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Abstract

Quantum Software Engineering (QSE) is an emerging field gar-
nering interest among quantum researchers, developers, and tech
giants for developing software to realize quantum computing’s
potential. Quantum developers frequently refer to Question and
Answer (Q&A) platforms to address QSE challenges. However, the
average response time to developers’ questions on Q&A platforms is
not immediate and can take days, leading to frustration. To address
this delay, this study proposes an alternative approach for generat-
ing accurate answers for QSE-related topics using Large Language
Models (LLMs). The automated LLM-based pipeline uses a few-shot
prompting technique to examine whether a medium-sized LLM
can be guided to generate domain-specific answers aligned with
expert expectations. To evaluate the quality of these responses,
we measure their semantic similarity against validated, human-
authored answers. The experiments were conducted on a dataset
of 263 quantum computing-related Q&A pairs, showing that the
LLM achieved an average semantic similarity score of 64% com-
pared to developers’ answers. Moreover, a detailed analysis of low
similarity scores was conducted to find potential reasons using the
LLMs-as-Jury approach. The results demonstrate that only 4% cases
are possibly hallucinated or provided incorrect information. These
results highlight the promise of LLMs in assisting developers with
contextually relevant information while underscoring their cur-
rent limitations in addressing highly technical and domain-specific
challenges. The proposed approach can serve as a stepping stone
for enhanced developer experiences by integrating LLM with the
Q&A platforms, providing immediate responses. Additionally, the
approach can provide software developers with opportunities to
refine their responses by analysing the LLM-generated output.
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1 Introduction

Quantum technology has been receiving global attention due to its
advantages across industries, including cybersecurity [26], finance
[15], communication [33], and aerospace [31]. This shift became
possible due to quantum computing(QC). QC operates on 0 and
1, qubits can exist in superposition, representing both states si-
multaneously, allowing faster complex calculations than classical
computers [10]. Despite their advantages over classical computing,
quantum software development faces challenges in utilizing its
potential [24, 35]. Oyeniran et al. [25] suggest QC is transforming
various domains through high-speed complex tasks but faces chal-
lenges like high cost and lack of expertise. Traditional software
engineering cannot address quantum systems’ unique challenges,
as their complexity differs from classical computing [28]. As a re-
sult, QSE has emerged as a distinct field of study, focusing on the
methodologies, tools, and techniques necessary to build software
systems capable of leveraging quantum computers [24]. QSE re-
mains in early stages, requiring effective solutions for developers’
technical challenges.

Considering this growing research interest, quantum and soft-
ware engineering researchers have proposed various approaches for
QSE activities. Yue et al. [34] provide thoughts on gathering require-
ments for software projects. Ahmad et al. [1] proposed a reference
architecture approach for quantum computing as a service. Khan et
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al. conducted a study on quantum programming to identify trends,
frameworks, and challenges [20]. De la Barrera et al. [11] proposed a
mapping study for quantum software testing to identify defects and
opportunities. Similarly, Tech giants, including Google!, Microsoft?,
and IBM3, are investing in quantum software and hardware for their
industrial applications. However, to fully utilize the capabilities of
QC, novel quantum software methodologies are needed, which
remain a challenge. To address this, quantum developers need to be
equipped with the necessary skills, processes, tools, and knowledge
of challenges with effective quantum development. For this purpose,
Q&A platforms provide useful information to the quantum devel-
opers on common challenges [17]. Software practitioners use Q&A
forums, like Stack Overflow (SO), to discuss and address challenges
to software development [2] [8]. For example, Khan et al. [19] used
Q&A to extract development methodologies challenges; De Dieu
et al. [8] used it for extracting software architecture information;
and El-Aoun et al. [21] used it for detecting quantum developers’
challenges.

Furthermore, based on our knowledge, a key challenge with the
existing Q&A platforms is the lack of immediate, domain-specific
support when developers face technical issues, particularly with
emerging technologies, like QSE and blockchain. Bhat et al. [4]
found that 30% of questions on Q&A platforms thave a response
time of more than a day. This motivates us to examine LLM perfor-
mance in automatically generating instant answers to practitioners
’ questions, as an alternative to expert-driven answers on Q&A
platforms, especially for emerging technologies lacking human
expertise. Recently, LLMs have shown success in automating soft-
ware engineering tasks [16]. Kabir et al. [18] investigated ChatGPT-
generated answers to SO questions through linguistic and manual
analysis. Similarly, De Silva et al. [7] evaluated ChatGPT and LlaMA-
2 in addressing SO questions and identified a significant decline in
developers’ SO activities since LLMs’ release.

