Enhancing Conversational Question Answering
through Reinforced Question Reformulation and
Prompt Refinement in Children Application

I** Fen Zhao
School of Information Engineering
Nanjing Xiaozhuang University
Nanjing, China
2022106 @njxzc.edu.cn

4™ Jie Zhu
School of Information Engineering
Nanjing Xiaozhuang University
Nanjing, China
zhuj@njxzc.edu.cn

7% Meigi Shi
School of Information Engineering
Nanjing Xiaozhuang University
Nanjing, China
shi_meiqi26 @outlook.com

Abstract—While question answering (QA) technologies have
progressed significantly, their deployment for primary-school
children remains understudied. Childrens queries often exhibit
semantic ambiguity, incomplete expressions, and unclear articu-
lation, leading to unanswered questions or irrelevant responses.
Leveraging external knowledge is key to addressing this common
challenge of ambiguity. Consequently, effectively reformulating
questions and refining prompts into precise SPARQL queries
are crucial tasks. This paper presents a multi-task learning
approach utilizing a text generation model for both question
reformulation and prompt refinement. Additionally, to bridge the
preference gap between the question reformulation module and
the QA model, we introduce a training strategy that utilizes QA
model feedback to further optimize the question reformulation
processes. Evaluations across two datasets show our method
outperforms baselines, achieving statistically significant gains of
+5.96% to +12.70% in F1 and Acc scores. These consistent
improvements confirm that unified question reformulation and
prompt refinement, reinforced by downstream QA feedback,
substantially advance child-oriented conversational QA.
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I. INTRODUCTION

With the ongoing advancement of large-scale language
models (LLMs), intelligent question answering (QA) tech-
nology has become increasingly mature [1], [2]. However,
the development of children’s intelligent QA technology faces
unique challenges when it comes to the scenario of primary
education. Due to the particularity of children’s language ex-
pression, children’s language expression shows problems such
as semantic ambiguity, incomplete expression, and unclear
pronunciation [3]. Such phenomena impact question under-
standing and answer retrieval, leading to irrelevant answers or
unanswered questions.

In the field of QA, particularly those tailored for children’s
applications, enhancing conversational capabilities is crucial.
Recently, text generation has been used to enhance conversa-
tional QA performance through question reformulation (QR)
technology [6]-[8]. QR technology is to convert a ambiguous
question into a question with clear intent and complete phras-
ing that can be understood without additional information. For
example, QR technology is used in conversational QA models
to refine and clarify user queries, enabling the system to better
comprehend the user’s intent. The QR task not only reduces
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Fig. 1. An example of the conversational QA through QR and PR technologies.

the need for frequent retraining of the underlying models but
also improves the system’s ability to handle ambiguous or
incomplete questions. This makes QR a more practical and
efficient solution, which has been widely explored to improve
answer accuracy and relevance [9].

Based on these observations, we propose QRPR-QAC, a
novel Question Reformulation and Prompt Refinement guided
QA approach in Children application, which consists of three
steps: 1) reformulating the current question into a question
with clear intent and complete phrasing, and further con-
verting it into a reformulating edit matrix; 2) refining the
initial prompt into the knowledge-aware prompt by fusing the
related facts retrieved from knowledge graphs (KGs) with the
reformulating edit matrix; 3) injecting the knowledge-aware
prompt and reformulating edit matrix into the conversational
QA model. Firstly, we train and test the QR model. Secondly,
inspired by [10], we propose to integrate rewritten questions
into the conversational QA task in the form of a rewriting
relation matrix. We found that directly concatenating the
rewritten questions might mislead the model into generating
incorrect answers. The reason is that noise inevitably exists
in the process of rewriting. In addition, some questions are
semantically complete and do not need to be rewritten. The
rewritten editing matrix represents the relationship between the
initial question and the candidate relations. The relationship
can clearly guide the model in solving long-term dependency
problems. Furthermore, based on related facts of KGs, we
refine the initial prompt to become the knowledge-aware
prompt, thereby explicitly aligning the rewritten question with
external knowledge. Finally, we feed the jointly optimized
rewritten edit matrix and knowledge-aware prompt into the
conversational QA model. Fig. 1 illustrates the major process
in the conversational QA through QR and prompt refinement
(PR) technologies.

