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Abstract

Reproducibility is a cornerstone of scientific progress, yet its state in large lan-
guage model (LLM)-based software engineering (SE) research remains poorly
understood. This paper presents the first large-scale, empirical study of repro-
ducibility practices in LLM-for-SE research. We systematically mined and
analyzed 617 papers published between 2020 and 2025 across premier software
engineering, machine learning, and natural language processing venues, extract-
ing structured metadata from publications, repositories, and documentation.
Guided by four research questions, we examine (i) the prevalence of reproducibil-
ity smells, (ii) how reproducibility has evolved over time, (iii) whether artifact
evaluation badges reliably reflect reproducibility quality, and (iv) how publication
venues influence transparency practices. Using a taxonomy of seven smell cat-
egories: Code and Ezecution, Data, Documentation, Environment and
Tooling, Versioning, Model, and Access and Legal, we manually anno-
tated all papers and associated artifacts. Our analysis reveals persistent gaps
in artifact availability, environment specification, versioning rigor, and docu-
mentation clarity, despite modest improvements in recent years and increased
adoption of artifact evaluation processes at top SE venues. Notably, we find
that badged papers show fewer smells than unbadged ones, but because artifact
submission is voluntary this association reflects selection as much as any effect



of the badge itself. Motivated by these findings, we provide actionable recom-
mendations to mitigate reproducibility smells and introduce a Reproducibility
Maturity Model (RMM) to move beyond binary artifact certification toward
multi-dimensional, progressive evaluation of reproducibility rigor.

Keywords: Large Language Models (LLMs), Software Reproducibility,
Reproducibility Smell, Artifact Evaluation, Reproducibility Maturity Model

1 Introduction

Reproducibility is a core part of scientific inquiry, enabling independent verification
and extension of research findings [1, 2]. In software engineering (SE) research, repro-
ducibility enables independent verification of results, speeds up cumulative knowledge
building, and prompts trust in empirical evidence [3]. However, despite its impor-
tance, reproducibility remains a persistent challenge in modern machine learning
(ML) and natural language processing (NLP) research [4, 5]. This challenge is fur-
ther exacerbated in the context of large language models (LLMs), where rapidly
evolving frameworks, model dependencies, and legal or access restrictions can limit
experimental replicability [6, 7].

The integration of LLMs into SE workflows, ranging from code generation and bug
repair to test synthesis and program comprehension, has grown rapidly since the
emergence of foundation models such as GPT-4, Codez, and Code Llama [8-10]. This
widespread use has produced hundreds of publications exploring LLM-driven software
engineering techniques [11]. However, unlike traditional empirical SE research, LLM-
based studies often rely on closed-source models, volatile APIs, and non-standardized
prompts or hyperparameters, making experimental reproduction particularly diffi-
cult [12]. As a result, both the SE and ML communities have raised concerns about a
looming “reproducibility crisis” [4, 5, 13].

Reproducibility has long been a topic of concern in empirical SE research, well before
the rise of LLMs. Multiple studies have highlighted gaps between claimed and actual
reproducibility of SE experiments, stemming from inadequate artifact sharing, incon-
sistent environment specifications, lack of standardized benchmarks, and insufficient
methodological documentation [12, 14]. Unlike controlled laboratory sciences, SE
research often involves complex, multi-layered software ecosystems where dependency
mismatches, library deprecations, and undocumented preprocessing steps can lead
to results that are impossible to replicate, even when the research’s source code is
available. This has led to community initiatives such as artifact evaluation tracks,
reproducibility badges, and standardized packaging practices aimed at improving
transparency and reusability of research artifacts [15]. However, as argued by Sallou et
al. [12], true reproducibility for work with LLMs requires not just artifact availability
but also explicit methodological guidance and proper information disclosure.



Despite this growing concern, there is still no comprehensive, large-scale study sys-
tematically examining how reproducibility is practiced and enforced in LLM-for-SE
research. Prior work has either focused on reproducibility in general ML research [2, 4]
or on specific subareas of software engineering [15], leaving a gap at the intersec-
tion of these two domains. Moreover, while artifact evaluation initiatives in premier
SE venues have made notable progress [16, 17], their impact on LLM-based research
remains poorly understood.

This manuscript addresses this gap by presenting the first systematic, data-driven
investigation of reproducibility practices in LLM-for-SE research. We thor-
oughly analyzed 617 papers published between 2020 and 2025 across top SE, ML,
and NLP venues. Through a mixed-method approach, we designed and applied a repro-
ducibility smell taxonomy encompassing seven key categories: Code and FEzxecution,
Data, Documentation, Environment and Tooling, Versioning, Model, and Access and
Legal. We then manually annotated each paper to assess the prevalence of reproducibil-
ity smells and compared patterns across time periods. Additionally, we evaluated the
extent to which artifact evaluation badges serve as reliable indicators of reproducibility
quality. We additionally conducted a manual analysis of how reproducibility practices
evolved across publication venues over the years.

1.1 Contributions

The contributions of our work are:

® We provide the first comprehensive analysis of reproducibility practices in LLM-
for-SE research, revealing persistent reproducibility smells, such as access and
legal smells and code and execution smells.

® We examine how reproducibility has evolved over time and the co-occurrence of
the reproducibility smells.

® We investigate whether artifact evaluation badges reliably indicate reproducibility
quality.

® We analyze how publication venues and artifact evaluation processes influence
transparency and reproducibility.

® We provide actionable recommendations to mitigate reproducibility smells and
introduce a Reproducibility Maturity Model (RMM) to move beyond binary
artifact certification.

Our scripts and data associated with this work are publicly available in our replication
package [18].

