that us-
ing LLMs to generate LF for KBQA has yielded
promising results (Yu et al., 2023; Luo et al.,
2024a; Gao et al., 2025). Despite the remarkable
performance of LLMs, they still suffer from inher-
ent hallucination issues and exhibit notable lim-
itations when handling complex reasoning tasks.
For example, DecAF (Yu et al., 2023) and FM-
KBQA (Gao et al., 2025) adopt a "retrieve-then-
generate" approach, retrieving relevant informa-
tion from the KB to assist LLMs in generating
LF. However, similar to IR-based methods, this
approach may introduce additional noise, limit-
ing reasoning performance of LLMs. To reduce
noise interference, ChatKBQA (Luo et al., 2024a)
and TFS-KBQA (Wang and Qin, 2024) employ a
"generate-then-retrieve" approach, directly gener-
ating LF and then retrieving answers from the KB,
achieving state-of-the-art (SOTA) performance.

Nevertheless, as shown in Figure 1, LF can be
viewed as semantic searches starting from multi-
ple topic entities in the query, traversing relational
paths in the KG to retrieve the final answer. The
search direction (forward or backward) depends
on the specific query. Obviously, KBQA involves
complex semantic matching and graph retrieval
processes. Furthermore, as illustrated in Figure 2,
we fine-tuned the Llama-2-7B model on the CWQ
dataset using a direct LF generation strategy. The
experimental results indicate that when the LFs
generated by the LLMs are executable, the predic-
tions demonstrate high accuracy. However, due to

the inherent hallucination problem of LLMs and
the complexity of KBQA tasks, the generated LFs
may sometimes be non-executable, leading to a
significant degradation in the overall performance
of SP-based KBQA methods.

To address the above challenges, we pro-
pose a novel "generate-verify-refine" framework,
termed Action-Reflection-Integrated KBQA (ARI-
KBQA). As illustrated in Figure 3, the ARI-
KBQA framework innovatively proposes a dual-
module interaction mechanism. This mechanism
first employs an action generator that adopts a
hop-by-hop reasoning strategy to generate prelim-
inary search paths for the topic entity, thereby re-
ducing the complexity of LF generation. Subse-
quently, the reflection verifier dynamically vali-
dates the feasibility of the current path and filters
the optimal solution through real-time interaction
with the KB, while simultaneously providing se-
mantic correction feedback to the action generator
to optimize the LF of the current hop. Through
this iterative hop-by-hop optimization process, the
action generator can produce faithful and refined
LFs. Ultimately, the framework achieves accurate
answer retrieval by integrating the optimized LFs
from multiple rounds of refinement. Our contribu-
tions can be summarized as follows.

• We propose a novel learning framework, ARI-
KBQA, which integrates iterative LF genera-
tion with dynamic verification and feedback
mechanisms. This approach effectively mit-
igates the non-executable LFs resulting from
semantic hallucinations in LLMs for complex
KBQA tasks, enhancing the reliability and ex-
ecutability of the generated results.

• We propose a dual-module collaborative ar-
chitecture: the action generator generates
query paths based on hop-by-hop reasoning,
and the reflection verifier verifies the path fea-
sibility in real time by interacting with the
Knowledge Base (KB), filtering invalid LFs
and providing semantic correction feedback
to form a closed-loop optimization.

• Results on the standard KBQA benchmark
demonstrate that ARI-KBQA achieves im-
proved performance with a smaller search
space, particularly in complex multi-hop
query scenarios.
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2 Related Work

In this section, we provide a comprehensive intro-
duction to KBQA, focusing on two key method-
ologies: Information Retrieval (IR)-based KBQA
and Semantic Parsing (SP)-based KBQA.

IR-based KBQA typically consists of two
stages: Information Retrieval (Sun et al., 2018;
He et al., 2021) and Knowledge Reasoning (Miller
et al., 2016; Sun et al., 2018, 2019; Zhang et al.,
2021). During the Information Retrieval stage, the
system extracts relations from the KG that are se-
mantically relevant to the query using retrievers
such as BM25 (Robertson et al., 2009), Dense
Passage Retrieval (DPR) (Karpukhin et al., 2020),
and SentenceBERT. During the Knowledge Rea-
soning stage, the system constructs structured rea-
soning paths by leveraging the retrieved relations
and entities, and subsequently derives the final an-
swer based on these paths (Sun et al., 2019; Jiang
et al., 2022). In the domain of LLMs, ToG (Sun
et al., 2024) leverages the reasoning capabilities
of open-source LLMs to iteratively explore reason-
ing paths in the knowledge graph until the LLMs
determine that it can answer the question based on
the current path. PoG (Chen et al., 2024) enhances
LLMs’ reasoning over knowledge graphs through
a self-correcting adaptive planning mechanism to
enhance LLM-based reasoning over KG. While
these methods ensure answer generation, the re-
trieval process often introduces irrelevant paths,
compromising reasoning precision and overall sys-
tem performance.

SP-based KBQA converts user queries into
structured representations similar to natural lan-
guage (e.g., S-expressions or logical forms) and
transforms them into SPARQL queries to retrieve
final answers from the KB (Zhang et al., 2023;
Lan et al., 2019; Huang et al., 2021; Gu et al.,
2021). For example, HGNet (Chen et al., 2022)
proposes a two-stage SPARQL query generation
method: first ranking candidate instances and then
constructing query graphs through autoregressive
decoding. In the domain of LLMs, DecAF (Yu
et al., 2023) and Interactive-KBQA (Xiong et al.,
2024) adopt a "retrieve-then-generate" strategy, re-
trieving relevant information from the KB to as-
sist LLMs in generating LF. However, similar to
IR-based methods, this approach may introduce
additional noise, limiting the reasoning perfor-
mance of LLMs. To mitigate noise interference,
TFS-KBQA (Wang and Qin, 2024) and ChatK-

BQA (Luo et al., 2024a) employ a "generate-then-
retrieve" approach, directly generating LF before
retrieving answers from the KB, achieving SOTA
results. However, due to the inherent semantic hal-
lucination issue in LLMs and the complex graph
retrieval characteristics of KBQA tasks, the LFs
generated by LLMs may be non-executable.

3 Proposed Method

In this section, we present the fine-tuning process
of the ARI-KBQA framework, as illustrated in Fig-
ure 3. The framework comprises two core compo-
nents: an action generator and a reflection verifier.
Our approach unfolds in two sequential stages:
fine-tuning and reasoning. In the fine-tuning stage,
the action generator and the reflection verifier are
trained independently. In the reasoning stage, we
introduce a dual-module architecture to facilitate
knowledge reasoning. For definitions of key ter-
minology used in the KBQA task, please refer to
Appendix A for a detailed explanation.

3.1 Fine-Tuning on LLMs
3.1.1 Objective of Action Generator
The action generator employs a hop-by-hop gener-
ation mechanism to incrementally construct each
component of the LF, where the generation of the
j-th hop LF explicitly depends on the previously
generated LF from the first j − 1 hops.