Complementary to Kabir et al. [18] and De Silva et al. [7] ap-
proaches, we explore fine-tuning medium-sized LLMs’ potential,
specifically the DeepSeek 32B model, to identify its reliability in
generating developers’ answers in SO by developing an automated
pipeline for QSE, as it is open source with reasoning capabilities.
Rather than relying on large, expensive models, we develop a more
cost-effective approach using a few-shot prompting technique to
guide LLMs in generating contextually appropriate answers. The
LLM-based pipeline was evaluated on 263 quantum computing-
related Q&A pairs, achieving an average semantic similarity score
of 64% compared to human expert answers. These results demon-
strate LLMs potential as a tool for quantum software developers by
providing faster responses to their technical questions. Our study
contributes to developing an efficient method for knowledge shar-
ing in quantum software engineering, offering an alternative to
traditional Q&A platforms addressing domain-specific challenges.

The paper is structured as follows: Section 2 reviews related work
on QSE. Section 3 outlines the proposed research methodology.
Section 4 describes the proposed experimental setup. Section 5
explores the key findings. Finally, Section 6 concludes the paper.

!https://quantumai.google/quantumcomputer accessed on June 9, 2025
Zhttps://www.microsoft.com/en-us/research/research-area/quantum-computing/ ac-
cessed on June 9, 2025

3https://www.ibm.com/quantum accessed on June 9, 2025
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2 Related Work

In this section, we elaborate on the state-of-the-art approaches.

2.1 Q&A mining for QSE

QSE is an emerging field where researchers mine developer Q&A
forums to understand the frequent challenges. El Aoun et al ana-
lyzed over 3,100 Q&A posts and 43,000 GitHub issues related to
QSE [21], highlighting several QSE-related challenges through qual-
itative coding and topic modeling. Khan et al. [20] analyzed 6,935
Q&A platform posts for quantum software insights, identifying
20 prevalent topics. Popular topics included physical theories and
computing foundations, while challenging topics covered practi-
cal issues, and algorithm tuning. They found Qiskit as the most
adopted framework [20]. Husain et al. [17] analyzed 2,829 QSE-
related questions, developing a taxonomy of quantum challenges
including Tooling issues, Theoretical questions, Learning barriers,
Conceptual misunderstandings, Runtime errors, and API usage
problems. Their GPT-validated DL classifiers achieved 89% accu-
racy in categorizing posts [17]. Aktar et al. [3] use Q&A forums to
identify architecture decision-making for quantum software devel-
opment. Similarly, Upadhyay et al. [29] analyzed quantum software
evolution practices by examining 21000 GitHub repositories.

2.2 LLM Utilization in Software Repositories

LLMs like ChatGPT have influenced how developers seek and share
knowledge [5]. Since ChatGPT’s release, debate has emerged about
Al assistants replacing Q&A forums like Stack Overflow. ChatGPT
offers instant help, but accuracy concerns exist [7]. Kabir et al. [18]
evaluated Stack Overflow questions answered by ChatGPT versus
human responses. They found 52% of ChatGPT answers contained
incorrect information, with 77% being more verbose. Users still
preferred ChatGPT 35% of the time due to comprehensiveness [18].
In addition, Hasan et al. explored GPT-3’s ability to answer software
questions compared to Stack Overflow [13]. GPT-3 answers were
66% shorter, with higher lexical overlap (35%), suggesting better
topic focus. The Al showed 25% more positive sentiment indicating
politeness [13]. However, practitioners sometimes prefer human an-
swers, and LLM reliance might reduce Stack Overflow community
engagement over time.