1.2 Manuscript Organization

This manuscript is organized as follows. Section 2 provides background on Large
Language Models (LLMs) and their role in Software Engineering research. Section 3
outlines our research questions and the methodology used to address them. Section 4
presents the results for each research question. Section 6 offers an in-depth discus-
sion of temporal trends in reproducibility smells and examines how model openness
contributes to these challenges. Section 5 delivers actionable recommendations for



authors, reviewers, and publication venues to mitigate reproducibility issues, and
introduces the Reproducibility Maturity Model (RMM). Section 7 discusses threats
to validity. Section 8 reviews related work and compares our contributions within the
broader literature. Finally, Section 9 concludes the paper.

Note: Throughout this manuscript, we discuss widespread reproducibility problems
observed across the 617 LLM-for-SE papers analyzed in our study. These issues reflect
systemic patterns in the broader LLM-for-SE literature. However, we intentionally
do not name or single out any specific papers from our corpus when illustrating
these problems. Similar to prior critical reviews [19, 20], our goal is to merely high-
light structural challenges and foster community-wide improvements, not to criticize
individual researchers. However, we included the detailed data in our reproducibility
package.

2 Background

In this section, we provide a conceptual and technical overview of Large Language
Models (LLMs) and their role in Software Engineering (SE) research to understand
the challenges and opportunities surrounding their reproducibility.

2.1 Large Language Models (LLMs)

Large Language Models (LLMs) are deep neural networks trained on vast text
corpora using transformer-based architectures [21]. These models, such as GPT-4 [g],
LLaMA [22], and DeepSeek-V2 [23]|, demonstrate strong capabilities in understand-
ing and generating human-like language, enabling a wide range of tasks through
few-shot or zero-shot prompting [24]. LLMs have rapidly become foundational tech-
nologies in natural language processing (NLP), powering advances in text generation,
summarization, question answering, and even program synthesis.

Several open-source and commercial LLMs have been further trained and fine-tuned
for code-related tasks, such as code generation. These LLMs, also known as code
LLMs, are large language models specialized for understanding and generating source
code, enabling a wide range of programming and software engineering applications.
Notably, OpenAT’s Codex [9] was trained on GitHub code to power tools like GitHub
Copilot, enabling intelligent code completion and generation. Meta’s Code Llama
series [10] and Salesforce’s CodeGen [25] have followed similar trajectories, offering
LLMs optimized for programming languages.

2.2 LLMs in Software Engineering Research

The integration of LLMs into Software Engineering (SE) research has given rise to a
new field of inquiry (“LLM-for-SE”) where models are applied to automate, support,
or improve SE tasks [11]. Applications span the entire software lifecycle: requirements
engineering (e.g., intent extraction [26]), software design (e.g., UML generation [27]),
implementation (e.g., code synthesis [28]), testing (e.g., test case generation [29] and



summarization [30]), maintenance (e.g., bug fixing and documentation [31]), and even
project management (e.g., issue triage [32]).

Recent studies have shown promising results using LLMs for tasks such as code com-
pletion [33-35], code search [36], code summarization [37], and code generation [9].
However, these capabilities often depend heavily on prompt engineering, data quality,
and fine-tuning strategies, all of which can vary significantly across implementations,
making it challenging to reliably reproduce research results.

3 Methodology

In this section, we outline the methodology we followed to answer our research
questions. Figure 1 provides an overview of the methodology of our work.

3.1 Research Questions
We answer four research questions in this work:

RQ1 What types of reproducibility smells are most prevalent in LLM-for-
SE research?

This RQ investigates the common patterns of poor reproducibility prac-
tices (henceforth, “reproducibility smells”) present in published LLM-for-SE
studies. Identifying prevalent reproducibility smells provides a foundation for
understanding systemic weaknesses in current reproducibility practices.

RQ2 How has the reproducibility of LLM-for-SE research evolved over
time?
This research question examines temporal trends in reproducibility, focusing
on whether more recent studies adopt improved practices compared to earlier
work. We examine changes in documentation quality, artifact availability, and
adherence to reproducibility checklists to determine whether the field is moving
toward more open and verifiable research.

RQ3 Do artifact evaluation badges reliably correspond to fewer repro-
ducibility smells?

This RQ investigates whether papers awarded artifact evaluation badges
exhibit stronger reproducibility characteristics in practice. Specifically, we com-
pare the prevalence of reproducibility smells in papers with badges and examine
whether badges serve as a reliable proxy for replication readiness, i.e., fewer
reproducibility smells.

RQ4 How do software engineering research venues ensure that published
studies are reproducible?

This RQ investigates the role of conferences and journals in enforcing repro-
ducibility standards. It examines the presence and effectiveness of artifact
evaluation tracks, reproducibility badges, mandatory dataset or code submis-
sion requirements, review guidelines, and the evolution of review guidelines
over time.
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Fig. 1 Methodology Overview.

3.2 Paper Selection

To answer our RQs, we need to collect papers on large language models in software
engineering (i.e., works on LLM-for-SE). To establish a foundation, we first reviewed
the set of papers analyzed in the recent systematic literature review by Hou et al.
[11]. Since that review covered studies published between January 2017 and January
2024, we further expanded the corpus to include more recent work, ensuring that
emerging trends in LLM-for-SE research were represented. The resulting dataset com-
prises a comprehensive collection of relevant papers spanning both pre-2024 (i.e.,
those included in Hou et al. [11]) and post-2024 publications. Table 2 presents the
year-wise distribution of the LLM-for-SE papers collected for this study.

3.2.1 Pre 2024 Papers

To understand reproducibility practices in published LLM-for-SE, we examined 394
papers' from a systematic literature review on the use of LLMs in software engineering
research [11]. This literature review collected papers published from January 2017

1 Originally, there were 395 papers and one of the papers was retracted.



to January 2024 from a combination of manual searches in top software engineer-
ing venues (e.g., ICSE, ESEC/FSE, ASE, ISSTA, TOSEM, and TSE) and automated
searches across major digital libraries, including IEEE Xplore, ACM Digital Library,
ScienceDirect, Web of Science, Springer, arXiv, and DBLP. Moreover, this prior liter-
ature review also conducted backward and forward snowballing to identify additional
relevant studies through reference lists and citations, ensuring both breadth and depth
of coverage. Although their initial search covered papers published between 2017 and
2024, the final set of included papers spanned 2020 to 2024, after applying the inclusion
and exclusion criteria summarized in Table 1.