In brief, our main contributions are as follows:

o To enhance the clarity and completeness of childrens
questions, we propose a novel QR module. The module
distills the Top-3 relevant triples from background facts,
and then rewrites ambiguous or incomplete queries into
precise, answer-ready forms. Through the process, it

grounds vague questions in structured KGs knowledge,
effectively mitigating ambiguity and information gaps.

o To generate well-defined SPARQL queries, we introduce
a knowledge-aware prompt generation technique. By in-
tegrating related KGs facts into prompts, it enriches the
background knowledge available to the language model
and guides the model to generate more accurate and
contextually appropriate responses.

o Experimental results show that QRPR-QAC achieves
comparable performance to recent state-of-the-art works
on two datasets. Specifically, on WebQuestionsSP-C, our
method achieves an F1 score of 62.5%, surpassing the
second-best model (CoTKR) by 6.7%, confirming the
practical value of jointly reformulating questions and
refining prompts for child-oriented QA.

II. RELATED WORK

Conversational QA: Conversational QA methods proposed
belong to two major families; they either (i) model the history
as additional context to answer the current question, or (ii)
integrate external knowledge sources to enhance the factual
accuracy and depth of the responses.

The first family has been the development of context-aware
models, which can understand and leverage the conversational
context to generate more coherent and accurate responses.
Sarawoot et al. [8] proposed an approach that leverages
conversational context to enhance conversational QA system.
By utilizing dialog history for follow-up question identification
and question rewriting, this work highlights the importance
of leveraging conversational context to enhance the accuracy
of responses. Similarly, Chai et al. [10] presented a context-
dependent text-to-SQL semantic parsing approach. Another
related study is conducted by Raposo et al. [11], which em-
phasized the significance of the question rewriting module in
enhancing the overall system performance. In addition, Chen
et al. [5] proposed a novel approach to conversational QA
by integrating reinforcement learning for question rewriting.
This method utilized QA feedback to guide the rewriting
model, aiming to enhance the interpretability of conversational
questions within dialogues. These studies focus on leveraging



the conversational context to generate more coherent and accu-
rate responses. However, the aforementioned methods mainly
focus on leveraging the internal dialog context and may face
challenges when dealing with complex or ambiguous questions
that require external knowledge for accurate answering.

Further research has investigated the application of external
knowledge to improve the factual precision of responses.
In this regard, Kaiser et al. [9] proposed a framework that
employed reinforced reformulation generation to improve con-
versational QA models over KGs. Similarly, Wu et al. [6]
proposed the CoTKR framework, which employed chain-of-
thought enhanced knowledge rewriting to generate reasoning
traces and corresponding knowledge. Furthermore, Mao et
al. [7] introduced a framework that leveraged database con-
tent and execution feedback to enhance Text-to-SQL pars-
ing. Additionally, Liu et al. [12] proposed a novel model,
which combined QR with reinforcement learning over KGs to
achieve accurate conversational QA. Overall, these approaches
demonstrate the benefits of incorporating external knowledge
to enhance the performance of QA systems.

Our approach extends beyond the limitations of existing
methods by not only leveraging conversational context but also
deeply integrating external knowledge from KGs. Through re-
formulating ambiguous or incomplete questions with relevant
facts and conversational content, our work aims to enhance
both the clarity of questions and the accuracy of responses,
providing more appropriate and contextually relevant answers
for children’s queries.