Furthermore, researchers have examined LLMs’ impact on Q&A
communities. Da Silva et al. [7] studied ChatGPT and LLaMA on
SO questions, finding LLMs rivaled human answers in some areas
but didn’t consistently outperform them. Their work confirmed
decreased posting activity as developers obtained instant Al solu-
tions. Helic and Santos analyzed Q&A post evolution post-ChatGPT
[14], finding a decline in contributions, while remaining questions
became longer and more complex. ChatGPT filtered simpler pro-
gramming problems, which users now solve privately with Al,
leaving harder problems for the public forum [14]. This means post-
2023 Q&A data may differ qualitatively due to Al’s filtering effect.
Molavi et al. proposed an LLM framework for personalized answer
generation using Stack Exchange data [23]. The study found that
few-shot prompting with examples of accepted answers improved
the response personalization. This approach shows how mining
Q&A interactions can inform LLM outputs, potentially benefiting
niche domains like quantum computing.


https://quantumai.google/quantumcomputer
https://www.microsoft.com/en-us/research/research-area/quantum-computing/
https://www.ibm.com/quantum

Measuring the Effectiveness of LLM for Answer Generation: A Case of QSE

SAC ’26, March 23-27, 2026, Thessaloniki, Greece

Table 1: Comparison with State-of-the-Art Approaches

Contributions

Study Methodology Used

[18] Empirical evaluation of ChatGPT vs. human an-
swers on 517 SO programming questions (manual
analysis, linguistic analysis, user study)

[9] Comparative analysis of 270 privacy-related ques-
tions: Stack Overflow accepted answers vs. Chat-
GPT answers

[32] Experiments comparing ChatGPT vs. SO answers
for compiler-error questions.

[22] User study (between-subjects): one group used Chat-
GPT, another used SO to solve programming tasks

[23] Framework for LLM- Driven personalized answer
generation using StackExchange data (0-shot vs.
few-shot prompts with past accepted answers)

Our Pro- Automated LLM-based answer pipeline for QSE:

posed uses few-shot prompting with domain examples;

Approach evaluates outputs against expert answers (semantic

similarity metrics)- Used LLM-as-a-Jury to find the
reason of failure/low semantic similaity with the
ground truth

Identified high incidence of incorrect (52%) and verbose answers by
ChatGPT; highlighted that users appreciated ChatGPT’s clarity despite
errors

Demonstrated ChatGPT’s answers were almost as accurate as human
answers on privacy questions ( 71% vs 74% correctness), with ChatGPT
matching the accepted solution in 56% of cases

Showed that an LLM can equal or outperform Stack Overflow solutions
for compiler errors when given well-crafted prompts

ChatGPT improved productivity for tasks, providing better code for
algorithmic and API questions, while Stack Overflow excelled at debug-
ging help. showed evidence of platform’s strengths

Showed that including examples of a user’s preferred answers greatly
improves LLM personalization, LLM responses aligned much more
closely with individual needs when few-shot learning was used used
provides immediate, context-rich answers to QC questions, addressing
slow forum response times. Demonstrates an average of 64% similarity
to human answers, offering a blueprint for integrating LLMs into Q&A
platforms for niche domains. Only 14% have similarity less than thresh-
old, LLMs-as-a-Jury demonstrate that only 4% of the original answers
hallucinate, the main reason for the rest of the answers to be under the
threshold is their style difference from the ground truth answers.

2.3 Comparison With The State-Of-The-Art

Recent studies have examined LLMs impact on Software engineer-
ing Q&A. Kabir et al. [18] analyzed ChatGPT’s Stack Overflow
answers using mixed methods (517 Q&A pairs comparison, lin-
guistic analysis, user study), highlighting articulation vs. accuracy
trade-off in LLM responses [18]. Studies have compared LLM and
human-generated answers on software topics. Delile et al. [9] eval-
uated ChatGPT’s performance on privacy-related programming
questions using 270 Stack Overflow privacy questions. ChatGPT
achieved 56% correct answers and 71% overall accuracy versus 74%
for human answers, approaching human-level performance but
showing lower reliability. Both human and LLM answers achieved
an accuracy of under 75% [9]. Furthermore, Widjojo and Treude
[32] studied LLMs ability to solve programming errors compared to
SO, finding modern LLMs often match accepted answers. However,
LLM answers quality depends on prompt design, suggesting effec-
tive use requires prompt engineering expertise [32]. Moreover, Liu
et al. [22] found that programmers using ChatGPT completed algo-
rithmic and library tasks faster with better while Stack Overflow
excelled at debugging due to human experts’ error detection. This
shows LLMs are effective for defined problems, while human exper-
tise remains valuable for complex debugging. The study was limited
by its controlled setting with students [22]. Molavi et al. [23] devel-
oped personalised LLM answer generation in education using Stack
Exchange data to fine-tune prompts. Their experiments demon-
strated that few-shot prompting enhanced personalisation of LLM
responses through metrics and human evaluation, though testing
was limited [23]. The proposed approach complements the existing
approach in evaluating the performance of LLMs in generating
answers to developers’ questions on Q&A platforms. However, in
the proposed approach, unlike previous methods, we experimented

