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Abstract
Failure-inducing inputs play a crucial role in diagnosing and
analyzing software bugs. Bug reports typically contain these
inputs, which developers extract to facilitate debugging. Since
bug reports are written in natural language, prior research
has leveraged various Natural Language Processing (NLP)
techniques for automated input extraction. With the advent
of Large Language Models (LLMs), an important research
question arises: how effectively can generative LLMs extract
failure-inducing inputs from bug reports? In this paper, we
propose LLPut, a technique to empirically evaluate the per-
formance of three open-source generative LLMs—LLaMA,
Qwen, and Qwen-Coder—in extracting relevant inputs from
bug reports. We conduct an experimental evaluation on a
dataset of 206 bug reports to assess the accuracy and effective-
ness of these models. Our findings provide insights into the
capabilities and limitations of generative LLMs in automated
bug diagnosis.

CCS Concepts
• Software and its engineering → Software defect analysis.
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1 Introduction
Bug reports serve as the primary medium through which users
and testers communicate software issues to developers [18].
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These reports typically include a detailed natural language
description of the problem, aiding developers in reproducing
and diagnosing the bug. As a result, bug reports are a cru-
cial component of software maintenance. Their content is not
only essential for developers in maintaining software systems
but also forms the foundation for automated tools that as-
sist in the complex tasks of bug detection and resolution [18].
Whenever developers receive a bug report, the first step is to
reproduce the bug [62, 64]. It is necessary to reproduce the
bug to be confirmed and to observe the behavior of the bug.
Bug reproduction also enables further analysis of the issue
[10].

To reproduce a bug, developers need the failure-inducing
input [60, 61]. These inputs are test cases or commands that
cause a software failure during execution [29]. Developers also
rely on inputs to diagnose and localize bugs. Ideally, bug re-
ports clearly specify failure-inducing input commands. How-
ever, unstructured and ambiguous information in bug reports
often makes them difficult to use [68]. Additionally, many
bug reports describe inputs in natural language rather than
technical terms. For example, instead of writing the command
chmod filename to change a file’s mode, a reporter might say,
change the file’s permission mode. This use of natural language
makes it harder for new developers to extract the necessary
inputs from bug reports.

Since bug reports are written in natural language, re-
searchers have conducted numerous studies [38] using NLP
[21] techniques to analyze bug reports and extract relevant
information. This is the first study to systematically evaluate
the effectiveness of LLMs in extracting input commands from
bug reports. Recently, LLMs have assisted NLP researchers
in various fields by analyzing human-written documents and
extracting information from them [21].

The task of extracting input commands from bug report can
be categorized as information extraction task. In recent years,
the use of generative LLMs for information extraction has
been popular [6, 19, 51, 58, 66], including software engineering
tasks [37, 42]. They have been used in a zero-shot, one-shot,
and few-shot manner to extract specific tasks. In software
engineering, while LLMs have been used for tasks such as
code summarization, bug localization, code generation, and
vulnerability detection [3–5, 27, 31, 37, 39, 42, 59], extracting
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input commands in bug reports has been not previously per-
formed. This gap inspired us to investigate the effectiveness of
the LLMs in extracting manual commands from bug reports.
Therefore, we propose a tehcnique LLPut to analyze LLM’s
performance in extracting inputs from bug report.

Figure 1: Overview of LLPut Methodology

Our proposed methodology, LLPut, consists of two main
components: (i) dataset preparation and (ii) application of var-
ious LLM models for input extraction. Figure 1 provides an
overview of LLPut’s methodology. We begin by collecting and
annotating bug reports to construct a structured dataset. As an
initial baseline, we apply a BERT-based NLP technique to eval-
uate its effectiveness in extracting failure-inducing inputs. Sub-
sequently, we employ three generative LLM models—LLaMA
[56], Qwen [7], and Qwen-Coder [32]—to evaluate the perfor-
mance of LLMs in extracting inputs from bug reports. Our
dataset, codes, annotation instructions and prompts are avail-
able in this repo [1].

2 Dataset
To analyze the performance of the models in generating inputs
from bug reports, we first collect and annotate a dataset of
bug reports.

2.1 Dataset Collection
In this work, we focus on the Linux coreutils project, which
includes 68 distinct utility applications [16] and offers a di-
verse range of functionalities. We collect bug reports from
the online open source bug repository, Red Hat Bugzilla - Bug
List [50]. We filter bug reports by selecting Fedora and Red
Hat Linux as the product categories and coreutils as the target
component. This filtering yields a total of 779 bug reports. We
then retrieve these reports using the REST API and parse the
data into two separate CSV files: one containing bug descrip-
tions with their corresponding IDs and another containing
IDs along with all other relevant attributes. In the future, we
plan to expand our dataset by collecting data from various
web-based applications and from other different open-source
bug repositories.