Assume that the input question is q and the i-th
topic entity involved in the question q is eiq, where
eiq ∈ Eq and Eq represents the set of all topic en-
tities related to the question q. In the hop-wise
LF generation process, the generation of the j-th
hop LF depends not only on the current topic en-
tity eiq, the question q, and the knowledge graph G,
but also explicitly on the LF lij−1 of the (j − 1)-th
hop. Besides, the LF lij−1 already encapsulates all
information generated in the previous j − 1 hops
(as detailed in Figure 3). Accordingly, we formu-
late the hop-by-hop generation process of the ac-
tion generator as an optimization problem, aiming
to maximize the following probability,

Pθ(Lp|q,G) =
|Eq |∏

i=1

Pθ(l
i
j |q, eiq, lij−1,G),

eiq ∈ Eq, l
i
j ∈ Lp,

(1)

where lij ∈ Lp is the ground truth LF of the
i-th topic entity eiq at the j-th hop, θ denotes
the parameters of LLMs, Lp is the set composed
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Figure 3: Overview of ARI-KBQA. ARI-KBQA uses a dual-module framework: an action generator produces
query paths via hop-by-hop reasoning, while a reflection verifier validates them against the KB, filtering invalid
LFs and refining outputs iteratively.

of the LFs of all topic entities. |Eq| denotes
the number of topic entities in the question q.
The term Pθ(l

i
j |q, eiq, lij−1,G) represents the con-

ditional probability of generating the LF lij , con-
ditioned on the question q, i-th topic entity eiq,
LF lij−1, and KG G. Additionally, it is impor-
tant to note that we introduce the initial state token
[CLS] and the termination state token [EOS] for
the LF generation process targeting the topic entity
eq, which are used to denote the start and end of
the generation, respectively.

After generating the preliminary logical form
(PLF) for each topic entity, the action generator
comprehensively analyzes all initial LFs and pro-
duces a complete and refined logical form (RLF)
through integration, thereby retrieving answers
from the KB. The integration process of the action
generator can be formally described as follows,

Pθ(lr|q,G) = Pθ(lr|LPLF)Pθ(LPLF|q,G), (2)

where lr is the final ground truth RLF after consid-
ering all the PLFs LPLF ∈ Lp for each topic entity.
Thus, the final objective function of the action gen-
erator is formulated as follows.

La = logPθ(Lp|q,G) + logPθ(lr|q,G). (3)

where the above optimization process comprises
two components: (1) hop-by-hop LF generation to
produce PLF for each topic entity (Eqn. 1), and (2)
the aggregation of PLFs across all topic entities to
construct the RLF (Eqn. 2).

3.1.2 Objective of Reflection Verifier
After the action generator produces the LF for the
i-th entity at the j-th hop, the reflection verifier re-
ceives the previous action (i.e., the (j − 1)-th hop)
from the action generator along with the retrieved
candidate relations from the KB. Through a reflec-
tion mechanism, the verifier selects the correct re-
lation from the candidate set and rectifies potential
relation errors generated by the action generator at
the j-th hop. This process ensures that the action
generator is guided hop-by-hop to produce faithful
retrieval paths.

Specifically, when the action generator pro-
duces the LF for the j-th hop, the reflection verifier
determines the search direction based on its struc-
ture: forward relation search is performed when
the current hop takes the form (JOIN( R r) e),
whereas backward relation search is executed for
forms (JOIN r e). To mitigate noise introduced
by excessive candidate relations, we select the top-
k candidate relations based on the relations gener-
ated by the action generator at the j-th hop, with
the specific calculation as follows,

Φ(rc) = argtopk
rc∈C

(
n∑

i=1

pi · sim(ri, rc)

)
, (4)

where sim(ri, rc) computes the similarity between
generated relation ri and candidate relation rc, ri
is the relation in the i-th LF and pi represents the
probability of the i-th LF, argtopk selects the k
candidates with highest weighted similarity scores.
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After obtaining the top-K candidate relations, the
reflection verifier takes the question q, the i-th
topic entity ei, the (j − 1)-th hop LF lij−1 gen-
erated from ei, and the candidate relation set C as
input, then outputs the most plausible relation for
the j-th hop. Accordingly, we formulate the reflec-
tion process as an optimization problem, aiming to
maximize the following probability.

Lr = logPθ(r|q, ei, lij−1, C,G). (5)

where C is the top-K candidate relation set,
r is the gold relation for the j-th hop,
Pθ(r|q, ei, lij−1, C,G) is the models predicted
probability for relation r.

3.1.3 Fine-tuning with LoRA
To achieve the objectives in Eqn. 3 and Eqn. 5, we
use LoRA (Hu et al., 2021) to perform parameter-
efficient fine-tuning (PEFT) on the training dataset.
Given the training dataset of context-target pairs
Z = {(xi, yi)}i=1,...,N , where xi and yi are se-
quences of tokens. The instruction tuning objec-
tive function can be expressed as.

max
∆Φ

∑

(x,y)∈Z

|y|∑

t=1

log(PΦ+∆Φ(yt|x, y<t)). (6)

where Φ represents the pre-trained weight of
LLMs, ∆Φ is a smaller set of additional train-
able parameters for PEFT with ∆Φ ≪ Φ, and
θ = Φ+∆Φ denotes the task-specific fine-tuning
process for generating LF after PEFT.

3.2 Dual-module Architecture for Knowledge
Reasoning

Given the input question q, the topic entity ei, and
the initial start token [CLS], the action genera-
tor generate LF hop-by-hop until the termination
token [EOS] is encountered, at which point the
LF generation process for the topic entity ei con-
cludes. During the generation process for topic
entity ei, assuming a beam size of b, the action
generator produce n LFs at the j-th hop, typically
satisfying n ≤ b. To reduce the search space and
minimize interaction costs with the reflection ver-
ifier, if there is an executable instance of the LF
generated by the current hop, it is considered to
be consistent with the facts and has a high accu-
racy (See Figure 2), and the next hop’s LF is gen-
erated directly. Otherwise, the reflection verifier is
invoked to replace the relations in the current hop.

The above operation can be expressed as follows,

lij+1 =

{
GenNext(lij) executable lij ,

GenNext(Replace(lij)) otherwise,
,

(7)
where GenNext(·) denotes generate next (j + 1)-
hop LF. Replace(·) is to replace the relation of j-th
hop LF via reflection verifier. Additionally, if all
LFs generated at the j-th hop contain the [EOS]
token, we normalize their probabilities using the
softmax function as follows,

p(lij |q, ei, lij−1,G) =
exp(s(lij))∑

l′∈Lretained
exp(s(l′))

, (8)

where s(lij) denotes the raw score of the LF lij
output by the action generator, and Lretained is the
set of all retained LF (including [EOS]). If the
overall probability of the LF is greater than the
probability of the termination token [EOS], (i.e.,
1 − P ([EOS]) > P ([EOS])), the LLMs con-
tinues to generate the LF for the next hop; other-
wise, it terminates the LF generation process for
the topic entity ei. After generating the LF for
each topic entity, we select the PLFs for each topic
entity from the generated LF and guide the action
generator to further generate the final RLF based
on these PLFs. Then the overall answer retrieval
process is summarized below.

Ao =

{
Aex executable lRLF

None otherwise
. (9)

If an executable RLF lRLF exists, the answers
Ao are directly derived from the execution results
Aex. If none of the RLF lRLF are executable, it
will have no answer for the given question. More
implementation details and prompt templates can
be found in Appendix B.

4 Experiments

In this section, we provide a comprehensive
overview of the experimental details, including the
experimental setup and the main experimental re-
sults and analysis.