with comparatively medium-sized LLMs, specifically the DeepSeek-
rl: 32B model, which is less costly and was deployed for answer
generation in an emerging domain, namely QSE. In the proposed
approach, we developed several prompts using a few-shot learn-
ing method to create a comprehensive answer-generating prompt
based on QSE question patterns, rather than relying on user prompt
skills. Additionally, the proposed approach provides a comprehen-
sive automated pipeline for generating developers’ answers and
semantically comparing them with expert-generated answers. Fur-
thermore, we used the LLMs-as-Jury approach to investigate the
root cause of developers’ answers with low semantic values. Table
1 compares the proposed approach with existing work.

3 Proposed Research Methodology

This section elaborates on the research questions that guide the
proposed methodology. We then describe the approach used to
answer these questions, including the experimental setup, dataset,
evaluation methods, and the use of LLMs in generating answers for
QSE. The proposed methodology focuses on leveraging a fine-tuned
LLM to generate accurate responses to QSE queries and evaluate
their performance compared to human-generated answers.

3.1 Research Questions

This study aims to explore the potential of LLMS as an alterna-
tive source for generating immediate and timely answers in the
emerging field of QSE. By assessing the effectiveness of LLMs and
comparing their performance to that of human expert responses, we
seek to provide insights into the applicability of Al-driven solutions
in addressing technical challenges within QSE. We developed the
following research questions to validate our proposed methodology.
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Figure 1: Proposed Research Method Diagram.

RQ1: Can LLMs be used as an alternative source to generate
answers to emerging software engineering domains (QSE)?

RQ2: What is the performance of LLM-generated answers
compared to human experts’ generated answers?

To address RQ1, we aim to investigate whether LLMs, specifically
open-source models such as DeepSeek, can provide contextually rel-
evant and accurate answers to QSE-related questions. This involves
assessing the model’s ability to generate high-quality answers by
utilising a specially curated dataset of quantum computing ques-
tions and answers. For RQ2, we compare the performance of LLM-
generated answers against human-generated answers by evaluating
their semantic similarity and overall quality. This comparison is
vital to understanding current LLM capabilities in QSE.

3.2 Research Method

The proposed research methodology for answering the research
questions comprised several key phases, which are illustrated in Fig-
ure 1. For the proposed approach, in step 1, we utilised a previously
developed dataset about QSE developers’ discussions on various
Q&A platforms [17] to evaluate the performance of a medium-sized
LLM for answer generation on a relatively emerging domain. In step
2, we applied several preprocessing steps to the developers’ discus-
sions to present them more effectively for the LLM. The next step in
the proposed approach is the systematic development of a prompt
to generate better answers for developers in response to their ques-
tions. In the next phase, the proposed approach utilises a DeepSeek
32B model with the optimized few-shot prompt to generate the
developers’ answers and obtain a response in a more structured
JSON format for further analysis. In the final step, semantic sim-
ilarity is identified for the LLM-generated and expert-generated
answers using the all-MiniLM-L6-v2 model embeddings. Addition-
ally, to evaluate the low similarity score between the expert and

LLM-generated answers, we employed the LLM-as-Jury approach
by designing a prompt and experimenting with ChatGPT, Gemini,
and Mistral AI LLMs to validate the possible reasons for the low
similarity score. Additionally, the human experts evaluated and
validated the answers and outputs generated by the LLMs. Below,
we elaborated on each methodological step in detail.

4 Experimental Setup

In this study, we present an automated pipeline for generating QSE-
related answers using few-shot prompting with a medium-sized
Large Language Model (LLM), specifically the DeepSeek-r1:32b
model[12], deployed via the Ollama framework.