To refine the dataset, we manually review the bug reports
and exclude those that merely announce new coreutils releases.
After this filtering process, we obtain a final dataset of 753 bug
reports. Table 1 presents a sample from our dataset.

2.2 Dataset Annotation
Two authors manually annotate a randomly selected 250 re-
ports from the refined dataset of 753 reports and discuss until
they reach to consensus. They further discard reports with no

or vague descriptions (i.e., bug reports had nothing beyond
an imprecise title, or any details that could help a user under-
stand the bug). Afterward, we end up with a subset of 206
reports for further analysis. We give annotators the following
instructions:

Read the entire bug report thoroughly before beginning
annotation. Pay attention to both explicit statements
and implicit cues that might indicate the exact condi-
tions which triggered the anomaly. For each bug report,
determine the specific commands/instructions and in
which order triggered that state.

The detailed instruction is available in the project reposi-
tory. The annotators carefully examine each report to identify
the exact sequence of commands needed to reproduce the
reported bugs.

Annotators note that many bug reports lack proper struc-
ture or omit essential details for understanding the issue. In
these cases, annotators thoroughly read each report and ex-
tract the necessary information, including the expected out-
come, observed outcome, and steps to reproduce the bug.
Some reports only describe the encountered issue and how
the user reached that state. The annotators analyze these cases,
interpret the context, and reconstruct the steps to ensure accu-
rate replication.

After annotation, We find that in 149 bug reports, input
commands or test cases exist. 54 cases did not contain input
commands or test cases. We mark them as ‘None’. And in 3
cases annotators were uncertain as the actual commands were
not explicit. We also mark them as ‘None’.

3 Experimental Evaluation
In this research work, we evaluate LLPut, by considering two
research questions:
RQ 1: How effective is BERT in accurately extracting user
input commands from unstructured bug reports?
RQ 2: How effective is generative LLMS in extracting inputs
from bug report?

3.1 Evaluation Metric
As input commands are needed to exactly match in order to run
correctly, we compare the NLP (BERT model) extracted input
commands and Genrative LLM extracted input commands
against human-annotated ones using BLEU score (Bilingual
Evaluation Understudy) [45]. BLEU score is a standard metric
in machine translation to evaluate text sequence similarity. In
the software engineering domain, BLEU score is often used to
evaluate the quality of generated bug reports, code comments,
and code summarization.

3.1.1 BLEU-score. : The BLEU score is a standard metric used
to assess the quality of machine-generated text by comparing
it to human-written reference text [45]. It measures the simi-
larity between the generated and reference texts by evaluating
the overlap of n-grams. A higher BLEU score indicates a closer
resemblance to the reference, making it particularly useful for
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Table 1: Sample Data

id title Description Input Command(s)
2296026 sort -V

order dif-
fers from
sort when
there are
no numer-
ics

When sorting two lines with no numeric parts, sort -V
differs from sort.
[...] How reproducible: Always
Note: The results are the same (as expected) if lines “a”
and “abc” are sorted (i.e., without the “-xyz”):
printf "a\nabc\n" sort -V|
a
abc [...]

1. printf "a-xyz\nabc-xyz\n" sort|
2. printf "a-xyz\nabc-xyz\n" sort
-V|

2248503 uname -i
doesn’t
work

coreutils-9.1-12.fc38.x86_64
[root@buildserver:~]$ uname -i
unknown
This is breaking scripts expecting to get x86_64.

1. uname -i

749704 date can-
not easily
produce
lower case
formatted
output

Suppose one wants lower case abbreviated day-of-week
names. By default, %a produces capitalized names, e.g.,
Fri. Using %^a correctly produces upper case. Using %#a
unfortunately produces the same as %^A, i.e., FRI. Quite
clearly, FRI is not the opposite case of Fri. Instead of an
’opposite case’ modifier [...]