Datasets & evaluation metrics. We evaluate
our method on four standard KBQA benchmarks.
For Freebase-based evaluation, we adopt three
widely-used datasets: WebQuestionSP (WQSP)
(Yih et al., 2016), ComplexWebQuestions (CWQ)
(Talmor and Berant, 2018b), and FreebaseQA
(Jiang et al., 2019). For WQSP and CWQ, we fol-
low prior work (Sun et al., 2018; Jiang et al., 2023)
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Method Backbone WQSP CWQ FreebaseQA

F1 Hit@1 ACC F1 Hit@1 ACC Hit@1

Non-LLMs methods

Rigel (Sen et al., 2021) - - 73.3 - - 48.7 - -
NSM(He et al., 2021) - - 74.31 - - 53.92 - -
TIARA (Shu et al., 2022) - 78.9 75.2 - - - - -
FILM (Verga et al., 2021) - - 54.7 - - - - 63.3
RnG-KBQA (Ye et al., 2022) - 75.6 71.1 - - - - -
UniK-QA (Oguz et al., 2020) - 79.1 - - - - - -
UniKGQA (Jiang et al., 2023) - 72.2 77.2 - 49.4 51.2 - -
HGNet (Chen et al., 2022) - 76.6 76.9 70.7 68.5 68.9 57.8 -

Prompting-LLMs Only

Zero-shot GPT-4 59.71 62.32 - 37.93 42.71 - -
Few-shot GPT-4 62.71 68.75 - 43.70 51.52 - -
CoT GPT-4 65.37 72.11 - 44.76 53.51 - -

Prompting-LLMs + KG

ToG (Sun et al., 2024) GPT-3.5 - 76.2 - - 58.9 - -
ToG (Sun et al., 2024) GPT-4 - 82.6 - - 72.5 - -
FiDeLiS (Sui et al., 2024) GPT-3.5 76.78 79.32 - 63.12 61.78 - -
FiDeLiS (Sui et al., 2024) GPT-4 78.32 84.39 - 64.32 71.47 - -
PoG (Chen et al., 2024) GPT-3.5 - 82.0 - - 63.2 - -
PoG (Chen et al., 2024) GPT-4.0 - 87.3 - - 75.0 - -

Fine-tuning-LLMs + KG

DecAF (Yu et al., 2023) T5-11B - 82.1 - - 70.42 - 79.0
KD-CoT (Wang et al., 2023) Llama-2-7B 50.2 73.7 - - 50.5 - -
ChatKBQA (Luo et al., 2024a) Llama-2-7B/13B 83.5 86.4 - 81.3 86.0 - 85.77
TFS-KBQA (Wang and Qin, 2024) Llama-2-13B 79.9 79.8 - 63.6 - - -
RoG (Luo et al., 2024b) Llama-2-7B 69.81 83.15 - 56.17 61.39 - -
RGR-KBQA (Feng and He, 2025) Llama-3-8B 80.7 84.5 72.1 76.6 82.0 72.2 -
AMAR (Xu et al., 2025) Llama-2-7B/13B 81.2 84.3 75.2 78.5 83.1 74.5 -
FM-KBQA (Gao et al., 2025) Llama-2-7B 84.24 87.34 - 68.68 79.50 - -

ARI-KBQA Llama-2-7B 83.4 90.1 79.21 80.96 88.28 75.51 89.24
ARI-KBQA Llama-3-8B 86.31 91.65 78.28 79.61 89.63 76.59 89.77

Table 1: Comparison results with baseline methods,
where WebQSP, CWQ, and FreebaseQA are datasets
constructed based on the Freebase knowledge graph.

Method Backbone LC-QuAD

Hits@1 F1

HGNet (Chen et al., 2022) – 78.7 78.1
ChatKBQA (Luo et al., 2024a) Llama-3-8B 68.1 56.9
ARI-KBQA Llama-3-8B 83.6 77.5

Table 2: Comparison with baseline methods, where LC-
QuAD are datasets constructed based on the DBpedia
knowledge graph.

and use the same train/test splits to ensure fair
comparison. Details on dataset statistics and the
additional preprocessing steps introduced for train-
ing the action generator and reflection verifier are
provided in Appendices C and D. Following (Yu
et al., 2023; Luo et al., 2024b; Xu et al., 2025), we
report Hits@1, F1, and Accuracy (Acc) as primary
metrics, which respectively measure the precision
of the top-ranked prediction, the coverage across
all candidate answers, and strict exact-match per-
formance. FreebaseQA, characterized by its com-
plex linguistic structures, serves as an additional
benchmark for robustness evaluation, on which we
report Hits@1 following (Yu et al., 2023; Verga
et al., 2021). To further assess the generalizability
of ARI-KBQA on different KG, we conduct ex-
periments on LC-QuAD, reporting Hits@1 and F1
following (Chen et al., 2022; Luo et al., 2024a).

Baselines. We compare our method with ex-
isting classical KBQA methods, including Non-
LLMs methods, Prompting-LLMs Only methods,
Prompting-LLMs + KG methods, and Fine-tuning-

LLMs + KG methods. For Non-LLMs meth-
ods, we select NSM(He et al., 2021), Rigel (Sen
et al., 2021), UniKGQA (Jiang et al., 2023),
FILM (Verga et al., 2021) and UniK-QA (Oguz
et al., 2020) as information retrieval baselines,
and HGNet (Chen et al., 2022), RnG-KBQA (Ye
et al., 2022) and TIARA(Shu et al., 2022) as se-
mantic parsing baselines. For Prompting-LLMs
Only methods, we show the results of zero-shot,
few-shot, and CoT methods which are obtained
in FiDeLis (Sui et al., 2024). For Prompting-
LLMs + KG methods, we employ ToG (Sun
et al., 2024), FiDeLis (Sui et al., 2024), and PoG
(Chen et al., 2024) as baselines, while consid-
ering the results of GPT-3.5 and GPT-4. For
Fine-tuning-LLMs + KG methods, we com-
pare our approach with DecAF(Yu et al., 2023),
KD-CoT(Wang et al., 2023), ChatKBQA (Luo
et al., 2024a), TFS-KBQA (Wang and Qin, 2024),
RoG(Luo et al., 2024b), FM-KBQA (Gao et al.,
2025), AMAR (Xu et al., 2025), and RGR-KBQA
(Feng and He, 2025). The results of these com-
parison methods are directly obtained from their
respective papers. More details about the above
baselines can be found in Appendix E.

Backbone LLMs. The open-source Llama-2-
7B and Llama-3-8B models are employed (Luo
et al., 2024a) as backbone to build the action gen-
erator and reflection verifier (Note: Both use the
same base model). Additionally, to validate the ro-
bustness of the proposed method across different
backbone LLMs, we further applied ARI-KBQA
to two LLMs including Qwen-2.5-7B (Hui et al.,
2024) and DeepSeek-LLM-7B (Bi et al., 2024).

Hyperparameters and environment. The
model is fine-tuned using LoRA (Hu et al., 2021),
and all experiments are conducted on a single
NVIDIA A40 GPU. For the reasoning process of
ARI-KBQA, the beam size of the action genera-
tor is empirically selected from {3, 5, 8}, while the
beam size of the reflection verifier remains fixed at
3. For additional hyperparameter settings of fine-
tuning using LoRA, please refer to Appendix F.

4.1 Results and Discussion
Overall results. To demonstrate the effective-
ness of our approach, we conduct a comprehen-
sive comparison between ARI-KBQA and four
categories of baseline methods. The experi-
mental results are summarized in Table 1 and
Table 2, ARI-KBQA significantly outperforms
all baselines on WQSP, CWQ, and FreebaseQA
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Method
Llama-2-7B Llama-3-8B

WQSP CWQ WQSP CWQ

F1 Hits@1 F1 Hits@1 F1 Hits@1 F1 Hits@1

ARI-KBQA (DR) 74.93 82.06 72.09 80.94 75.31 82.51 72.11 81.17
ARI-KBQA (only AC)81.78 87.31 79.51 86.96 81.68 86.82 80.75 86.9
ARI-KBQA 83.4 90.1 80.96 88.28 85.77 90.53 81.92 88.05

Table 3: Ablation results of ARI-KBQA on WQSP and
CWQ datasets with beam size of 5. ARI-KBQA (DR)
directly generates the final LF, while ARI-KBQA (only
AC) generates LF using only the action generator.