Ollama‘ is an open-source, modular framework designed to
run LLMs locally in an efficient and privacy-preserving manner.
It enables seamless offline integration of various models without
requiring persistent cloud access, making it particularly suitable
for academic research and other applications that require offline
processing. To the best of our knowledge, this is among the first
works in software engineering research to systematically deploy an
offline LLM pipeline tailored for a domain as specialized as Quantum
Software Engineering (QSE). Moreover, we selected the DeepSeek
32B-r1 model over comparable open-source alternatives for four
reasons: (1) its parameter size offers a favourable balance between
computational feasibility and reasoning performance, (2) it sup-
ports instruction-following behavior suitable for technical Q&A
generation, (3) it can be efficiently executed on local high-memory
machines using Ollama without requiring large-scale distributed
systems and (4) recent evaluations indicate that DeepSeek-R1 and
its distilled variants rank among the strongest open-source models
for reasoning-intensive tasks, including mathematics, coding and

“https://ollama.com
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Algorithm 1: QSE Experiment Workflow (Model:
DeepSeek-r1: 32B)
Input :QSE CSV (2,832 rows); prompt template “1”; few-shot
exemplars = 2; Model = DeepSeek-r1: 32B.
Output:outputs/qgse_predictions. jsonl,
outputs/experiment_manifest. json.
Data Preparation & Preprocessing
2 RAW « LoadCSV(data/qgse_raw.csv)
D; « Filter(RAW, HasAnswer)

-

[N

// 1,492 rows

'S

D, « Filter(D;, answer_id = accepted_answer_id)
// 1,147 rows

[

D5 « Filter(D,, not ContainsURLorAnchor)

// 265 rows
6 CLEANED « Map(Ds, StripHTMLandNormalize)

// 265 rows
7 EXEMPLARS « SelectTopN(CLEANED, 2)
8 EVAL_SET « CLEANED \ EXEMPLARS

// 263 rows

©

Experimental Execution (Offline)

10 MODEL « LoadModel(“ DeepSeekr1:32b”)
// Ollama runtime, no external calls

PROMPT « LoadPromptTemplate(“1”)

12 PREDICTIONS « @

13 foreach ex € EVAL SET do

14 CTX « {QUESTION_TEXT: ex.question_text;

CONTEXT_IF_PROVIDED: “”; EXEMPLARS:

FormatFewShot(EXEMPLARS)}

15 input < RenderPrompt(PROMPT, CTX)

16 out « Generate(MODEL, input)

1

oy

// Run DeepSeek:r1 32B
17 out « EnsureJSONFields(out, [“answer”])

18 ans < NormalizeWhitespace(RemoveURLs(out.answer))

19 Append(PREDICTIONS, {qid: ex.question_id; reference:
ex.accepted_answer_text; generated: ans; prompt})

)
S

Result Generation & Storage
1 SaveJSONL(PREDICTIONS, “outputs/qse_predictions.jsonl”)

)

logical problem-solving [12]. The algorithmic presentation of the
experiment is shown in Algorithm 1.

4.1 Data Collection

This study uses the publicly available dataset of QSE discussions in-
troduced in the study [17] by systematically extracting Q&A content
from four Stack Exchange forums. The dataset contains the follow-
ing features: Questionld: The original Stack Exchange question
identifier; QuestionTitle: The title or subject line of the question;
QuestionBody: The main content or description of the question.
QuestionTags: Tags used to categorize the question; Question-
Date: The date the question was posted; AcceptedAnswerlId: The
Id of the answer accepted by the question asker; Answerld: The
Id of the specific answer under evaluation; AnswerBody: The full
content of the answer post; AnswerDate: The date the answer was
posted. As this study focuses on comparing the LLM’s compatibil-
ity with humans, we used only features related to questions and
answers.

SAC ’26, March 23-27, 2026, Thessaloniki, Greece

4.2 Data Pre-Processing

The initial input dataset comprised 2,832 Q&A records, developers’
discussion related to QSE. Many questions don’t have answers; we
removed 1,340 such rows, yielding 1,492 instances with answers.
To ensure that each instance contained a community-validated
solution, we then restricted the corpus to entries where the an-
swer_id matched the accepted_answer_id, resulting in 1,147 high-
confidence Q&A pairs. Finally, because the proposed experiments
utilise an offline LLM and therefore cannot resolve external re-
sources at inference time, we excluded any rows that contained
external references (e.g., URLSs or hreflinks), resulting in a modelling
dataset of 265 Q&A pairs. Of these, two exemplars were reserved for
few-shot prompting during development, leaving 263 Q&A pairs
for training/evaluation in the main experiments. After finalizing
the subset of questions for the experiments, the data is cleaned
by removing the HTML tags and incidental markup, standardiz-
ing whitespace, and ensuring well-formed plain text inputs. This
sequence improved textual consistency, reduced spurious tokens,
and mitigated formatting artifacts that could bias the tokenizer or
distract the model from core semantics.