1. date +%a
2. date +^a
3. date +#a
4. date +%/a

tasks like machine translation and text generation. The BLEU
score is computed using the following formula:

BLEU = BP · exp
(

N
n=1

wn · log(pn)

)
where, N represents the maximum n-gram order considered
in the calculation; pn is the precision score for n-grams of size
n, reflecting the proportion of matching n-grams between the
generated and reference texts; wn is the weight assigned to
each n-gram level, typically set to 1

N to ensure equal impor-
tance across all n-gram orders; and BP denotes the brevity
penalty, applied to discourage excessively short outputs. It
equals 1 if the generated text is longer than the reference and
less than 1 otherwise.

3.1.2 BLEU Score Interpretation. : BLEU score above 0.30 gener-
ally indicates that the generated text is understandable, while
score exceeding 0.50 suggests high fluency and quality [20].
This scale has been widely applied in various fields [15, 36, 53],
including software engineering [26, 33].

The BLEU score is sensitive to the chosen n-gram order.
While a 4-gram model is commonly used in standard evalu-
ations [20, 45], it may not always be suitable for all contexts.
Since the extracted inputs tend to be brief (median is 4), BLEU-
2 yields a more accurate reflection of text quality, consistent
with approaches used in similar research [33]. Therefore, our
analysis primarily relies on BLEU-2 for a more precise evalua-
tion of the generated outputs.

3.2 RQ1: Effectiveness of NLP in Extracting
Inputs

To answer this RQ, we adopt token classification approach [23].
In recent years, BERT based transformer models have been

widely used for token classification tasks [13, 55]. We investi-
gate the effectiveness of BERT in extracting user input com-
mands from unstructured bug reports.

3.2.1 Dataset. As our dataset has empty input commands, i.e.,
bug reports that did not contain any user input commands,
we exclude them as they do not contribute to the command
extraction task and may introduce noise into the training pro-
cess. We end up with 149 data instances. The dataset was then
split into training (80%) and testing (20%) sets.

3.2.2 Model Configuration. We use bert-base-uncased version.
We fine-tune the model for a token classification task by uti-
lizing the Huggingface transformers library [22]. The primary
objective was to perform token classification specifically for
extracting user input commands from unstructured bug re-
ports. To achieve this, the model was trained to classify tokens
into two categories: ‘1’ (insider command) and ‘0’ (outside a
command). We use AdamW optimizer with a learning rate
of 2e-5. The model then trained over ten epochs with a batch
size of 16.

3.2.3 Results. We observe that the BERT model performed
very poorly. The BLEU-2 score in the test set greater than or
equal to 0.5 was only once (3.33%) and in the 0.3-0.5 range
only once again (3.33%), with no exact matches between pre-
dictions and ground truth. Manual inspection reveal that 40%
of time the model often failed to capture a single token in
the sequences, and rest 60% of the time either misclassified
command tokens or partially extracted commands.

We hypothesize that the primary issue is the small size of
our dataset, as tasks like command extraction typically require
large-scale data [40, 54]. Additionally, the model struggled
with complex command structures, such as multi-line com-
mands or those embedded within descriptive text, leading to
frequent errors.
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These results highlight BERT’s limitations in handling un-
structured bug reports with limited dataset and its inability
to generalize to unseen command formats. To address these
challenges, we explore generative language models [9], which
offer greater flexibility and can operate in zero-shot and one-
shot settings, enabling better generalization without extensive
fine-tuning.

3.3 RQ2: Effectiveness of Generative LLMs in
Extracting inputs

To answer this research question, We first design a prompt
to extract the input commands from the bug reports. After-
wards, we use the same prompt for all models to extract input
commands from bug reports.

3.3.1 Experiment Setup. We experiment with two distinct
prompting strategies — zero-shot and one-shot — to evaluate
the adaptability of LLMs to minimal-context tasks [17, 63, 69].
In the zero-shot setting, models are asked to complete tasks
without any examples, relying solely on their pre-trained
knowledge. In contrast, the one-shot approach provides a
single illustrative example within the prompt to guide the
model’s response. After preliminary testing and qualitative
assessment, we determined that the one-shot prompt led to
more structured and contextually accurate outputs. The final-
ized prompt design used in the experiments is detailed in
section 3.3.4.

We then provide all models with the exact same prompt for
each report and collect their responses alongside our manually
gathered command sequences.

3.3.2 Models Configuration. We experiment the performance of
three distinct open-source LLMs generative. We particularly
focus on open-source models as they are more transparent,
customizable, and accessible for research purposes. Below we
briefly explain the models:

LLaMA: We utilized the llama-3.3-70B model, Meta AI’s lat-
est iteration in the Llama series at the time of this experiment.
With its 70 billion parameters, this model excels in both zero-
shot and few-shot scenarios, demonstrating advanced reason-
ing skills and proficiency in handling knowledge-intensive
tasks [56]. Its balanced performance across diverse domains
makes it an ideal benchmark for general-purpose tasks.