Table 1 Summary of the Inclusion and Exclusion Criteria Used by Hou et al. [11]

Inclusion Criteria Exclusion Criteria

E1 Short articles (less than 8 pages)

E2 Duplicated articles

E3 Position papers, tool demo papers, keynotes, editorials, reviews,
tutorials, panel discussions, grey publications, workshop papers, or
doctoral symposium papers.

E4 Studies not in English

E5 Article uses LLMs but does not describe the employed techniques.

I1 Written between January
2017 — January 2024

I2 Focused on a Software Engi-
neering (SE) task

I3 An LLM is used for an SE task
I4 Full text is available

3.2.2 Post 2024 Papers

For studies published in or after 2024, we focused on the papers published in the
research track of the top three (A*) software engineering conferences ranked by
the CORE Conference Ranking?: International Conference on Software Engineering
(ICSE), International Conference on Automated Software Engineering (ASE), and
International Conference on the Foundations of Software Engineering (FSE). This
selection guarantees that all included papers meet the public accessibility requirement
(inclusion criterion I14) and do not meet any of the exclusion criteria listed in Table 1.
To verify the remaining inclusion criteria (i.e., I2 and I3), we manually reviewed
the full texts of the technical-track papers accepted at ICSE 2025, FSE 2025, and
ASE 2024. Through this process, we identified 91, 61, and 71 papers, respectively,
that employed LLMs for software engineering tasks. As the earlier corpus was inher-
ited from Hou et al. ’s broader review [11], while our post-2024 extension is limited
to ICSE, FSE, and ASE, the sampling frame becomes narrower over time. Thus, the
lower paper counts after 2023 reflect this change in coverage rather than a decline in
LLM-for-SE research.

3.3 Reproducibility Smell Analysis

After merging the papers collected pre-2024 and post-2024, we obtained a total of
617 papers. To systematically evaluate the reproducibility of LLM-for-SE works, we
conducted a structured analysis of each of these 617 selected papers, focusing on
the key dimensions that affect experimental replication and verification. As part of
this process, we developed a reproducibility smell taxonomy to categorize and

Zhttps://portal.core.edu.au/conf-ranks/
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Table 2 Year-wise distribution of papers.

Year Number of Papers List of Papers

2020 7 [38-44]
2021 13 [45-57]
2022 56 [58-113]
2023 272 [114-385]
2024 117 [386-502]
2025 152 [503-654]

quantify recurring issues that hinder reproducibility in LLM-for-SE research. Our
taxonomy draws conceptual inspiration from Hassan et al. ’s systematic literature
review of reproducibility debt in scientific software [655], which identified seven broad
categories of issues (data-centric, code-centric, documentation-centric, process-centric,
human-centric, legal, and version-centric) and provided a high-level organization of
reproducibility-related technical debt across computational sciences.

However, Hassan et al. [655]’s framework was designed to characterize reproducibil-
ity challenges in general scientific software, predating modern LLM-based workflows.
Moreover, it does not cover LLM-specific sources of reproducibility flaws, such as
undocumented prompts, stochastic inference behavior, model drift, closed-source mod-
els and APIs, missing temperature/seed settings, or the unavailability of training data
and model weights [12]. To adapt their conceptual structure to the LLM-for-SE con-
text, we replaced their Human-Centric Issues category with a new category (Model
Smells) because human factors could not be reliably inferred from our corpus and
because LLM-driven research introduces fundamentally new reproducibility risks tied
to model behavior rather than researcher actions. Furthermore, we refined the defi-
nitions of remaining categories (e.g., documentation-, data-, and tool-centric smells)
to reflect LLM-specific artifacts such as prompt templates, fine-tuning configurations,
API parameters, and model sourcing.

As shown in Table 3, our taxonomy extends Hassan et al. [655]’s foundation by trans-
lating domain-agnostic reproducibility-debt categories into an LLM-aware, SE-specific
taxonomy that captures reproducibility pitfalls distinctive to LLM-for-SE research.
These extensions capture issues that the original taxonomy would miss: a number
of papers exhibit smells detectable only through the LLM-specific indicators we add
(e.g., missing prompt templates, unreported inference parameters, and unreleased
fine-tuned weights) and that would go unrecorded under the original definitions. To
our knowledge, this is the first systematic, domain-tailored characterization of repro-
ducibility smells for the LLM-for-SE landscape. Table 9 further summarizes how our
taxonomy differs from the reproducibility-debt categories proposed by Hassan et al.
[655].

3.3.1 A Taxonomy of Reproducibility Smells

Our taxonomy has seven categories, each of which is described below, along with the
corresponding detection approach used to identify the smell in papers.



Table 3 Relation of our taxonomy to prior reproducibility-debt categories and the provenance of
each smell. “Extended” categories retain the original intent but add LLM-specific indicators;
“redefined” replaces a judgment-based criterion with an observable rule.

Hassan et al. [655] Owur treat- Change in our taxonomy Source(s)

category ment

Code-centric Retained, Operationalized as Code and FExe- Hassan et al. [655];

extended cution; adds runnable entry points, Sallou et al. [656];
complete experimental scripts, and author-derived opera-
LLM/API-related execution constraints. tionalization
Data-centric Retained, Adds stable dataset identifiers, pre- Hassan et al. [655];
extended processing availability, dataset versions, Sallou et al. [656];
and LLM-specific concerns such as author-derived opera-
evaluation-data contamination. tionalization

Documentation- Redefined Replaces a subjective sufficiency judg- Hassan et al. [655];

centric ment with a three-level observable scale: author-derived opera-
present with information, limited infor- tionalization
mation, or not present.