Conversational QR: In the realm of QR, prior studies have
laid important groundwork. Approaches have evolved from
early sequence-to-sequence methods, such as LSTM and GRU
[13], to self-supervised learning methods and the application
of transformer architectures, such as GPT-2 [14]. For instance,
Elgohary et al. [15] proposed a sequence-to-sequence model
to rewrite the current question by leveraging conversational
history, thereby enhancing the coherence and relevance of
questions in the dialogue context. Similarly, Vakulenko et al.
[16] introduced a model utilizing a unidirectional transformer
decoder for automatic question rewriting, which represented a
significant step forward in automating the QR process. How-
ever, these methods lack the depth of integration with external
knowledge, which failed to address the unique challenges
posed by children’s queries. Fader et al. [17] focused on min-
ing query rewriting rules from background KGs and employing
a query rewriting operator to generate new questions. More
recently, Li et al. [18] explored enhancing dialogue generation
with conversational concept flows by using conversation-aware
KGs and a novel relation-aware graph encoder. In contrast to
these studies, our work focuses on addressing these limitations
by deeply integrating conversational context with external
knowledge from KGs.

III. TASK FORMULATION AND CHALLENGES

In this section, we first formalize the knowledge-aware
conversational QA task. Then, we introduce the key challenges
in this research direction.

A. Task Formulation

We first define conversational QR task. Formally, con-
versational QR task is defined as follows: given a child’s
ambiguous or incomplete original query g,,; within a con-
versational context, and a set of relevant facts Facts =
{(h1,7r1,t1), (ha,7r2,t2) ..., (hn,Tn,ts)} extracted from ex-
ternal KGs G, the task is to automatically reformulate the orig-
inal query q.,; into a clearer, more precise, and contextually
relevant form q,.,,. The rewriting question g,.,, incorporates
relevant facts Facts = {(hc,7¢,tc)}o_;. The reformulated
question should not only be grammatically correct but also
semantically richer, drawing on external knowledge introduced
during rewriting.

B. Challenges

In order to accurately understand children’s intent and
achieve more accurate interaction between children and ed-
ucational systems, some problems should be considered. That
is, due to the ambiguity of children’s expressions, how to
use disambiguation techniques to address the ambiguity in
children’s expressions, and how to maintain the coherence of
the dialogue and handle context dependence.

We conclude challenges as the following aspects:

« Based on existing conversational QA methods, it is dif-
ficult to disambiguate ambiguous questions due to the
lack of integration of external knowledge and dialogue
context.

e Due to the difficulty in generating accurate SPARQL
queries from the initial prompts, there are issues such as
predicate-entity misalignment and empty results. Thus, it
is hard to ensure the completeness and correctness of the
answers.

IV. MODEL

In this section, we present a method that leverages ex-
ternal knowledge to enhance QR. Moreover, our framework
presents a knowledge-aware PR module to generate well-
defined SPARQL queries. Additionally, to bridge the prefer-
ence gap between modules QR and PR and the QA model,
we propose a training strategy, for leveraging feedback from
the QA model to further optimize the question reformulation
and prompt refinement. The specific details of enhancing
conversational QA through reinforced QR and PR can be
given in Algorithm 1, which mainly consists of four parts:
initialization, QR and PR, answer generation, and reinforced
QR and PR. Input is the original question g,,;. Output is the
final answer A. An overview of the workflow in the proposed
QRPR-QAC architecture is depicted in Fig. 2. The pipeline
consists of three modules, where the first two (QR and PR)
are our contributions.

A. Question Reformulation

The QR module is designed to address the inherent ambigu-
ities and incompleteness in children’s queries by dynamically
integrating dialogue context and external knowledge. Specifi-
cally, the module first identifies the key entity such as “moon”
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Fig. 2. Illustration QRPR-QAC framework.

Algorithm 1 Enhancing Conversational Question Answering
through Reinforced Question Reformulation and Prompt Re-
finement

Input: Original quetion g,y;.
QOutput: Final answer A.
1. Retrieve related triples {T},T5, . .
original question g,,;;
2. Initialize the reinforced QR module and PR module;
3. for i = 1 to max_reformulation_attempts do

., T, } based on the

4, Use QR to rewrite the original question q,,; into
a new question Greq;

5. Generate an initial prompt p; by combining g,
and {T1,Ts,..., T, };

6. Perform similarity-based pruning and Top-k se-
lection to extract a subset of the relevant triples
{Ti1, Tz, ..., Tin};