4.3 Few-Shot Learning

This study adopts a few-shot strategy to guide answer generation
with the offline DeepSeek-r1:32b model. In this technique, a couple
of examples are embedded in the prompt to guide the model for in-
context learning. It shows promising results for straight-forwards
tasks and has quickly become a standard prompting technique
now [6]. From the preprocessed corpus (Section 4.2), two Q&A
instances were reserved as exemplars on the basis of their length
and excluded from evaluation. These examples were embedded
alongside each query in a consistent format, helping the model
infer the expected structure, style, and level of detail for generating
appropriate answers. The selected examples are presented in the
Github®. The prompt used to generate answers is given in the
following box 4.5.

4.4 Answer Generation

At the core of the pipeline is the interaction with the DeepSeek-
r1:32b model, which generates an answer based on the provided
prompts. For each target question, we construct a prompt by com-
bining three key contextual elements: the question title, the question
body, and associated tags. These components are integrated into
a unified prompt using a structured template, as shown in 4.5. We
adopted a few-shot prompting approach, inserting two exemplar
Q&A pairs before each target question to guide the model in gener-
ating domain-relevant responses. The model is instructed to return
answers in JSON format for structured parsing. However, we ob-
served that the model’s compliance with this format requirement
was inconsistent. While it successfully returned valid JSON in many
cases, it occasionally failed to adhere to the specified structure. Also,
DeepSeek embeds its reasoning inside a <think> tag. So for the
final answers, a post-processing routine is adopted to remove these
<think> elements and extract the actual answer field, ensuring
consistency and comparability during evaluation.

3 https://github.com/SafiaK/Quantum_Q-A_Using_LLM/blob/main/few_shot_
examples.json
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4.5 Result and Evaluation

Semantic Similarity: To evaluate the quality of generated answers,
semantic similarity scores are computed between the original ac-
cepted answers and the cleaned responses. For this, cosine similar-
ity on sentence embeddings is employed rather than simple lexical
overlap metrics, as this approach captures semantic meaning even
when answers use different wording or phrasing. This approach is
consistent with established research on answer similarity , which
has been shown to be an effective metric for evaluating the quality
of model-generated answers [27].
A-B

cosine_similarity (A, B) TATIE] (1)

Where A and B represent the embedding vectors of the original
and generated answers, respectively. The resulting similarity score
ranges from 0 to 1, where higher values indicate greater semantic
alignment between the answers. The experiments show that the
similarity score ranges between 0.269 and 0.885, with a median
of 0.667 and an average score of 0.644. The overall performance
suggests that while the model is effective at generating answers.
However, there are challenges with accuracy in more complex cases.
Analysis: This section presents a detailed analysis of the experi-
mental outcomes obtained using the DeepSeek-r1:32b model on the
finalized QSE evaluation set. Out of 263 cases, 3 failed to produce
results, so we excluded them for further analysis. Across 260 ques-
tion—answer (Q&A) instances, semantic similarity between model
outputs and community-accepted references was predominantly
mid-range: 36 cases (13.6%) were low (< 0.5), 200 (76.9%) were
medium (0.5-0.8), and 24 (9.2%) were high (> 0.8). These statistics
show that more than 86% of responses were reliable and aligned
with the human-generated answers. To identify the reasons for
the low score, we further investigated these cases to improve the
system by mitigating these reasons in the future. In this study, these
instances are labelled as failed cases. The observed failures could be
attributed to either factual inaccuracies in the generated response or
significant stylistic and linguistic divergence from human-authored
answers, despite the content being contextually appropriate and
technically reliable. To find the reason, we employed the "LLMs-
as-Jury" strategy. In this technique, a handful of different LLMs
are used, and their opinion are ensembled in a voting mechanism.
Prior research has consistently shown that LLM-as-jury outperform
single-model judgment, exhibits reduced intra-model bias, and is
closely aligned with human judgment [30].