Process-centric Absorbed Its observable elements are incorporated Hassan et al. [655];
into Code and Execution and Environ- author-derived map-
ment and Tooling. ping

Human-centric Replaced by Human factors are difficult to infer reli- Hassan et al. [655];

Model Smells ably from published artifacts; we instead Sallou et al. [656];
capture observable model-specific omis- author-derived LLM-
sions such as prompts, inference set- specific category
tings, fine-tuning hyperparameters, and
released weights.

Legal Retained, Extends licensing and accessibility checks Hassan et al. [655];

extended to models, APIs, datasets, and their author-derived LLM-
redistribution or reuse restrictions. specific extension

Version-centric Retained, Adds resolvable model identifiers, check- Hassan et al. [655];

extended point or release information, dated API Sallou et al. [656];
versions, repository commits, and dataset author-derived opera-

versions.

tionalization

Code and Execution Smells.

This type of smell occurs when the paper’s experimental artifacts lack a runnable,
complete, or accessible implementation needed to replicate results [655]. This includes
missing code repositories, private or inactive links, incomplete scripts (e.g., missing
entry points), or a lack of runnable pipelines. These smells reduce construct validity by
preventing external verification of claims and are exacerbated when models or APIs
are closed-source or evolve over time [656].

® [dentifying code and execution smells:
A Code and Execution smell is recorded only if at least one of: (i) no link to
a source-code repository is provided in the paper; (ii) the linked repository is
private, inaccessible, or returns an error at the time of review; (iii) no runnable
entry point (e.g., script, notebook, Makefile target, shell command) exists for
reproducing the reported experiments; or (iv) scripts referenced in the paper
(e.g., training, evaluation, preprocessing) are absent from the repository. This
information was collected by manually opening each repository and inspecting
directory structures and execution instructions.

Data Smells.

A data smell arises when the paper poorly documents the datasets it used or when
these used datasets are unavailable, proprietary, or lack stable references such as DOIs,



dataset URLSs, or version numbers [655]. Missing preprocessing details, vague dataset
descriptions, or reliance on evaluation data with potential leakage from pretraining
exacerbate this issue [656].

e [Identifying data smells: A Data smell is recorded only if at least one of: (i) no
persistent identifier (DOI, stable dataset URL, or versioned repository link) is
given for any dataset used; (ii) a dataset is proprietary or access-restricted with
no public alternative or sample provided; (iii) no dataset version, release, or
snapshot date is specified; or (iv) preprocessing or filtering steps applied to the
raw data are undocumented and no preprocessing script is provided.

Documentation Smells.

A documentation smell is present when methodological descriptions or replication
instructions are insufficient, vague, or fragmented. This includes missing or incomplete
README files, lack of usage examples, or absence of clear guidance for replicating
experiments [655].

e [dentifying documentation smells: These smells were identified by examining
both the paper’s methodology section and its associated documentation (e.g.,
README files, Wiki pages, or tutorials) for the file structure, execution steps,
and dependencies needed to reproduce the reported results. Rather than judging
whether the documentation was simply “sufficient”, we coded each artifact on a
three-level scale: present with information (documentation covers structure, exe-
cution, and dependencies well enough to run the artifact), limited information
(documentation exists but is incomplete or omits at least one of these), or not
present (no usable documentation). We recorded a documentation smell when-
ever the coding was ltmited or not present, making the partially-documented case
an explicit smell rather than a discretionary call.

Environment and Tooling Smells.

An environment and tooling smell occurs when system dependencies, software
environments, or hardware requirements are missing, incomplete, or ambiguous [655].
This includes lack of requirements.txt, environment.yml, or Dockerfile, unspec-
ified CUDA or Python versions, or absence of containerization information.

o [dentifying environment and tooling smells: An Environment and Tooling smell
is recorded only if at least one of: (i) no dependency specification file (e.g.,
requirements.txt, environment.yml, Dockerfile) is present; (ii) the depen-
dency specification omits explicit versions for core packages (Python, CUDA,
key libraries); (iii) no containerization or virtual-environment mechanism is pro-
vided; or (iv) hardware requirements (e.g., GPU type/count, memory) needed
for training or fine-tuning are unreported.

Versioning Smells.

A versioning smell is detected when datasets, models, or software dependencies
are not associated with explicit version identifiers [655]. This includes unpinned
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package versions, untagged commits, use of floating versions like “latest,” or absent
version metadata for models. Lack of versioning severely impacts reproducibility, espe-
cially in rapidly evolving LLM environments where model behavior can drift over
time [656].

® [dentifying versioning smells: A Versioning smell is recorded only if at least one
of: (i) a dataset, model, or software dependency is referenced only by a floating
label (e.g., “latest,” an unpinned major version) rather than a specific version,
tag, or commit; (ii) no commit hash, release tag, or dated snapshot is given for the
code repository; (iii) a model is referenced only by family name (e.g., “GPT-4")
without a checkpoint, release date, or API version resolving to a specific model
state; or (iv) a dataset used lacks an explicit version identifier.

Model Smells.

As our focus is on using LLMs in software engineering, we introduced the category
of model smells to capture issues unique to LLM research. A model smell captures
a lack of access to model weights or checkpoints, missing prompt templates, missing
details on inference parameters (e.g., temperature, top-k, top-p), or missing fine-
tuning hyperparameters.

o [dentifying model smells: A Model smell is recorded only if at least one of: (i) no
prompt template or prompt file is retrievable from paper or artifact for a prompt-
ing study; (ii) no inference parameters are reported for a generative study; (iii)
no fine-tuning hyperparameters are reported for a fine-tuning study; or (iv) the
fine-tuned weights are not released for the trained model. The inference criterion
is scoped to sampling-based generative inference, as encoder models expose no
such parameters. The related case of an unresolvable model identifier (e.g., gpt-4
with no dated version) is coded under Versioning smells, not Model smells.