7. Optimize p; using the PR module to generate a
knowledge-aware prompt prrowicdge;

8. Obtain an answer A by invoking the QA model
with the optimized prompt prrowiedge;

9. if A meets the termination criteria (e.g., answer

quality exceeds a threshold or maximum itera-
tions are reached) then

10. break

11. end if

12.  end for

13. return the final answer A;

14. Calculate a reward R.,, based on the quality of the
answer;

15. Update the parameter of the QR module to reinforce

the generation of clear intention questions.

and extracts the relation like “look fat and look thin”. Then,
leveraging the KGs relation alignment technology, it encodes
the relation into vector and matches it with candidate relations
in the KGs. By combining entity type constraints and rule-
based filtering, it narrows down to the most relevant candidate
relations such as “phases of waxing and waning”, “moon phase
change”, etc. Finally, a question generation model, powered by
the TS model [19], outputs a rewritten question, such as “Why
does the moon have phases of waxing and waning?”. Instead of
feeding the rewritten question directly into the conversational
QA model, we further convert the rewritten question into a
rewriting matrix.

Consider a topic ¢t from a set of topics M, the QR model
accepts the original question ¢,.; and a set of relevant facts
Facts, = {(h1,m1,t1) .., (hesTeyte) ooy (hpy Ty tn)} as
inputs. We employ a pre-trained T5-base sequence generator
[19] as our QR model. The QR model processes these inputs
to generate a reformulated question ¢,.,. Given a original
question g,,; with its relevant facts Factst, = {(he¢,7¢, tc) oy
and a human rewritten ground truth ¢, our objective is to
induce a function f ({gori, Facts;}) = Gnum. Finally, given
probability P conditioned on a parameterized function f,
the original question ¢,,;, and the relevant facts Factsf: =
{(he,7e,te)}r_,, the overall objective of the task is then
defined in terms of finding the parameters ¢ by maximum
likelihood estimation:

M n
p = argmgXHHPtc

t=1c=1

(@mm’f ({QOria FGCtSi} 790))
(1

As described above, we initialize the QR model using a pre-
trained T5-base sequence generator. The model is subsequently
fine-tuned to produce more precise rewritten questions. And
then, following the inspiration from [10], we propose to incor-
porate the reformulated results into the conversational QA task,
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structured as a rewriting relation matrix. The matrix reflects
the connections between the original question and candidate
relations of KGs. As shown in Fig. 3, the reformulated ques-
tion is derived from the original one through a sequence of edit
operations recorded in the rewriting edit matrix. Specifically,
we substitute the phrase “sometimes look fat and sometimes
look thin” with “phases of waxing and waning” extracted
from KGs, and insert “have” before “phases of waxing and
waning”. Additionally, the modification operation increases
formality via lexical modification with high-entropy words
(replace “Sister” in the current question with “the”).

B. Prompt Refinement

After the original question is reformulated, the initial prompt
can be generated using an existing prompt framework. Sub-
sequently, our framework refines the initial prompt into a
knowledge-aware one by incorporating relevant facts from
KGs.

At most £ triples are included in the prompt. We set k = 3
for our method. Three related triples are selected based on
their relevance to the rewritten question g,..,. We calculate
the relevance of a triple to a rewritten question @ye,,. Firstly,
we convert the triple into the JSON dictionary D, using the
triple’s identifier as the key and its entity and relation as the
value. Then, we tokenize the dictionary D, resulting in D=

{dl, do, . .. ,dc}. Next, we compute the embedding of D:

()
where TransE(z) refers to the TransE embedding [20] of token
x. Similarly, we tokenize the rewritten question gy, resulting

in Qrew = {qT€w717 Qrew—25-- - qrewfm} The GloVe embed-
ding of the rewritten question ¢, is represented as follows:

2

Qrew = (3)

ZGloVe Grew-i)
i=1

where GloVe(z) refers to the GloVe embedding [21] of
token x. Based on the dot-product calculation, the semantic
similarity between the rewritten questlon and the triple is
computed. The dot product of D Dl,Dg,...,Dn)
and Qrew (Qrew—1,Qrew—2, - -+, Qrew—n) is calculated.
Finally, we obtain three most relevant facts, namely Top-3
facts. The embeddings of Top-3 facts is represented as follows:

|Q'rew|

3
1 N
Emb_facts = 3 Z Diop—r

k=1

“4)

where ﬁtop,l, ﬁtop,g, and ]NDtop,g represent the embedding
vectors of the Top-3 facts, respectively.