Method Beam Size Llama-2-7B Llama-3-8B
WQSP CWQ WQSP CWQ

ARI-KBQA (DR)
3

14.60 18.03 13.57 17.85
ARI-KBQA (only AC) 8.23 11.48 7.61 11.13
ARI-KBQA 4.08 11.29 3.40 8.78

ARI-KBQA (DR)
5

11.26 14.10 10.41 13.88
ARI-KBQA (only AC) 6.57 9.87 6.31 10.21
ARI-KBQA 3.71 7.54 2.54 7.75

ARI-KBQA (DR)
8

9.22 11.01 7.95 10.89
ARI-KBQA (only AC) 5.51 5.99 4.95 6.78
ARI-KBQA 3.83 5.27 1.55 6.02

Table 4: The non-executable rate results of ARI-KBQA
based on different backbone models.

datasets. Compared to prompting-LLMs + KG
methods, ARI-KBQA achieves Hits@1 improve-
ments of 4.35%/14.63% over PoG (GPT-4.0) and
5.25%/3.63% over ChatKBQA on WQSP/CWQ
respectively. On FreebaseQA, it outperforms
ChatKBQA by 4% and DecAF by 10.77%. No-
tably, while ChatKBQA and AMAR require
Llama-2-13B and RGR-KBQA uses Llama-3-8B,
ARI-KBQA achieves superior results using only
Llama-2-7B. Among baselines, Non-LLM meth-
ods exhibit limited reasoning capabilities despite
specialized architectures. Prompting-LLMs + KG
approaches suffer from noise introduced by exces-
sive path retrieval. ChatKBQA and AMAR di-
rectly generate LF but struggle with their seman-
tic complexity. In contrast, ARI-KBQA employs
hop-by-hop LF generation via its action genera-
tor, effectively reducing the complexity of LF gen-
eration, while its reflection verifier dynamically
corrects errors through KB interaction, effectively
mitigating hallucinations of LLMs and achieving
SOTA performance.

To further validate the generalizability of the
proposed method, we conduct additional experi-
ments on the LC-QuAD dataset, a question an-
swering benchmark built upon the DBpedia knowl-
edge base. As shown in the results, ARI-KBQA
consistently outperforms both conventional base-
line methods and LLM-based baselines on this en-
tirely different knowledge graph, demonstrating
its strong generalization capability.

Model WQSP(LLM Call/Time (s)) CWQ(LLM Call/Time (s))
ToG (Sun et al., 2024) 15.9 / 63.1 22.6 / 96.5
PoG (Chen et al., 2024) 9.0 / 16.8 12.3 / 23.3
FiDeLiS 10.7 / - 15.2 / -
ChatKBQA 1.0 / 3.8 1.0 / 11.7
ARI-KBQA (Ours) 1.9 / 3.4 3.7 / 11.4

Table 5: Efficiency comparison of different models on
WQSP and CWQ datasets.

Model WQSP CWQ

F1 Hits@1 ACC F1 Hits@1 ACC
Llama-2-7B 83.40 90.1 79.21 80.96 88.28 75.51
Llama-3-8B 86.31 91.65 78.28 79.61 89.63 76.59
Qwen-2.5-7B 82.85 89.11 75.19 78.93 88.62 75.43
Deepseek-LLM-7B 83.68 90.97 76.05 79.13 89.35 76.37

Table 6: Comparison with other LLMs on WQSP and
CWQ datasets.

Ablation study. To evaluate the contribution
of each component in ARI-KBQA, we conduct an
ablation study (as shown in Table 3). Experimen-
tal results demonstrate that generating the LF only
use the action generator outperforms direct gener-
ation. The model’s performance further improves
with the introduction of the reflection verifier, in-
dicating that each component of ARI-KBQA con-
tributes to enhancing its capability on the KBQA
task. Notably, as illustrated in Figure 5 in Ap-
pendix G, ARI-KBQA maintains robust perfor-
mance even under constrained search spaces for
the action generator, which strongly validates the
effectiveness of its dual-module architecture.

Comparison of non-executable rates. To eval-
uate ARI-KBQA’s effectiveness in reducing the
non-executable rate of LFs, we present results in
Table 4. Compared to the direct generation ARI-
KBQA(DR), ARI-KBQA significantly reduces the
non-executable rate across all beam search sizes.
This is primarily attributed to: (1) the hop-wise
LF generation strategy that simplifies generation
complexity, and (2) the dynamic "generate-verify-
refine" mechanism that guides faithful reasoning
and improves executable rate of LFs.

Efficiency analysis. To evaluate the time effi-
ciency of ARI-KBQA, we conduct experiments as
shown in Table 5. The results demonstrate that
retrieval-based methods such as ToG, PoG, and Fi-
DeLiS require multiple LLM calls per question,
with ToG averaging 22.6 model calls and 96.5
seconds per question on CWQ. In contrast, ARI-
KBQA achieves substantial performance gains
over the SP-based ChatKBQA while maintaining
competitive efficiency. Although ChatKBQA re-
quires only a single LLM calls, its subsequent log-
ical form correction introduces additional compu-
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Figure 4: Model performance across different hops.

Model WQSP(Error rate) CWQ(Error rate)
Llama-2-7B 5.1% 9.2%
Llama-3-8B 4.3% 6.7%

Table 7: Error rate of reflection verifier.

tational overhead and error accumulation. ARI-
KBQA instead adopts a dynamic "generate-verify-
refine" strategy, wherein the action generator ex-
hibits a low initial non-executable rate (6.31% on
WQSP and 10.21% on CWQ; see Table 4), mean-
ing the verifier remains idle in over 90% of reason-
ing steps, thereby substantially reducing LLM call
and the associated computational time overhead..

Robustness analysis. To assess the robustness
of ARI-KBQA across different LLMs, we conduct
experiments as shown in Table 6. Beyond Llama-
2-7B and Llama-3-8B, we evaluate additional
models including Qwen-2.5-7B and DeepSeek-
LLM-7B. ARI-KBQA demonstrates consistent
performance across all four backbone LLMs, with
optimal results on Llama-3-8B. These findings
confirm the strong robustness and generalization
capability of our method across diverse foundation
models.

Model performance analysis under different
hop counts. In KBQA tasks, higher reasoning
hop counts indicate greater complexity. To evalu-
ate ARI-KBQA’s performance across varying hop
counts, we conduct experiments on WQSP (max
hops = 2) and CWQ (max hops = 4) datasets
(Figure 4). Compared to direct generation (ARI-
KBQA(DR)) and hop-wise generation using only
action generator (ARI-KBQA(Only AC)), ARI-

Question:
What party with organization named Free Soil Party was Andrew Jackson in?
Ground Truth Logical Form:
( AND ( JOIN [ organization , organization , child ] ( JOIN [ organization , organization
relationship , child ] [ Free Soil Party ] ) ) ( JOIN ( R [ government , political party tenure
, party ] ) ( JOIN ( R [ government , politician , party ] ) [ Andrew Jackson ] ) ) )
Ground Truth Answer: Democratic Party