Access and Legal Smells.

An access and legal smell occurs when experimental artifacts (code, datasets,
models) are restricted by licenses, behind approval walls, or have ambiguous usage
terms [655]. This includes proprietary APIs, restrictive model licenses, institutional
access barriers, or a lack of clear licensing statements.

o Jdentifying access and legal smells We investigated legal and accessibility barri-
ers by checking whether the artifacts (datasets, models, code) were subject to
restrictive licenses or hosted behind access requests. An Access and Legal smell
is recorded only if at least one of the following holds: (i) no license file or licens-
ing statement is present for any released code, dataset, or model artifact; (ii) any
code, dataset, or model artifact requires an access request, paid subscription, or
institutional affiliation to obtain; (iii) the study relies on a proprietary or closed-
source model or API without a publicly available, redistribution-permitting
license for that dependency; or (iv) usage terms explicitly restrict redistribution,
reuse, or derivative work for any artifact reported as used.

11



3.4 Answering RQ1 & RQ2: Taxonomy-Guided Paper Analysis

Each paper was manually coded according to the taxonomy, and smell frequencies
were aggregated to identify the most prevalent reproducibility barriers in current
LLM-for-SE research to answer RQ1. We further analyzed the temporal evolution of
these smells on a yearly basis to answer RQ2, enabling us to observe how specific
reproducibility barriers have changed over time.

Annotation procedure and reliability.

We annotated the corpus in two stages. First, two authors (with five and one year
of experience in conducting software engineering research) independently worked
through a shared calibration set of 50 papers from Hou et al. [11]. When disagree-
ments revealed an unclear rule, we revised the rule and revisited affected papers rather
than simply changing individual labels. Once the codebook was stable, we froze it and
used it for the remaining annotations. We resolved disagreements through discussion
based on the frozen rules, and the last (senior) author, with over 10 years of artifact-
evaluation experience at major software engineering venues, adjudicated unresolved
cases. Since the Documentation and Model criteria changed the most during calibra-
tion, we also measured how much those revisions affected the labels. We compared
the pre- and post-revision annotations on a stratified sample of 128 papers (20.0%
of the corpus), with extra coverage of Documentation and Model cases. Agreement,
measured using Cohen’s x [657], was substantial to almost perfect for five categories
(k = 0.795-0.930), but lower for Documentation (k = 0.515) and Model (x = 0.198).
The disagreements were strongly one-sided: the revised rules identified 18 additional
Documentation cases and 52 additional Model cases, compared with only 2 and 3 cases
in the opposite direction. This suggests that the original rules were too narrow rather
than that the annotations were inconsistently applied. Thus, we refined both criteria,
re-annotated the full corpus, and report only the revised labels in Section 4.

3.5 Answering RQ3: Artifact Badge and Reproducibility
Assessment

To answer RQ3, we systematically examined whether artifact evaluation badges are
indicative of stronger reproducibility practices in LLM-for-SE research. Many pre-
mier software engineering venues (e.g., ICSE, FSE, ASE) award artifact badges in
accordance with ACM or IEEE standards. For example, the ACM’s reproducibil-
ity badge system [658] has the following badges: i.e., Artifact Available, Artifact
Evaluated—Functional, Artifact Evaluated—Reusable, and Results Reproduced. IEEE fol-
lows a nearly similar badging system [659, 660], including badges such as Open
Research Objects (ORO) (Available), Research Objects Reviewed (ROR), Results Repro-
duced (ROR-R), and Results Replicated (RER). These badges are intended to signal
robustness and accessibility of research artifacts.

For each of the 617 papers in our study, we manually inspected official conference
proceedings websites, artifact evaluation pages, and paper web pages to record whether
an artifact evaluation badge was awarded. When applicable, we also recorded the
specific badge type (e.g., Available, Functional, Reusable).
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We mapped badge information to reproducibility smells to compare their distributions
across all categories (e.g., code and execution, environment and tooling, model, ver-
sioning, data, documentation, access, and legal). We inspected whether badge-awarded
papers exhibit fewer or less severe smells, and whether particular smell categories are
still present despite artifact recognition.

3.6 Answering RQ4: Publication Venues

We examine reproducibility practices in the call for papers to understand how venues
are enforcing (or not) replication artifacts in published LLM-for-SE works.

3.6.1 Selecting Publication Venues for Reproducibility Analysis

To ensure broad and representative coverage of the LLM-for-SE research landscape,
we selected a diverse set of publication venues spanning top-tier software engineering,
machine learning, and natural language processing communities to answer RQ4. The
venue selection was guided by three key principles: (i) inclusion of high-impact
venues based on the CORE ranking system, (ii) representation of both conference
and journal publications, and (iii) inclusion of preprint platforms to capture
rapidly evolving research.

We categorized venues into three main groups: SE venues, ML & NLP Venues, and
preprint platforms.

Software Engineering Venues

Core SE publication venues were prioritized, including both A and A*-ranked
conferences and journals. These include:

® Journals: ACM Transactions on Software Engineering and Methodology
(TOSEM), IEEE Transactions on Software Engineering (TSE), Journal of Sys-
tems and Software (JSS), Empirical Software Engineering (EMSE), Information
and Software Technology (IST).

e Conferences: International Conference on Software Engineering (ICSE), Inter-
national Conference on Automated Software Engineering (ASE), International
Conference on the Foundations of Software Engineering (FSE), IEEE Inter-
national Conference on Software Maintenance and Evolution (ICSME), Inter-
national Symposium on Software Testing and Analysis (ISSTA), International
Conference on Software Analysis, Evolution and Reengineering (SANER), Inter-
national Conference on Program Comprehension (ICPC), Mining Software
Repositories Conference (MSR), International Symposium on Empirical Software
Engineering and Measurement (ESEM), International Conference on Evaluation
and Assessment in Software Engineering (EASE), IEEE International Confer-
ence on Software Testing, Verification and Validation (ICST), IEEE International
Symposium on Software Reliability Engineering (ISSRE), IEEE International
Conference on Software Architecture (ICSA).
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These venues represent the main outlets for software engineering research and are
frequently used for reporting empirical studies, tool evaluations, and engineering-
focused LLM applications.