As there were minimal cases for analysis, the online large-sized
LLMs were used as judges. In the first step for analysis, a diag-
nostic prompt was carefully crafted to ask LLM to figure out the
reason for failure in low similarity cases, as detailed in Prompt 4.5.
Three models were used for this evaluation: GPT (via the ChatGPT
interface® ), Gemini (via Google Al Studio’ ), and Mistral (via its
official interface® ). Each model was given a structured file contain-
ing only the failed cases, along with relevant metadata (question
title, body, tags, human-authored answer, LLM-generated answer,
and similarity score). The models were then instructed to complete

Ohttps://chatgpt.com/
"https://aistudio.google.com/
8https://chat.mistral.ai/chat
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a new column stating the likely reason for each observed failure.
Each of the three LLMs independently reviewed the failed cases and
provided its decision for each case. After collecting the responses,
the results were consolidated by identifying cases where at least
two models agreed on the reason. The following Table 2 shows the
result. The results show that only 33.3% of 13.6% cases are the ones
which actually hallucinate or provide incorrect responses, which is
almost 4% of the total data.

Prompt for Answer Generation on QSE Using

DeepSeek-r1 32B model

Answer-Generation Prompt:

You are an expert quantum computing researcher and
educator with deep knowledge in quantum
mechanics, quantum algorithms, and quantum
information theory. Your task is to provide
comprehensive, accurate, and well-structured
answers to quantum computing questions.

## Instructions:

1. Analyze the given question carefully,
considering both the explicit question and
any implicit context.

2. Provide a detailed, technically accurate answer
that addresses the core question.

3. Use clear explanations and avoid unnecessary
jargon unless technical precision is required.

4. Structure your response logically with clear
sections when appropriate.

5. Include relevant quantum computing concepts,
principles, and examples.

6. If the question involves mathematical concepts,
explain them in accessible terms.

7. Consider practical implications and the current
state of quantum computing technology.

8. Ground your answer strictly in the provided
information (question and optional context).
Do not rely on external links or resources
and do not include citations or URLs.

## Response Format:
Please respond with a JSON object containing your
answer in the following format:
{
"answer": "Your comprehensive answer here"

3

## Task:
Now, please answer the following question using
the same format and approach.

Question:
{{QUESTION_TEXT}}

(Optional) Context:
{{CONTEXT_IF_PROVIDED}}
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Low-Similarity Investigation Prompt

Prompt:

We are experimenting with a Q&A platform where developers
post quantum computing questions and practitioners
respond. Because human replies can be delayed, we
are integrating a specialized Large Language Model
(LLM) to provide quick answers. In our experiment,
some cases achieved comparatively low similarity
between the accepted human answer and the
LLM-generated answer; we refer to these as "failed
instances."

We assume two possible reasons for low similarity:

1) Reason A Factually wrong or irrelevant: The generated
answer contains factual errors or addresses a
different issue than the human answer.

2) Reason B Semantically/stylistically different but
correct: The generated answer is not wrong, but the
language, terminology, structure, or tone differs
substantially from the human answer, reducing
measured similarity.

Task:

For each failed instance (record), assign exactly one
reason label:

- "Reason A" if the generated answer is factually wrong
or irrelevant.

- "Reason B" if the generated answer is essentially
correct but semantically/stylistically different.

Output format (per record):

"record_id": "<ID>",
"reason": "Reason A" | "Reason B",
"brief_justification": "One-sentence rationale

referencing key mismatch."

}

Reference distribution (observed in our analysis):