GPT+CoT: Think step by step, I have a quest1on: (What party with organization
named Free Soil Party was Andrew Jackson in?) and a seres of candidate reasoning
path:
1: Andrew Jackson government.politician.party m.03l63p8 govern-
ment.political_party_tenure.party Jacksonian Democratic Party 2: Andrew Jackson
government.politician.party m.03gjg09 government.political_party_tenure.party Demo-
cratic Party 3:...... Retrieve the answer from the candidates.
Final Answers: Jacksonian Democratic Party
Direct Logical Form Generation: ARI-KBQA (DR)
Logical Form 1:
( AND ( JOIN [ government , political party , party ideology ] [ Free soil ] ) ( JOIN ( R [
government , political party tenure , party ] ) ( JOIN ( R [ government , politician , party ]
) [ Andrew Jackson ] ) ) ) Non-executable, discard
Final Answers: (None)
Hop-wise Logical Form Generation: ARI-KBQA (Only AC)
For 1st Entity Andrew Jackson: ( JOIN ( R [ government , politician , party ] ) [ Andrew
Jackson ] ) Executable → ( JOIN ( R [ government, political party tenure, party ] ) ( JOIN
( R [ government, politician, party ] ) [ Andrew Jackson ] ) ) Executable → [EOS]
For 2nd Entity Free Soil Party: ( JOIN [ organization, organization spin off, child com-
pany ] [ Free Soil Party ] ) Non-executable → ( JOIN [ government, political party, periods
in office ] ( JOIN [ organization, organization spin off, child company ] [ Free Soil Party ]
) ) Non-executable → [EOS]
Logical Form Integration:
( AND ( JOIN [ government, political party, periods in office ] ( JOIN [ organization,
organization spin off, child company ] [ Free Soil Party ] ) ) ( JOIN ( R [ government,
political party tenure, party ] ) ( JOIN ( R [ government, politician, party ] ) [ Andrew
Jackson ] ) ) ) Non-executable, discard
Final Answers: (None)
Proposed ARI-KBQA:
For 1st Entity Andrew Jackson:
( JOIN ( R [ government , politician , party ] ) [ Andrew Jackson ] ) Executable → ( JOIN
( R [ government , political party tenure , party ] ) ( JOIN ( R [ government , politician ,
party ] ) [ Andrew Jackson ] ) ) Executable → [EOS]
For 2nd Entity Free Soil Party:
( JOIN [ organization , organization spin off , child company ] [ Free Soil Party ] ) Non-
executable
Reflection and select from candidate relations:
[government.political_party_tenure.party, common.image.appears_in_topic_gallery,
organization.organization_founder.organizations_founded, organiza-
tion.organization_relationship.child . . . ]
Reflected Substitution Relation: organization.organization_relationship.child
Replace and Continue: ( JOIN [ organization.organization_relationship.child ] [ Free
Soil Party ] )Executable → ( JOIN [ organization , organization , child ] ( JOIN [ organi-
zation , organization relationship , child ] [ Free Soil Party ] ) ) Executable → [EOS]
Logical Form Integration:
( AND ( JOIN [ organization , organization , child ] ( JOIN [ organization , organization
relationship , child ] [ Free Soil Party ] ) ) ( JOIN ( R [ government , political party tenure ,
party ] ) ( JOIN ( R [ government , politician , party ] ) [ Andrew Jackson ] ) ) ) Executable
Final Answers: Democratic Party

Table 8: Case study.

KBQA achieves superior performance across all
hop counts, particularly for complex multi-hop
scenarios. This improvement stems from: (1) hop-
wise generation strategy that simplifies graph rea-
soning for LLMs, and (2) the dynamic "generate-
verify-refine" mechanism that mitigates error accu-
mulation and hallucinations during LF generation,
thereby enhancing generation quality.

Refinement error rate of the reflection veri-
fier. We evaluate the verifier using Llama-2-7B
and Llama-3-8B, computing error rate as incor-
rect refinements over total refinements. Table 7
shows that Llama-3-8B achieves 95.7% accuracy
on WQSP and 93.3% on CWQ, validating the ef-
fectiveness of the proposed reflection verifier. This
is further corroborated by the case study in Table
8 and Table 9 (Appendix), where the reflection
verifier successfully identifies and corrects erro-
neous relations generated by the action generator
through KB interaction. For instance, the initially
generated relation "organization.organization spin
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off.child_company” is corrected to "organiza-
tion.organization_relationship.child", after which
the generator produces accurate relation paths in
subsequent hops.

Case study. To demonstrate ARI-KBQA’s ef-
fectiveness, we present a case study in Table 8
comparing it with GPT+CoT, ARI-KBQA(DR),
and ARI-KBQA(Only AC). Only ARI-KBQA re-
trieves the correct answer. Two key observa-
tions emerge: (1) While ARI-KBQA(Only AC)
fails to generate executable LFs, its hop-wise
predictions outperform direct generation (ARI-
KBQA(DR)), validating hop-wise generation’s su-
periority. (2) When the action generator produces
an invalid first-hop LF for entity Free Soil
Party, ARI-KBQA dynamically corrects it via
the reflection verifier, enabling valid second-hop
LF generation, while ARI-KBQA(Only AC) prop-
agates errors across hops. This confirms that
ARI-KBQA mitigates LLM hallucinations and en-
hances both LF quality and answer accuracy.

Additional experimental analysis on various
hyperparameter analysis and direction-based re-
trieval are detailed in Appendix G.

5 Conclusion

In this paper, we propose ARI-KBQA, a novel
generate-verify-refine framework that enhances
LF generation through iterative refinement. The
framework comprises: (1) an action generator that
constructs query paths via hop-wise reasoning, re-
ducing generation complexity, and (2) a reflection
verifier that validates LF executability against the
KB, filtering invalid candidates and guiding faith-
ful reasoning. Experimental results demonstrate
that ARI-KBQA achieves superior performance
with a compact search space, mitigates LLM hal-
lucinations, and significantly improves LF exe-
cutability, validating the effectiveness of our dual-
module architecture.

Limitations

Since our proposed method operates within the
generate-then-retrieve paradigm, a key direction
for future research is to adapt it to smaller
open-source LLMs with further reduced or elim-
inated training costs while maintaining strong
generalization performance across diverse knowl-
edge graphs. Additionally, although ARI-KBQA
achieves state-of-the-art performance with lower
computational overhead compared to baseline

methods, further improving reasoning efficiency
remains critical for real-time KBQA applications.
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A Additional Terminology Details

Problem definition: KBQA retrieves answers
from a Knowledge Graph (KG) to resolve user
queries. Formally, given a natural language ques-
tion q, a topic entity e mentioned in q, and a KG
G, the objective of KBQA is to design a mapping
function f that leverages the relational informa-
tion r embedded in G to accurately predict an an-
swer a, where a ∈ Aq and Aq denotes the set of
candidate answers for query q.

Non-executable logical form and question:
Given a LF l ∈ L associated with a question q,
where L denotes the set of all possible LFs, if l is
converted into a SPARQL query and yields no an-
swers upon execution, then l is a non-executable
LF. Furthermore, if none of the LFs in L can pro-
duce a valid answer, the question q is considered a
non-executable question.

Logical forms (LF) is a structured intermedi-
ate semantic representation similar to natural lan-
guage understanding. Its core function is to es-
tablish a bidirectional mapping bridge between
natural language questions and underlying KB
query languages (e.g., SPARQL). The transforma-
tion process from SPARQL to LF involves sev-
eral operations, including projection and opera-
tor arrangement. Take single-hop retrieval as an
example, given an entity e and a relation r, the
SPARQL query for retrieving an entity x is rep-
resented as “?x r e .", which is transformed into
the corresponding LF “( JOIN r e )". For com-
monly used operators, including the logical AND
operator "AND", the argument maximum operator
"ARGMAX", and the argument minimum opera-
tor "ARGMIN", etc.

Projection: projection retrieve entities or val-
ues from a KB by following relations (properties)
from a given entity or set of entities. A projection
can be either forward (from subject to object) or
backward (from object to subject).

• For forward projection, given an entity e and
a relation r, a forward projection retrieves all
objects linked to e via r in the KB. Formally:
(JOIN(Rr)e) → {x|(e, r, ?x) ∈ K}.

• For backward projection, given an entity e
and a relation r, a backward projection re-
trieves all subjects that point to e via r. For-
mally: (JOINre) → {x|(?x, r, e) ∈ K}.