ML and NLP Venues

To capture research at the intersection of LLMs and SE, we also included leading ML
and NLP conferences:

® Conferences: Conference on Neural Information Processing Systems
(NeurIPS), International Conference on Machine Learning (ICML), Conference
on Empirical Methods in Natural Language Processing (EMNLP), AAAI Con-
ference on Artificial Intelligence (A AAI), International Conference on Learning
Representations (ICLR), Conference on Learning Theory (COLT), International
Joint Conference on Artificial Intelligence (IJCAI), International Conference on
Principles of Knowledge Representation and Reasoning (KR), Annual Meeting of
the Association for Computational Linguistics (ACL).

These venues often publish foundational work on LLM architectures, training meth-
ods, prompt engineering, and model evaluation that can be applied to SE tasks.

Pre-print Platforms

Given the rapid pace of development in LLM research, many influential works appear
first as pre-prints before formal peer review. We therefore included arXiv as an
additional source of recent and emerging studies.

3.6.2 Reproducibility Practices Analysis

To answer RQ4, we systematically analyzed the aforementioned publication venues’
calls for papers and websites from 2020 to 2025 (i.e., the same year range as our
617 studied papers) to understand how institutional policies and review processes
shape reproducibility practices in LLM-for-SE research. For each venue, we checked
whether it provides a formal artifact evaluation track or equivalent mechanism, sup-
ports or requires reproducibility badges (e.g., artifact available, artifact evaluated,
results reproduced), mandates code or dataset availability as part of the publication
process, and includes explicit review guidelines or checklists addressing reproducibility
and transparency.

4 Results

This section presents the findings of our study, highlighting the prevalence, character-
istics, and temporal evolution of reproducibility smells in LLM-for-SE research. Fur-
thermore, we discuss artifact evaluation badges’ reliability in terms of reproducibility
smells as well as the reproducibility practices for publication venues.
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4.1 RQ1: Prevalence of Reproducibility Smells
4.1.1 Reproducibility Smells Distribution

Table 4 summarizes the overall distribution of reproducibility smells across all the 617
analyzed LLM-for-SE papers. Our updated analysis shows that versioning smells
are the most prevalent category, occurring in 44.4% of papers. These issues arise from
unpinned dependencies, missing dataset or model identifiers, vague version references,
or incomplete specification of software stacks, highlighting persistent challenges in
ensuring stable and repeatable execution.

Access and legal smells are the second most common (39.2%), indicating that
a portion of studies impose barriers to reproducibility through restrictive licenses,
unavailable models or datasets, or unclear usage permissions. Model smells are also
widespread, appearing in 32.9% of papers, often rooted in missing model weights,
non-disclosure of prompts or inference parameters.

Table 4 Reproducibility Smells Distribution.

Reproducibility Smell # Papers % Papers

Access and Legal 242 39.2%
Code and Execution 161 26.1%
Data 51 8.3%
Documentation 56 9.1%
Environment and Tooling 118 19.1%
Model 203 32.9%
Versioning 274 44.4%

No Smells 94 15.2%

Code and execution smells are also common, appearing in 26.1% of papers, often
rooted in missing or non-runnable code, missing execution steps, or incomplete scripts.
Environment and tooling smells appear in 19.1% of papers, pointing to incom-
plete environment specifications, missing configuration files, or insufficient details
about required hardware or frameworks. Documentation smells is one of the least
common (9.1%), suggesting that most papers provide at least a basic methodological
description. However, documentation alone is insufficient to achieve full reproducibility
when accompanied by execution, access, or versioning barriers. Data smells (8.3%)
occurs less frequently, but still reflect gaps in dataset accessibility.

Finally, only 15.2% of papers exhibited no reproducibility smells, demonstrating
that reproducibility challenges are widespread across LLM-for-SE research. These
findings highlight that while many papers offer some level of documentation or arti-
facts, significant obstacles remain—particularly regarding version transparency, access
constraints, and reliable execution paths.

15



4.1.2 Pairwise Associations and Co-occurrence of Reproducibility
Smells

Our co-occurrence analysis shows that several reproducibility smell categories tend
to appear together, as shown in Figure 2. For example, among the 242 papers with
Access and Legal smells, 47.1% (114 papers) also exhibit Versioning smells. This
suggests that access and versioning problems often affect the same artifacts, creating
multiple barriers to reproduction at once.

Code and Execution Smells
(161)

Environment and Tooling Smells

o a1s)
Model Smells 70
(203) 5
"o
v 94

3 @

38

Versioning Smells
(274)

Access and Legal Smells >
(242)

Documentation Smells
(56)

Data Smells
(51)

Fig. 2 Co-occurrence network of reproducibility smells.

A similar pattern appears between Access and Legal and FEnvironment and
Tooling: 28.9% (70 of 242) of papers with access-related issues also lack suffi-
cient environment specifications. Likewise, Code and Execution smells frequently
co-occur with Data smells (31.7%, 51 of 161) and Environment and Tooling
smells (23.0%, 37 of 161). These patterns show that problems with runnable code,
data availability, and environment specification often occur together rather than in
isolation.

To quantify the strength of these relationships, we compute pairwise lift and ¢-
coefficients, with 95% confidence intervals obtained from 2,000 bootstrap resamples.
The strongest positive association is between Code and Ezecution and Data (lift
~ 3.83, ¢ ~ 0.51, CI [0.44,0.56]), followed by Documentation and Environment
and Tooling (lift ~ 3.55, ¢ ~ 0.39). We also observe elevated associations for Data—
Model (lift = 1.91, ¢ ~ 0.19), Code and Execution—Model (lift ~ 1.57, ¢ ~ 0.24),
and Access and Legal-Environment and Tooling (lift = 1.51, ¢ ~ 0.20).