To convert the rewriting edit matrix M into embeddings,
we first initialize an empty list called Emb_matrixz. Then,
we tokenize the original question gq,.;, resulting in q,.; =
{@tris Bris - - }. The GloVe embedding of the original
question (g is computed. Next, we append a dictionary to
Emb_matriz, which contains (e, Qrew, and the operation
(such as Substitute, Insert, Modify, or None). Subse-
quently, we concatenate the fact embedding with the matrix
embedding:

» Qori

V = Concatenate_emb (Emb_facts, Emb_matrix)

(&)

Finally, we generate knowledge-aware prompt by combining
Qrew and V:

(6)

Phnowledge = generate_prompt (e, V)



TABLE I
EXAMPLES OF FINE-TUNING DATA.

Ambiguous Question

Type

Natural Answer

Rewritten Question

Why aren’t there any dinosaurs

anymore? Colloquialism

A massive asteroid hit Earth 66 million years
ago, wiping them out.

Why did the dinosaurs die out?

Sun Wukong is so powerful. Incomplete expression

high.

He can fly, lift 8 tons, clone himself, shapeshift,
and see through lies—plus his staff grows sky-

What powerful skills does Sun
Wukong possess?

Their hollow bones and wings make lift, saving

I can not fly. Unclear expression time and keeping them safe. Why do birds fly?
TABLE 1T
THE OVERALL RESULTS (%) OF QRPR-QAC AND THE BASELINES. THE BEST AND SECOND-BEST RESULTS ARE MARKED IN RED AND BOLD,
RESPECTIVELY.
Methods WebQuestionsSP-C GraphQuestions-C
) Acc Recall | Precision | F1 Acc Recall | Precision | F1

CoTKR 67.2 | 519 67.3 58.6 | 684 | 52.3 68.1 59.1
REIGN 61.9 | 51.2 58.2 545 | 623 | 529 59.8 56.1
SURF 63.0 | 49.3 60.7 548 | 642 | 50.4 61.5 55.4
Explaignn 59.7 | 50.6 59.6 547 | 609 | 51.2 60.1 553
QAF-SuRM 55.1 | 50.8 533 52.0 | 56.6 | 50.3 54.8 524
QRPR-QAC (Our work) | 76.3 | 57.5 68.4 625 | 77.1 | 58.8 68.8 63.4
QRPR-QAC without QR | 68.1 | 52.5 67.0 589 | 69.6 | 54.2 67.8 60.2
QRPR-QAC without PR | 724 | 53.7 67.8 599 | 734 | 55.1 68.2 61.0

C. Conversational Question Answering

After receiving the refinement prompt, the conversational
QA model then outputs a single SPARQL query to answer the
question. We then start a self-reinforcement module, as illus-
trated in Fig. 2. The module operates within a feedback-driven
framework: after the conversational QA module produces re-
sponses, QA performance metrics are computed. These metrics
are combined into a single reward signal using the weighted-
sum method, defined as:

(7

where « is a tunable parameter between 0 and 1 that ad-
justs the relative importance of Acc and F1. The combined
metric serves as reward feedback to a reinforcement learning
mechanism. These rewards iteratively refine parameters of the
QR module and the PR module, ultimately optimizing the
downstream QA model.

In our implementation, we utilize advanced LLMs like
ChatGLM2-6B [22] to power the conversational QA system.
ChatGLM2-6B is an advanced open-source language model
developed by Tsinghua University and Moonshot Al.