Operators: Operators apply constraints or
transformations to entity sets or values retrieved

via projections. They include set operations (in-
tersection: AND), comparative operations (literal
constraints GT, LT, etc., temporal constraints:
TC), and aggregations (extremum: ARGMAX and
ARGMIN, counting: COUNT).

B Additional Implementation Details
and Template

To provide a more intuitive illustration of the im-
plementation process of ARI-KBQA, we present
a detailed case study, including the prompt tem-
plate and the input-output results for each step, as
shown in Table 9 and Algorithm 1.

ARI-KBQA framework primarily consists of
three key steps: hop-wise LF generation, reflec-
tion and replacement, and logical form integration.
Their templates are as follows.

Hop-wise logical form generation

You’re an expert in Knowledge Graph
Question Answering.
Now I have a question: {},
the topic entity: {},
and the premise is: (Previous Hop
Content).
You need to perform the following task.
Task 1: You are asked to generate logical
form based on the question, the topic entity,
and the given premise.

Reflection and replacement

You are a KBQA validator, please per-
form Logical Form Validation & Correc-
tion Task.
Given the following input:
Question: {}
Topic entity: {}
Previous Logical Form: {}
Valid KB Relationships: {}
Please select the correct relation from valid
KB relationships
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Logical form integration

You’re an expert in Knowledge Graph
Question Answering.
Now I have a question: {},
the topic entities: (All the Topic
Entities),
and the premises: (Executable PLF
for Each Topic Entity).
You need to perform the following task.
Task 1: You are asked to generate the final
LF based on the question, the topic entities,
and the given premises.

Algorithm 1 The dual-module interactive reason-
ing process of ARI-KBQA.
Require: Question q, topic entities set E , knowledge baseK,

beam size b, maximum hops H , top-k value k
Ensure: Final answer Ao

1: Identify topic entities: Eq ← {e1q, e2q, . . . , e|Eq |
q }

2: Initialize entity-specific LFs: Li ← ∅
3: for each entity eiq ∈ Eq do
4: Initialize: lij ← [CLS], j ← 1 for each eiq ∈ Eq

5: while j ≤ H do
6: Generate beam-sized b LF candidates for hop j us-

ing Eq.(7)
7: Compute probabilities via Eq. 8
8: if [EOS] ∈ Lretained and P ([EOS]) > 1−P ([EOS])

then
9: break {Terminate reasoning for current entity}

10: end if
11: Initialize executable_LFs← ∅
12: for each lij in candidates do
13: Execute LF: Aex ← execute(convert(lij))
14: if Aex ̸= ∅ then
15: executable_LFs← executable_LFs ∪ {lij}
16: end if
17: end for
18: if executable_LFs = ∅ then
19: Select highest-probability LF: lij ←

argmaxP (lij)
20: Determine search direction via pattern match-

ing:
21: Forward case: (JOIN(R r) e)
22: Backward case: (JOIN r e)
23: Retrieve candidate relation set: C by Eq.(4)
24: Select corrected relation r∗ using reflection ver-

ifier
25: Replace relation in lij with r∗

26: end if
{Continue with all executable LFs for next hop}

27: j ← j + 1
28: end while
29: Li ← Li ∪ {lij}
30: end for
31: Aggregate LFs using action generator: lRLF ←

Aggregate({li}|Eq |
i=1 )

32: Convert lRLF into SPARQL and execute: Aex ←
execute(convert(lRLF))

33: return Aex

In the hop-wise logical form generation phase

of ARI-KBQA, we guide the action generator to
incrementally generate LF for each topic entity
through the prompt. The generation process starts
with the [CLS] token and proceeds to generate
LF hop-by-hop until the [EOS] token is encoun-
tered (See line 3-10 in Algorithm 1). For the LF
generated at the current hop, we convert it into a
SPARQL query and execute it in the knowledge
base (KB). If there exists at least one executable
LF among the n LFs generated in the current hop
when sorted by probability in descending order,
the executable LF is retained, and the action gen-
erator proceeds to generate the next hop (See line
12-17 in Algorithm 1). Otherwise, it indicates that
the LFs generated by the action generator in the
current hop suffer from hallucination, and the re-
flection verifier is then invoked to correct the erro-
neous LFs.

In the reflection and replacement phase of ARI-
KBQA, it employs a two-stage verification mech-
anism: (a) When the logical form (LF) generated
in the current hop yields executable instances, it
indicates that the LF aligns with the facts in the
KB, triggering the direct generation of LFs for sub-
sequent hops; (b) If none of the LFs in the cur-
rent hop are executable, ARI-KBQA activates a
reflection verifier to dynamically replace the rela-
tion within the current hop (See line 18-26 in Al-
gorithm 1). The reflection verifier takes the LF of
the previous hop, the topic entity eij , the question
q, and the candidate relation set C retrieved based
on Eqn. 4 as input, it reflects to select correct rela-
tions from the candidate relation set C and replace
erroneous ones. The action generator then gener-
ates the next-hop LF based on the corrected LF.

As shown in Table 9, it can be seen for
the topic entity Gábor Piroch, the action
generator initially generate an non-executable
logical form (JOIN [film, film, film
art direction by] [Gábor Piroch])
during the first reasoning step. Through the opti-
mization by the reflection verifier, the reflection
verifier accurately identified the correct relation
film, performance, actor from the
candidate relation set and effectively replaced the
erroneous relation film, film, film art
direction by produced by the action gener-
ator. After this correction, the action generator
successfully produce an executable logical form
at the second reasoning step.

In the logical form integration phase of ARI-
KBQA, we combine preliminary logical forms
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(PLF) from the final executable sets of LF for each
entity, the action generator synthesize each PLF
to generate the final refined logical form (RLF).
Subsequently, the RLF is converted into SPARQL
queries and executed on the KB to obtain the final
answer (See line 31-33 in Algorithm 1).

C Dataset Statistics

The statistical information of the three KBQA
datasets, WQSP, CWQ, and FreebaseQA, is pre-
sented in Table 10.

The WQSP dataset (Yih et al., 2016) is primar-
ily designed to evaluate the effectiveness of seman-
tic parsing methods in KBQA tasks. It comprises
4,737 high-quality question-SPARQL query pairs,
covering 34 logical form templates and 2,461 enti-
ties. The dataset defines 628 relations. It is a sim-
ple KBQA dataset containing one-hop and two-
hop questions. WQSP uses Freebase (Bollacker
et al., 2008) as its KB and is specifically designed
for developing systems capable of processing nat-
ural language questions and answering them using
structured data.

The CWQ dataset (Talmor and Berant, 2018b)
is designed to answer complex questions requir-
ing reasoning over multiple web snippets, with
20.75% of the questions involving more than two
hops. CWQ is larger in scale, comprising 34,689
question-SPARQL query pairs supported by 174
logical form templates. It covers 11,422 entities
and 845 relations. CWQ also utilizes Freebase
as its KB and is specifically tailored for com-
plex question-answering tasks that require inter-
preting and synthesizing information from multi-
ple sources.

The FreebaseQA dataset (Jiang et al., 2019) is
similar to the WebQuestionsSP (WQSP) dataset,
primarily consisting of simple question-answer
pairs with reasoning paths of no more than two
hops. However, the questions in the FreebaseQA
dataset exhibit more complex linguistic character-
istics, such as more intricate syntactic structures.
Therefore, we employ it as an auxiliary benchmark
dataset to further validate the effectiveness of the
proposed method.