Importantly, the associations are not uniformly positive or elevated. They range
from a significant negative association between Access and Legal and Code and
Ezecution (¢ =~ —0.28, CI [-0.35,—0.22]) to the strong positive Code and Exe-
cution—Data association (¢ ~ 0.51), while several weaker pairs are statistically
indistinguishable from independence. For example, Documentation—Model has a
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lift of approximately 1.25, but its confidence interval ([0.88,1.64]) spans the null,
so we do not treat it as a substantive association. This is especially important for
Documentation, which appears in only 56 papers (9.1% of the corpus), making lift
estimates involving this category less stable.

This uneven pattern also helps distinguish substantive association from simple con-
struct overlap. If the smell categories were merely difficult to tell apart, we would
expect broadly elevated associations across many pairs. Instead, some pairs are
strongly positive, some are weak or indistinguishable from independence, and at
least one is significantly negative. Moreover, categories that might appear conceptu-
ally close, such as Documentation and Environment and Tooling, are not the
strongest pair; the strongest association is between Code and Execution and Data.
This pattern is more consistent with selective coupling between reproducibility failures
than with systematic overlap between the category definitions.

We further examine this possibility using cluster validation on the full 617 x 7 binary
smell matrix. Because the data are binary, we use k-modes [661] and hierarchical
clustering with Jaccard distance rather than k-means. We select the number of clusters
independently using the silhouette score [662] and the gap statistic [663]. The two
criteria favor different levels of granularity: hierarchical clustering peaks at k = 9
with a silhouette score of approximately 0.49, while k-modes peaks at k = 8 with a
score of approximately 0.52; the gap statistic instead favors a coarser k = 3 solution.
Across the tested range, silhouette values remain moderate (0.26-0.52), suggesting
some structure but no sharply separated set of clusters. Consistent with this, only 57
of the 128 possible binary smell combinations appear among the 617 papers.

The resulting clusters nevertheless align with several of the stronger pairwise patterns.
At k = 8, two of the largest profiles are Code-and-Execution/Model/Versioning (94
papers) and Access-and-Legal /Versioning (109 papers). This alignment is consistent
with the stronger pairwise associations reflecting related reproducibility failures rather
than only overlap in category definitions. At the same time, the disagreement between
the clustering criteria and the moderate silhouette scores caution against treating
these profiles as sharply defined types of papers. We therefore interpret the strongest
co-occurrences as evidence of substantive association, while remaining conservative
about weaker relationships and the broader cluster structure.

4.2 RQ2: Temporal Trends in Reproducibility Over Time

Figure 3 presents the temporal distribution of reproducibility smells across publication
years from 2020 to 2025. Across this six-year period, reproducibility issues remain
widespread, with notable variation in their prevalence and patterns.

Overall, code and execution smells remain one of the most frequent categories,
though their prevalence shifts meaningfully over time. In 2020, only 1 out of 7 papers
(14.3%) exhibited this smell. The count rises sharply to 18 papers (32.1%) in 2022
and reaches its peak in 2023 with 99 papers (36.4%). Afterward, this category
declines to 21 papers (17.9%) in 2024 and 20 papers (13.2%) in 2025, suggest-
ing gradual improvements in pipeline reproducibility and toolability. To characterise
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where artifacts are hosted, a dimension distinct from whether a link resolves, we
classify the hosting type of each linked artifact rather than re-annotating the smell
taxonomy around it. Of the 617 papers, 401 (65.0%) host on a developer platform
(GitHub, GitLab, or Hugging Face); 71 (11.5%) use an archival, DOI-issuing repos-
itory (Zenodo, Figshare, OSF, or Mendeley Data); 40 (6.5%) rely on personal or
ephemeral hosting (institutional or personal pages, cloud-drive links, or, in 13 cases,
anonymous .4open.science, a service intended for temporary double-blind review
rather than permanent archival); and 105 (17.0%) provide no link at all.

Temporal distribution of reproducibility smells
(proportions, Wilson 95% CI)
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Fig. 3 Temporal distribution of reproducibility smells across years, shown as proportions with Wil-
son 95% confidence intervals (small multiples, one panel per category).

Figure 3 reports proportions rather than raw counts because the number of papers
varies across years (n =7, 13, 56, 272, 117, and 152 for 2020-2025). Each panel also
marks the 2022/2023 boundary used in the interrupted time-series analysis.

To distinguish real temporal change from sampling noise, we use the Cochran—
Armitage test for trend [664, 665], which is designed to detect monotone changes in
proportions across ordered groups. The test identifies significant trends for three cate-
gories: Access and Legal increases over time (z = 2.67, p = 0.008), while Code and
Ezxecution (z = —3.95, p = 0.0001) and Model (z = —2.17, p = 0.030) decrease.
The remaining four categories do not show a significant monotone trend.

We also test for a break at 2022/2023, roughly corresponding to the wider adoption
of chat-based LLM APIs. With only six yearly observations, we treat this result as
suggestive. Only Model smells show both a significant level shift (p = 0.020) and
slope change (p = 0.007); Documentation shows a weaker slope change (p = 0.044).
No other category shows a clear break, suggesting that most changes are gradual
rather than tied to a single transition point.
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Finally, prompt- and inference-related Model smells apply to 558 of 617 papers
(90.4%), while fine-tuned-weight-release checks apply to 310 papers (50.2%). The
remaining six categories apply to the full corpus.

Access and legal smells show a clear upward trend over time. From 4 papers
(57.1%) in 2020, the count rises steadily, reaching 58 papers (49.6%) in 2024 and
70 papers (46.1%) in 2025. This persistent growth signals increasing barriers due to
licensing restrictions, proprietary data, and model access constraints.