Combined_Metric = a x Acc+ (1 — a) x F1

V. EXPERIMENTAL SETUP
A. Datasets

Pre-training Dataset. We construct two unique datasets,
WebQuestionsSP-C and GraphQuestions-C, using the exist-
ing WebQuestionsSP [23] and GraphQuestions [24] corpora.
Leveraging the generative capacity of LLMs, we synthesize
natural language questions that exhibit the linguistic features
characteristic of children’s speech. These characteristics in-
clude colloquialism, unclear expression, and incompleteness,
among others. We utilized 20% of the dataset for validation.

Fine-Tuning Dataset. To facilitate the development of a
child-centric QA system, we curate a specialized corpus for
the supervised fine-tuning of LLMs. Manual collection by our
team members and graduate students yielded approximately
3,500 instances. Each instance includes an ambiguous ques-
tion, a rewritten question, a standard answer, and the question
type. Table I presents illustrative examples of the collected
data. The corpus captures colloquial, incomplete and ambigu-
ous child-like utterances, providing a targeted benchmark for
improving our child-centric QA system. We utilized 15% of
the dataset for validation.

B. Baselines and Implementation

Baselines. In order to assess the effectiveness and efficiency
of our work, we consider the following baselines: CoTKR [6],
REIGN [9], SURF [4], Explaignn [25], and QAF-SuRM [5].

CoTKR is a chain-of-thought enhanced knowledge rewriting
method designed for KGs-QA. REIGN is a robust train-
ing framework for conversational QA. It employs reinforced
reformulation generation to enhance model generalization.
SUREF is a semantic question reformulation model designed to
handle challenging user utterances in spoken QA. Explaignn
is a conversational QA system that integrates heterogeneous
sources via a graph neural network. QAF-SuRM proposes a
reinforcement learning framework for conversational question
rewriting. To ensure a fair comparison, we employ the same
corpus generation method for both the baselines and our
method.

VI. EXPERIMENTAL RESULTS

In this section, we evaluate QRPR-QAC on conversational
QA tasks against baselines and subsequently discuss the results
under each evaluation strategy.



TABLE III
ABLATION STUDY RESULTS (%) BY REMOVING THE MAIN COMPONENTS.

WebQuestionsSP-C

GraphQuestions-C

Methods Acc | Recall | Precision | F1 Acc | Recall | Precision | F1
QRPR-QAC (Our work) 763 | 575 68.4 625 | 77.1 | 58.8 68.8 63.4
QRPR-QAC without QR 68.1 | 52.5 67.0 589 | 69.6 | 54.2 67.8 60.2
QRPR-QAC without PR 724 | 53.7 67.8 599 | 734 | 55.1 68.2 61.0
QRPR-QAC without — reinforcement | 7,5 | 563 | 68.1 61.6 | 762 | 569 | 685 6222
earning
A. Overall Performance 100
Table II presents the overall results. It is evident that our g ——— 7;40
work outperforms the baselines on most metrics, where F1 s 2% el 5880
score increases by 3.9 percentage points compared with the > &0 ‘E~-~.~.16_';.i
strongest baseline CoTKR on the WebQuestionsSP-C dataset, @ 40 Rhl o
as shown in Table II. Similarly, although QAF-SuRM shows 20 29.20
competitive performance in some metrics, the overall perfor-
mance of QAF-SuRM is not good enough. Explaignn performs 0 05 1 15 2 25 3 35 4

reasonably well but still lags behind our work. SURF also
underperforms compared to our work.

Different from the baselines, our primary contribution is
to combine QR and PR within a unified framework for
conversational QA. By jointly leveraging the strengths of
both techniques, the proposed method significantly improves
answer accuracy and robustness. This is reflected in the
experimental results, where QRPR-QAC consistently outper-
forms other methods across multiple metrics. For example,
on WebQuestionsSP-C, QRPR-QAC attains a Precision of
68.4, outperforming CoTKR by 1.1 and QAF-SuRM by 15.1
percentage points, as shown in Table II. The unified QR+PR
framework demonstrably resolves conversational entity ambi-
guity more effectively than alternative pipelines.