Qwen:We employed the qwen2.5:32b-instruct version, a
32-billion parameter model developed by Alibaba’s AI re-
search team. Optimized specifically for instruction-following
tasks, Qwen demonstrates a strong ability to comprehend
task-oriented prompts and generate structured outputs that
align closely with user expectations [7]. Its design emphasizes
prompt adherence and logical task decomposition, making it
particularly suitable for procedural tasks [7].

Qwen-coder: We incorporated the qwen2.5-coder:32b vari-
ant, a specialized adaptation of the Qwen model fine-tuned
for programming and code-related tasks [32]. This variant
enhances the model’s capability in generating syntactically
accurate and semantically coherent code snippets, making it

an ideal candidate for tasks involving software development,
code analysis, and algorithmic reasoning [32].

3.3.3 Parameters. As generative LLM’s output may vary, we
set the temperature 0, so that the output varies least while
experimenting. We utilized Ollama platform for accessing
these models [43].

3.3.4 Prompt Design. The structure of our input command ex-
traction prompt is intended to mimic a real-world scenario
where a user is going through bug reports and finding the
exact command to replicate the bug report from the command
line. The prompt is shown as below:

Input Command Extractor Prompt

I will provide you with a Linux coreutils bug descrip-
tion that was reported by a developer in Bugzilla.
Your task is to determine the exact command(s) or test
case(s) required to reproduce the bug.
If a reproducible command or test case exists, write
only the command or test case. If no reproducible
command or test case is available, write None.

Example:
Input (Bug Description): A user reports that the ls
command incorrectly sorts filenames when using the
-v option. The issue occurs when filenames contain
both numbers and letters, leading to unexpected
sorting behavior.
touch file1 file2 file10 file20 ls -v
Output (Expected Response): touch file1 file2 file10
file20 ls -v

Here is the reported Bug Description: <
insert Bug Description >
Task: Given the above bug description, identify the
commands or test cases required to reproduce the
bug.

3.3.5 Results. The range of BLEU scores and their respective
count for the three different models using unigram, bigram,
trigram, and four-gram are shown in Table 2. Note here that
in some cases both the extracted command and human anno-
tated command were empty, e.g., there were no commands
in the bug report. The BLEU score is typically used for non-
empty text comparisons. As, theoretically, two empty strings
are treated as a perfect match, we consider the BLEU score in
such cases 1.

From Table 2, we can observe that Qwen performed slightly
better than LLaMA and Qwen-Coder. Considering BLEU-2,
in 62.62% cases Qwen has a score ≥ 0.5, while LLaMA and
Qwen-Coder achieve 55.34% and 56.8%. In the case of score
< 0.3, Qwen-Coder performs worst, with 38.35% scoring less
than 0.3.

We observe that LLaMA has 48 cases, Qwen has 81 cases
and Qwen-Coder has 67 cases where BLEU-2 score is exactly
1, i.e., the human annotation exactly matches with the model
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Table 2: BLEU Score Distribution Across Different Models.

Model Range BLEU-1
Count (%)

BLEU-2
Count (%)

BLEU-3
Count (%)

BLEU-4
Count (%)

< 0.3 74
(35.92%)

76
(36.89%)

77
(37.38%)

80
(38.83%)

LLaMA 0.3-<0.5 14 (6.8%) 16 (7.77%) 19 (9.22%) 20 (9.71%)

≥ 0.5 118
(57.28%)

114
(55.34%)

110
(53.4%)

106
(51.46%)

< 0.3 65
(31.55%)

66
(32.04%)

66
(32.04%)

69 (33.5%)

Qwen 0.3-<0.5 11 (5.34%) 11 (5.34%) 15 (7.28%) 13 (6.31%)

≥ 0.5 130
(63.11%)

129
(62.62%)

125
(60.68%)

124
(60.19%)

Qwen-
Coder

< 0.3 78
(37.86%)

79
(38.35%)

80
(38.83%)

82
(39.81%)

0.3-<0.5 9 (4.37%) 10 (4.85%) 11 (5.34%) 11 (5.34%)

≥ 0.5 119
(57.77%)

117
(56.8%)

115
(55.83%)

113
(54.85%)

extracted outputs. Out of these, in 38 cases all the models have
exact matches.