The LC-QuAD dataset contains 5,000 sample
pairs consisting of natural language questions and
corresponding SPARQL queries, using DBpedia
as the knowledge base. The dataset covers a
variety of query types, including SELECT (en-
tity retrieval) and COUNT (quantity aggregation)

Question: What was the name of the movie where An-
gelina Jolie directed Gabor Piroch?
Topic Entities: ’m.0f4vbz’: Angelina Jolie, ’g.122bg1tz’:
Gábor Piroch
Ground Truth Logical Form:
(AND (JOIN [film, film, starring] (JOIN [film, perfor-
mance, actor] [Gábor Piroch])) (JOIN (R [film, director,
film]) [Angelina Jolie]))
Ground Truth Answer: In the Land of Blood and Honey

Proposed ARI-KBQA:
For 1st Entity Angelina Jolie:
Prompt: You’re an expert in Knowledge Graph Question
Answering. Now I have a question: What was the
name of the movie where Angelina Jolie
directed Gabor Piroch?, the topic entity:
Angelina Jolie, and the premise is: (Previous
Hop Content). You need to perform the following
task. Task 1: You are asked to generate logical form
based on the question, the topic entity, and the given
premise.
Hop 1: (JOIN (R [film, director, film]) [Angelina Jolie])
Executable
Hop 2: [EOS]

For 2nd Entity Gábor Piroch:
Prompt: You’re an expert in Knowledge Graph Question
Answering. Now I have a question: What was the
name of the movie where Angelina Jolie
directed Gabor Piroch?, the topic entities:
Gábor Piroch, and the Premises: (Executable
PLF for Each Topic Entity). You need to
perform the following task. Task 1: You are asked to
generate the final LF based on the question, the topic
entities, and the given premises.
Hop 1: (JOIN [film, film, film art direction by] [Gábor
Piroch]) Non-executable, reflection
candidate relations: [film.performance.actor,
type.type.instance, peo-
ple.profession.people_with_this_profession, loca-
tion.location.people_born_here]
Reflect relations: [film, performance, actor]
Reflection LF: (JOIN [film, performance, actor] [Gábor
Piroch])Executable
Hop 2: (JOIN [film, film, starring] (JOIN [film, perfor-
mance, actor] [Gábor Piroch])) Executable
Hop 3: [EOS]
Logical Form Assembly:
(AND (JOIN [film, film, starring] (JOIN [film, perfor-
mance, actor] [Gábor Piroch])) (JOIN (R [film, director,
film])[Angelina Jolie])) Executable
Final Answers: In the Land of Blood and Honey

Table 9: Case study of ARI-KBQA.

Datasets Train Valid Test Max hop 1 hop 2 hop > 2 hop
WQSP 3098 - 1639 2 65.49 % 34.51% 0.00%
CWQ 27,639 3519 3,531 4 40.91 % 38.34% 20.75%
FreebaseQA 20358 3994 3996 2 66.43 % 33.57% 0.00%
LC-QuAD 4000 - 1000 2 60.54 % 39.46% 0.00%

Table 10: Statistics of the datasets used.
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queries, making it one of the important benchmark
datasets for KBQA tasks.

D Further Processing of the Dataset

ARI-KBQA introduces no extra annotation bur-
den, as the training data for both the action genera-
tor and the reflection verifier are derived entirely
from existing SPARQL annotations in WQSP,
CWQ, and FreebaseQA, without requiring any ad-
ditional labeled resources.

Training data acquisition for action genera-
tor: When processing SPARQL queries, the sub-
graph formed by the known SPARQL query is first
decomposed into multiple paths starting from each
topic entity. This decomposition process involves
parsing the triples line by line and merging paths
hop-by-hop in a nested manner based on the topic
entities in the query. The goal is to extract path in-
formation derived from each topic entity (includ-
ing the relations and directions at each hop) and
convert these paths into LF. Specifically, each hop
within a path is represented by the JOIN opera-
tion, while the intersection between different paths
is represented by the AND operation. Additionally,
operators such as ARGMAX and GREATER THAN
can be introduced to further constrain the answers.

For example, given the following triples: ?y
relation1 entity1, ?y relation2 ?x,
and ?y relation3 entity2. The first
two triples, ?y relationship1 entity1
and ?y relationship2 ?x can be merged
into a single path starting from the topic entity
entity1. Here, relation1 serves as the
relation through which the topic entity can re-
trieve the intermediate entity ?y in a backward
direction. This process is represented in LF
as (JOIN [relation1] [entity1]).
Subsequently, a forward retrieval is performed
on ?y via entity2 to obtain the final an-
swer represented by ?x, which is nested
as (JOIN (R [relation2]) (JOIN
[relation1] [entity1])). The third
triple, ?y relation3 entity2, forms an-
other path starting from the topic entity entity2,
and its LF can be derived in the same manner.
The two paths intersect at the intermediate entity
?y, and the final LF can be represented as
(JOIN (R [relation2]) (AND (JOIN
[relation3] [entity2])) (JOIN
[relation1] [entity1])).

Training data acquisition for reflection veri-

fier: After obtaining the hop-wise training data for
fine-tuning the action generator, we perform the
following steps for the topic entity ei mentioned
in question q.

• Retrieve the tail entity of the (j − 1)-th hops
logical form;

• Search for candidate relations along the direc-
tion specified by the j-th hops logical form
and select the top-k candidate relations based
on Eqn. 4;

• Use the question q, topic entity ei, the logical
form lij−1 of the previous j − 1 hops, and the
top-k candidate relations of the j-th hop as
input, with the correct relation of the j-th hop
serving as the labeled data.

The detailed example is as follows.

Case study of fine-tuning data in reflection
verifier

You are a KBQA validator, please perform Logical
Form Validation & Correction Task. Given the fol-
lowing input:
Question: What state is home to the
university that is represented
in sports by George Washington
Colonials men’s basketball?
Topic entity: George Washington
Colonials men’s basketball
Previous Logical Form: ( JOIN ( R [
location, mailing address, state
province region ] ) ( JOIN ( R
[ organization, organization,
headquarters ] ) ( JOIN [
education, educational institution,
sports teams ] [ George Washington
Colonials men’s basketball ] ) )
)
Valid KB Relationships: location,
statistical region, co2 emissions
total|location, hud foreclosure
area, ofheo price change|type,
object, name|location, location,
time zones|base, aliens, ufo
sighting location, ufo sighting
s ......
Please select the correct relation from valid KB rela-
tionships.
Label output: [ EOS ]

E Details of the Comparative Methods

In this section, we provide a detailed description of
the comparative methods used in the experiments,
including Non-LLMs methods, Prompting-LLMs
Only methods, Prompting-LLMs + KG methods,
and Fine-tuning-LLMs + KG methods.
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Non-LLMs methods. We select NSM(He et al.,
2021), Rigel (Sen et al., 2021), UniKGQA (Jiang
et al., 2023), and UniK-QA (Oguz et al., 2020) as
information retrieval baselines, and HGNet (Chen
et al., 2022), RnG-KBQA (Ye et al., 2022) and
TIARA(Shu et al., 2022) as semantic parsing base-
lines.

• Rigel (Sen et al., 2021) proposes a technique
to improve end-to-end question answering
by leveraging differentiable KG and adding
an intersection operation to handle multiple-
entity questions.

• NSM (He et al., 2021) uses a sequential
model to replicate the multi-hop reasoning
process.

• FILM (Verga et al., 2021) integrate an inter-
pretable, vectorized knowledge base as exter-
nal fact memory into the language model, en-
abling knowledge modification through mem-
ory updates without retraining.

• TIARA (Shu et al., 2022) enhances question
answering over s by focusing on relevant con-
texts and using constrained decoding to re-
duce errors.

• RnG-KBQA (Ye et al., 2022) generates pos-
sible LF based on input entities and utilizes
a ranking and generation framework to select
the most appropriate LF.

• UniK-QA (Oguz et al., 2020) integrates
structured, unstructured, and semi-structured
knowledge sources by flattening them into
text and applying a unified retriever-reader
model.