B. Ablation Study Results

Results of the ablation study are shown in Table III. In
Table III, the last three rows correspond to (i) QRPR-QAC
without QR, (ii) without PR, and (iii) without reinforcement
learning, respectively. “QRPR-QAC without QR” indicates
that the QR module is removed. “QRPR-QAC without PR”
indicates that the PR module is removed. And, “QRPR-QAC
without reinforcement learning” indicates that the reinforce-
ment learning module is removed.

The experiment result shows that each component can ef-
fectively enhance the performance of KGs-QA. Removing any
single module causes a consistent drop on all metrics. Among
them, suppressing QR yields the largest degradation: F1 drops
by 3.6 on WebQuestionsSP-C and by 3.2 on GraphQuestions-
C. This confirms that a well-designed QR component is the
most critical for boosting KGs-QA performance.

C. Impact of Semantic Fuzziness

In our experiment, the validation set is stratified into five
distinct classes. Fig. 4 reports the five-class BLEU distribution
on the validation set. QA pairs are stratified according to the
degree of semantic ambiguity, ranging from class 0 (clear
semantics) to class 4 (highly ambiguous). There is a monotonic

Question Class (clear semantics -> highly ambiguous)

Fig. 4. 5-class BLEU scores.

deterioration in BLEU: class O attains 84.6%, whereas class 4
drops to 29.2%an absolute decrease of 55.4 percentage points.
The near-linear drop in BLEU demonstrates that the rewriter’s
ability to reproduce reference paraphrases deteriorates in direct
proportion to the degree of semantic ambiguity. This confirms
that output quality is primarily constrained by the syntacticse-
mantic clarity of the input question.

D. Case Study

We explore how each QRPR-QAC module drives LLMs to
produce higher-quality SPARQL queries. The representative
case is listed in Table IV.

In this case, the initially ambiguous question “Who did Li
Bai like to play with?” is clarified through the QR module,
which reformulates it as “Who was the confidant of Li Bai?”.
This process effectively resolves the ambiguity by focusing
on key facts. Subsequently, the PR module generates a clear
instruction, guiding LLMs to produce a concise and accurate
SPARQL query. The execution of this query retrieves relevant
entities, such as Meng Haoran and Du Fu, thereby illustrating
QRPR-QAC’s capability to diminish semantic ambiguity and
enhance query precision through the utilization of the KGs
subgraph. The final execution result is correct and identical to
the ground-truth output. This case study collectively highlights
how the synergistic integration of QR, PR, and conversational
QA modules significantly improves the model’s capacity to
produce accurate and interpretable outputs.

VII. CONCLUSION

We introduce an approach for conversational QA that
simultaneously trains to reformulate conversational queries
and enhance prompt generation. The QR module resolves
ambiguous inputs, and the PR module constructs fact-based
prompts by merging rewritten questions with relevant KGs



TABLE IV
CASE STUDY OF QRPR-QAC.

Ambiguous Question | Who did Li Bai like to play with?

date of birth
dyngsty wife ” pin 1,./v
Subgraph Related to master Tl
Question “«— work confidant —»
. confidant
confidant
confidant
confidant N
Rewritten Question Who was the confidant of Li Bai?

Your task is to answer the question based on the
knowledge that might be relevant and the rewrit-
ten question. Try to use the original words from
the given knowledge to answer the question.

Refined Prompt

SELECT ?confidant
WHERE {
<Li_Bai> <confidant> ?confidant.

SPARQL Query
}

Execution Result The confidants of Li Bai included Meng Haoran
and Du Fu, among others.

facts. Additionally, to mitigate the preference gap between
the QR module and the QA model, we devise a training
strategy that leverages QA model feedback to further refine
QR. This strategy evaluates QR quality through QA model
responses, then optimizes QR parameters to improve the
downstream QA model. Experimental findings reveal that,
relative to existing conversational QA techniques, our method
consistently achieves significant gains across two datasets. On
WebQuestionsSP-C, our full model boosts F1 by up to 6.7%
and Acc by 13.5% over the leading baseline, CoTKR. These
outcomes demonstrate that aligning both modules with down-
stream QA feedback substantially progresses conversational

QA.
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