In 81 cases all 3 models have BLEU-score greater than or
equal to 0.5. In those 81 cases, the median of the input com-
mand to human annotation is 4, and the median of the input
command generated by LLaMA, Qwen, and Qwen-Coder are
respectively 5, 4, and 4. This is likely because when the mod-
els were able to extract correct commands, they were similar
to human annotations. On the other hand, in 38 cases all 3
models have BLEU-score less than 0.3. In those 38 cases, the
median to human annotation is 4, and the median to LLaMA,
Qwen, and Qwen-Coder are respectively 18, 0, and 0. This in-
dicates that when the models were incorrect, a) LLaMA likely
extracted a command that were dissimilar to the human anno-
tation, and b) Qwen and Qwen-coder likely predicted ‘None’
in majority of these cases.

3.3.6 Error Analysis. To understand the models’ errors, we
analyzed 38 instances where all three models had a BLEU
score below 0.30. We focus particularly on the LLaMA model,
as it produced fewer ‘None’ predictions, resulting in more
samples with interpretable text.

Two authors carefully examined the human-annotated in-
put commands and the LLM-generated commands. They em-
ployed thematic analysis to categorize the errors [52]. Specif-
ically, One author first examined the commands and identi-
fied initial themes, which were then evaluated and refined by
another author. They collaboratively discussed any inconsis-
tencies and reached a consensus to finalize the categorization.
Our analysis identifies three main error categories:
Correct Extraction but Different Wordings: There were 25
cases where the models generated slightly different variations
of the input command, rather than the exact wordings. In
those cases, while the models are technically correct, their
generated command wordings were different.
Failed Extraction: There are 10 cases where the models failed
to extract the input commands or test cases from the bug
report where the annotators perceived otherwise.
Subjectivity in Annotation: There were 3 cases where it was
not clear if the input commands or test cases were actually in

the bug report. Those cases where the model suggested that
there were likely input commands, however, annotators were
uncertain. Those are the cases, which further needed to be
verified by the domain experts.

Table 3 shows the examples of these errors.

4 Discussion and Future Scope
Our error analysis reveals several avenues for enhancing the
extraction of input commands from bug reports. Although our
study relies primarily on BLEU scores, future work should
integrate additional metrics—such as semantic similarity and
context-aware measures—to capture subtle phrasing varia-
tions and provide a more comprehensive evaluation. Refining
prompt design with dynamic, multi-stage approaches that
incorporate contextual feedback may further align model out-
puts with human annotations.

Another promising direction is the integration of domain-
specific knowledge. Our experiments indicate that models
sometimes struggle with implicit or context-dependent com-
mands; thus, fine-tuning on specialized datasets from diverse
software domains could enhance their understanding of com-
mand patterns and improve extraction accuracy.

Finally, addressing the challenges of annotation subjectivity,
where the presence of commands is ambiguous, may benefit
from continuous expert feedback during training and evalua-
tion. Broadening the evaluation framework to encompass bug
reports from different domains and languages—and explor-
ing hybrid approaches that blend rule-based heuristics with
LLM outputs—will likely lead to more robust, context-aware
command extraction systems and more effective debugging
in real-world software development environments.

5 Related Work
Our work builds upon and extends previous research in
two main areas: extracting structured information and how
Prompt-based techniques for information extraction from bug
reports. Below we discuss them.
Extracting Structured Information from Bug Reports: Extract-
ing information from bug report has been a matured research
area [8, 65]. Prior work has leveraged neural language tech-
niques for bug report analysis, developing automated tools
and frameworks that enhance bug identification and reduce
manual effort significantly. Bettenburg identified which ele-
ments in bug reports are most valuable to developers [8]. Key
advances include Rastkar et al.’s and Mani et al.’s work on au-
tomatic summarization of bug reports [41, 49]. Chaparro et al.
developed methods for detecting missing information in bug
descriptions [11, 12], while Imran et al. introduced techniques
for finding missing information from bug reports [34]. Feng et
al. analyzed secure device vulnerabilities through NLP-based
techniques [25]. Zhu et al. proposed a graph-based neural
model for automated bug localization with bug report de-
composition and code hierarchical network [70]. Zhao et al.
developed a tool that extract S2R from bug reports [67]. Ci-
borowska et al. proposed a BERT-based technique for bug
localization [14]. Ouedraogo et al. proposed an appraoch for
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Table 3: Example of Errors

Error Type Description Input Command LLaMA Output

Correct Extrac-
tion but Differ-
ent Wordings

coreutils-9.3 brought changes to the be-
havior of the -v option which broke some
of my automation scripts [...] Instead
they only output this information with
–debug [...]