• UniKGQA (Jiang et al., 2023) combines re-
trieval and reasoning by using a unified ar-
chitecture with semantic matching and infor-
mation propagation modules for multi-hop
KBQA.

• HGNet (Chen et al., 2022) proposes a hier-
archical query graph generation method, con-
sisting of an outlining stage for structural con-
straints, followed by a filling stage for in-
stance selection.

Prompting-LLMs Only methods. We show
the results of zero-shot, few-shot, and CoT meth-
ods, which are obtained in FiDeLis (Sui et al.,
2024).

Prompting- LLMs + KG methods. We adopt
ToG (Sun et al., 2024), FiDeLis (Sui et al., 2024),
and PoG (Chen et al., 2024) as baselines, while
considering the results of GPT-3.5 and GPT-4.

• ToG (Sun et al., 2024) leverages LLMs to it-
eratively explore reasoning paths on the KG
until the question can be answered based on
the current path.

• FiDeLiS (Sui et al., 2024) proposes a re-
trieval exploration method that incorporates
both the logical and common sense reasoning
of LLMs and the topological connectivity of
KG into KBQA.

• PoG enhances LLMs’ reasoning over knowl-
edge graphs through a self-correcting adap-
tive planning mechanism, integrating dy-
namic guidance, memory updating, and re-
flective revision to significantly improve the
efficiency and accuracy of KGQA.

Fine-tuning-LLMs + KG methods. We com-
pare our approach with DecAF(Yu et al., 2023),
KD-CoT(Wang et al., 2023), ChatKBQA (Luo
et al., 2024a), TFS-KBQA (Wang and Qin, 2024),
and RoG(Luo et al., 2024b).

• DecAF (Yu et al., 2023) combines LF
and retrieved paths to generate answers us-
ing LLMs, achieving strong performance in
KBQA tasks.

• KD-CoT (Wang et al., 2023) retrieves rele-
vant knowledge from KG to generate faithful
reasoning paths for LLMs.

• ChatKBQA (Luo et al., 2024a) adopts a
generate-then-retrieve strategy, where LLMs
are fine-tuned to directly generate a LF.

• TFS-KBQA (Wang and Qin, 2024) employs
LLMs (e.g., Llama) to directly map natural
language questions to structured knowledge
representations via a three-step fine-tuning
strategy.

• RoG (Luo et al., 2024b) uses a planning
retrieval reasoning framework to combine
LLMs with KG, enabling faithful and ex-
plainable reasoning.

• RGR-KBQA (Feng and He, 2025) proposes
a Retrieve-Generate-Retrieve framework that
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incorporates factual knowledge retrieval and
unsupervised refinement to mitigate LLM
hallucinations in KBQA.

• AMAR (Xu et al., 2025) proposes an Adap-
tive Multi-Aspect Retrieval framework that
employs self-alignment and relevance gating
modules to refine retrieved knowledge from
KGs, effectively reducing noise and enhanc-
ing LLM reasoning accuracy.

• FM-KBQA (Gao et al., 2025) proposes a
multi-task fine-tuning framework that retriev-
ing relevant information from the KB to assist
LLMs in generating LF.

F Fine-tuning Hyperparameter Settings

We fine-tuned Llama-2-7B and Llama-3-8B using
the LoRA method, with a training batch size of
4 and a learning rate of 5e-5. The models were
trained for 100 epochs on the WQSP dataset, 5
epochs on the CWQ dataset, 10 epochs on the
FreebaseQA dataset, and 50 epochs on the LC-
QuAD dataset. During the evaluation phase, to de-
termine the optimal beam size parameter, we set
the beam size for beam search to 3, 5, and 8 re-
spectively.

G Additional Experimental Analysis

Hyperparameter analysis. To investigate the im-
pact of different hyperparameters, we first con-
duct a comparative analysis of ARI-KBQA’s per-
formance on the WQSP and CWQ datasets under
varying beam sizes, as shown in Figure 6. The re-
sults reveal that increasing the beam size of the
action generator yields consistent improvements
in Hits@1, while F1 scores exhibit a slight de-
cline. This trade-off arises because larger beam
sizes enable the generation of more diverse LFs,
thereby enhancing answer coverage, but may si-
multaneously introduce noiseparticularly evident
on the more complex CWQ dataset. Conversely,
the beam size of the reflection verifier exhibits a
relatively modest impact; ARI-KBQA maintains
stable performance on both datasets as this param-
eter increases. Based on these observations, when
employing Llama-2-7B as the backbone LLM, we
set the action generator’s beam size to 5 and the re-
flection verifier’s beam size to 3 for both datasets.

We further investigate the impact of different
top-K candidate relation thresholds on the perfor-

Selection Strategy WQSP CWQ

F1 Hit@1 F1 Hit@1

Maximum Probability 85.72 90.95 79.26 89.48
Probabilistic Weighting 86.31 91.65 79.61 89.63

Table 11: Performance comparison of different relation
selection strategies on the WQSP and CWQ datasets.

Model WQSP CWQ
Llama-2-7B 97.32% 94.16%
Llama-3-8B 98.80% 94.85%

Table 12: Accuracy of retrieval direction discrimina-
tion in logical forms generated by the action generator.

mance of ARI-KBQA. As shown in Figure 7, ARI-
KBQA demonstrates stable performance across
various top-K thresholds. Considering both com-
putational cost and model effectiveness, we set the
threshold to 40 for all subsequent experiments.

Furthermore, we investigate the impact
of different relation selection strategies on
model performance, including the Probabilistic
Weighting Strategy (as shown in Eq.4) and
the Maximum Probability Strategy (Φ(rc) =
argtopk
rc∈C

(sim(ri∗ , rc)) , i
∗ = argmaxi∈1,...,n pi).

The Probabilistic Weighting Strategy selects the
top-k candidate relations with the highest average
similarity by considering the likelihood of each
LF generated by the action generator. In contrast,
the Maximum Probability Strategy selects the
top-k relations with the highest similarity based
solely on the most probable LF. As presented
in Table 11, the results demonstrate that the
Probabilistic Weighting Strategy slightly outper-
forms the Maximum Probability Strategy. This
performance gap indicates that the Probabilistic
Weighting Strategy achieves greater robustness by
leveraging the entire probability distribution from
the action generator. Instead of relying on a single,
potentially noisy, maximum-probability predic-
tion, it synthesizes information from all probable
LFs, leading to more reliable and accurate relation
selection.

Retrieval direction discriminant analysis of
action generator. To demonstrate the effective-
ness of using directions generated by the action
generator for filtering candidate relations from
the knowledge base. Specifically, performing for-
ward relation search when the current hop takes
the form (JOIN( R r) e) and backward relation
search when it takes the form (JOIN r e). We
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Figure 5: The results of ARI-KBQA with different beam sizes (action generator) and backbone LLMs on the
WQSP and CWQ datasets. ARI-KBQA (DR) denotes directly generating the final LF, while ARI-KBQA (only
AC) refers to generating the LF using only the action generator.

Figure 6: Hyperparameter analysis. Performance of
ARI-KBQA, based on the Llama-2-7B, on the WQSP
and CWQ datasets with beam sizes set to 3, 5, and 8,
respectively.

Figure 7: The impact of the top-k candidate relations
threshold on model performance.

conduct experiments as shown in Table 12. The
results indicate that the action generator achieves
high accuracy in discriminating retrieval direc-
tions. For instance, when using Llama-3-8B as
the base model, it achieves accuracies of 98.8%
on WQSP and 94.85% on CWQ. Therefore, di-
rectly using the directions produced by the action
generator as retrieval directions not only improves
retrieval efficiency but also significantly mitigates
the adverse impact of redundant and irrelevant re-
lations on the reflection verifier.
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