- Reason B (semantically/stylistically different but
correct): 88.9%

- Reason A (factually wrong or irrelevant): 11.1%

5 Discussion

5.1 Findings and interpretations

The proposed approach presents the preliminary investigation and
evaluation of medium-sized LLM performance in processing 263
Q&A pairs. Notably, 86% of the generated responses achieved a
semantic similarity above 0.5, indicating that the few-shot prompt-
ing setup produced reliable outputs for most developers’ ques-
tions. Within this range, 76.0% of responses were in the mid-range
(0.5-0.8), 9.1% scored high (> 0.8), and 14.8% were low (< 0.5), with
mean and median similarity values of 0.637 and 0.667, respectively.
To better understand these low-similarity cases, an LLM-as-jury
analysis was conducted using three independent LLMs that jointly
reviewed and labelled the responses. Consensus was reached for all
examined cases, revealing that most low scores resulted from stylis-
tic or structural differences rather than factual errors. Only a small
portion of the total dataset represented truly incorrect or irrelevant
content. The results show that, as an answer to RQ1, we can use
a medium-sized LLM-based automated pipeline as an alternative
to provide timely and reliable answers to developers’ questions on
Q&A platforms. This research finding complements the findings of
Da Silva et al. [8], which show that LLMs perform comparatively
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better when addressing developers’ questions related to program-
ming tasks on Stake Overflow. Similarly, based on the cosine value
and the LLM-as-Jury analysis approach, considering the given limi-
tations and the dataset at hand, the reliability is quite promising,
as it provides a satisfactory answer more than 95% of the time,
in response to RQ2. Taken together, these findings demonstrate
that DeepSeek-r1:32b, employed in an offline, cost-efficient, and cus-
tomizable configuration, frequently captures the right concepts (as
reflected in the mid-range distribution).

Table 2: Consensus Summary of Failure Reasons

Failure Reason Percentage
Semantically correct, stylistically different 66.7%
Factually incorrect or irrelevant 33.3%

5.2 Implications of the Proposed Approach

The findings show LLMs have significant potential to enhance
answer generation in Q&A platforms by serving as intelligent assis-
tants that complement human expertise. For developers, LLMs can
be integrated into QSE support systems to provide timely, relevant
responses to routine inquiries, reducing waiting times and aiding
users with foundational challenges. When guided, LLMs can pro-
vide concise answers that align with community norms through
clarity, brevity, and code-focused explanations. Implementing post-
processing to eliminate verbosity, reasoning traces, or structured
wrappers ensures outputs remain natural and valuable. Addition-
ally, evaluation expert feedback or comparison with community-
accepted answers can help refine these models to reflect domain-
specific terminology and reasoning patterns found in quantum
computing frameworks like Qiskit and Q. This integration enables
developers to use LLMs as collaborative partners for routine ques-
tions while human experts focus on complex, novel topics, enhanc-
ing the efficiency and responsiveness of QSE knowledge-sharing
workflows.

5.3 Threats to Validity

While this study provides valuable insights, several threats to the
validity of the findings must be considered. The dataset consists
of 263 Q&A pairs related to QSE developers’ discussions, limiting
the applicability. Although the dataset covers diverse categories, it
needs testing by extending to emerging domains, like blockchain
and DevOps, through recent Q&A platform data. The proposed
approach, used DeepSeek-r1:32b, a medium-sized LLM, limits ex-
ploration of other medium-sized LLMs,like Qwen2.5-32B, Gemma
2 27B, and Mistral 22B. These will be explored to compare their
performances in answer generation. We used a medium-sized LLM,
while utilising LLMs, including ChatGPT, Gemini, and Mistral, as
LLM-as-Jury to validate low-similarity cases, whereas literature
uses ChatGPT and Llama for answer generation. Importantly, since
our error analysis revealed that a small but non-negligible por-
tion of the LLM-generated answers (approximately 4% of the full
dataset) contained factual inaccuracies, this limitation reinforces
that medium-sized LLMs should be viewed as assistive rather then
authoritative tools for addressing highly technical QSE queries.
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6 Conclusion

This study examines the potential of medium-sized LLMs to gen-
erate precise and contextually relevant responses to QSE queries.
The findings suggest that LLMs, particularly the DeepSeek-r1:32B
model, can provide timely answers to the developers’ QSE questions
on Q&A platforms, with 85% of the 263 evaluated items achieving
a semantic similarity above 0.5. To investigate the remaining 14%
of low-scoring cases, an LLM-as-Jury approach was used with two
possible reasons identified through manual evaluation, employing
a two-out-of-three consensus rule. The analysis showed that most
instances were valid in content but differed from human references
in phrasing, tone, or structure, with only 4% representing unreliable
answers where LLM didn’t perform well. Overall, medium-sized
LLMs with few-shot prompting are an effective alternative for gen-
erating timely answers to developers’ questions on Q&A platforms
for emerging domains. The results demonstrate that medium-sized
LLms can practically support QSE developers by providing immedi-
ate, context aware assistance in situations where expert responses
may be delayed. However, the proposed approach needs to be eval-
uated on a relatively larger dataset and its performance assessed
with QSE experts.

Replication Package: The replication package is publicly avail-
able at the following GitHub repository:

https://github.com/SafiaK/Quantum_Q-A_Using LLM
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