1. cp -v -u <source> <destina-
tion>
2. mv -v -u <source> <destina-
tion>

1. cp -u -v file1 file2
2. mv -i -v file3 file4
3. cp -u -v –debug file1 file2
4. mv -i -v –debug file3 file4

Failed Extrac-
tion

(1) You mounted two partititions
(2) You unmount the /mnt (formatted
with ext3)
(3) mount mpath2 (you unmounted in
step 2) on /tmp/test/
(4) Now , you do df and expect this - [...]

1. mount /dev/mpath1
/tmp/test/umount /mnt
2. mount /dev/mpath2
/tmp/test/df

(None)

Subjectivity in
Annotation

command install sets wrong permissions
[..]
Actual results: -rwxr-xr-x 1 root [..]
Expected results: -rw-r–r– 1 root [..]

(None) 1. bash install
/home/vikram/Desktop/RPM-GPG-
KEY-AL-CAPCOM /etc/pki/rpm-
gpg/[...]

automatic test case generation after extracting relevant infor-
mation from bug reports [44].
Information Extraction from Bug Reports Through Prompt-
ing: Recent advances in generative LLMs have introduced
prompt-based techniques for bug report analysis. Feng et al.
proposed a technique to automatically reproduce the bugs
from bug reports through prompt engineering [24]. Plein did
a feasibility study with LLMs on test case generation from
bug reports [47]. Wen et al. analyzed static bug report warn-
ings [57]. Ahmed et al. experimented on how capable GPT-4
and GPT-3.5 are to fix hardware based security bugs [2]. Kang
et al. proposed a prompt based framework for bug reproduc-
tion [35]. Guan et al. introduced a knowledge-aware prompt-
ing framework that utilizes LLMs to generate test cases for
model optimization bug [28]. Paul et al. applied zero-shot
prompting technique using GPT-3.5-turbo for automatic pro-
gram repair and found that they don’t perform well [46].

Unlike those works, our empirical study specifically focus
on how good Open-source LLMs are on extracting input com-
mands from Linux Coreutils bug reports.

6 Threats to Validity
In this section, we discuss four types of threats, similar to prior
research related to LLM[30, 48].
Threats to Internal Validity: Data contamination significantly
threatens the internal validity of our study, as some of the bug
reports we utilized may already be present in the training data
of the evaluated LLMs.
Threats to External Validity: The study focuses on bug reports
from Linux coreutils, specifically those reported on Redhat
Bugzilla, which may limit the generalizability of our find-
ings. While the Linux coreutils bug reports are diverse and
complex, they represent only a subset of web application bug
reports. Additionally, different websites may have distinct
structures for bug reporting. In this study, we analyze bug
reports from just one platform (Redhat), which could affect
the performance of LLMs and limit the applicability of our
conclusions to other domains of bug reports. To address this

limitation, we include a diverse set of 250 bug reports, span-
ning various categories and difficulty levels, to strengthen the
robustness of our evaluation.
Threats to Construct Validity: We test the models in a one-
shot setting, without additional fine-tuning or iterative inter-
actions. This approach may not fully utilize the models’ capa-
bilities, as fine-tuning or interactive prompting could enhance
performance on specific tasks. To address this limitation, we
document all experimental procedures and make the scripts
used for data preprocessing and solution evaluation publicly
available, ensuring reproducibility and transparency.
Threats to Conclusion Validity: Our evaluation relies on the
data annotation phase and the prompt used to assess the per-
formance of the LLM. To minimize bias, we ensure that all
evaluations are conducted using the same prompt. Addition-
ally, we verify the manual data annotation by having two
different authors independently review the annotations.

7 Conclusion
Our investigation of LLPut demonstrates that generative
LLMs can effectively extract failure-inducing inputs from bug
reports without extensive training data compared to BERT-
based model, which performed poorly. The generative models
showed promising results, with Qwen achieving the highest
accuracy (62.62% outputs with BLEU-2 ≥ 0.5). Key challenges
identified include command wording variations, extraction
failures, and annotation ambiguity. These findings suggest
significant potential for integrating LLMs into bug reproduc-
tion workflows, reducing manual effort for developers. Future
work should focus on domain-specific knowledge integration,
refined prompting strategies, and hybrid approaches to fur-
ther improve extraction accuracy and reliability across diverse
software ecosystems.
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