Versioning smells follow a similar trajectory. Nearly absent in 2020 (1 paper,
14.3%), the category rises to 8 papers (14.3%) in 2022, then surges to 140 papers
(51.5%) in 2023. It remains high in 2024 (56 papers, 47.9%) and 2025 (63 papers,
41.5%). This represents the steepest and most consistent increase across all smell
categories, indicating that dependency pinning, dataset identifiers, and model-version
transparency remain major challenges in LLM-for-SE reproducibility.

Environment and tooling smells appear consistently across years, though with
moderate fluctuations. They occur in 1 paper (14.3%) in 2020, rising to 15 (26.8%)
in 2022 and 51 (18.8%) in 2023. In 2024 and 2025, the counts remain roughly
steady at 22 (18.8%) and 25 (16.5%), respectively. These persistent rates emphasize
recurring issues in specifying frameworks, environment configurations, and hardware
details.

Data smells remain comparatively rare throughout the period, peaking at 36 papers
(13.2%) in 2023 and staying below 8% in every other year. Documentation smells,
by contrast, are more persistent than a first glance suggests: from a single paper in
2021, they climb to 9 papers (16.1%) in 2022 and remain in double digits through
2023 (27 papers, 9.9%) and 2024 (11 papers, 9.4%), before easing to 8 papers (5.3%)
in 2025. Unlike data smells, then, documentation gaps have become a sustained rather
than marginal source of reproducibility friction.

Model smells are prominent throughout the period rather than emerging only in
2022. Already affecting 23 papers (41.1%) in 2022, the category peaks in absolute
terms in 2023 with 101 papers (37.1%), and while both the count and percentage
taper afterward, to 37 papers (31.6%) in 2024 and 37 papers (24.3%) in 2025, model
smells never return to the low levels seen before 2022. This suggests that concerns
around model checkpoint availability, versioning, and access are a persistent, rather
than transitional, source of reproducibility debt across the LLM boom.

Finally, the share of papers with no detected reproducibility smells fluctuates
rather than declining steadily. After 2 papers (28.6%) in 2020, the rate falls to 6
papers (10.7%) in 2022 and recovers to 36 papers (13.2%) in 2023, before rising
again to 36 papers (23.7%) of the larger 2025 sample, close to the 2020 rate.

4.3 RQ3: Artifact Evaluation Badges Reliability

Table 5 and Table 6 summarize the evolution of artifact evaluation badges and repro-
ducibility smells from 2020 to 2025. We found 64 papers (10.4%) with badges. It is
worth mentioning that papers from 2024 and 2025 in our dataset primarily originate
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from the top three software engineering venues (ICSE, FSE, ASE), whereas earlier
years include a broader mix of journals, conferences, and preprints, and the number
of badged papers in our corpus is small (especially before 2023). For this reason, our
badge analysis is intentionally associational rather than causal. Since artifact sub-
mission is voluntary, badged papers are already a self-selected group of authors who
invested in an artifact and chose to submit it for review. Hence, we cannot separate
the effect of the badge itself from this selection. Therefore, we report descriptive asso-
ciations by year and badge combination (Tables 5 and 6) and treat badges as prozies
for stronger artifact scrutiny, not as causal interventions.

It is also worth noting that only two papers used the IEEE badging system [103, 212]
and had only the Available badge. Two other papers used adapted ACM badging sys-
tems with similar badge categories [41, 352]. For this reason, Table 5 and Table 6 list
ACM-style badging categories i.e., Artifact Available, Artifact Evaluated—Functional,
and Artifact Evaluated—Reusable. Artifact Available indicates that the authors have
uploaded their artifacts (e.g., code, data, models) in a stable, publicly accessi-
ble repository, while Artifact Evaluated—Functional certifies that reviewers were able
to execute the artifact and verify its basic correctness. Artifact Evaluated—Reusable
reflects a higher standard, recognizing artifacts that are not only functional but also
well-documented, modular, and easy for others to adapt or extend.

To make the comparison fairer, we restrict it to the 347 papers published at venues
that offered artifact evaluation (in this subset, there were 60 badged and 287 unbadged
papers). This keeps the opportunity to earn a badge roughly constant across the
comparison. We also interpret the remaining gap cautiously. Authors of badged papers
are already a positively selected group because they chose to prepare and submit
an artifact for review. If reproducibility smells are still common in this group, their
prevalence is more reasonably viewed as a lower bound on the broader problem. Even
in this favorable subset, 50% of badged papers published in 2025 still contain at least
one reproducibility smell.

Table 5 Temporal distribution of badges.

2020 2021 2022 2023 2024 2025
Category (n=7) (n=13) (n=56) (n=272) (n=117) (n=152)
# % # % H# R # % # % # %
At least one badge 1 14.3 1 7.7 4 7.1 12 4.4 12 10.3 34 22.4
Available 1 14.3 1 7.7 3 5.4 12 4.4 12 10.3 34 22.4
Functional 0 0.0 1 7.7 2 3.6 6 2.2 2 1.7 22 14.5
Reusable 1 14.3 0 0.0 0 0.0 1 0.4 7 6.0 16 10.5

Badge adoption remained sparse through most of the period: aside from a single
badged paper in 2020 (out of only 7 papers that year), the rate stayed below 8%
through 2022, before climbing to 10.3% in 2024 and 22.4% in 2025. This uptick aligns
with stronger enforcement and visibility of artifact evaluation processes at flagship SE
venues. The Artifact Available badge was consistently the most common, while Func-
tional and Reusable badges were less frequent until 2025, when both incidences rose to
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Table 6 Mapping between badge combinations and reproducibility smells in badged papers
from 2020 — 2025. Each row represents papers sharing the same year and badge combination (A
means Available, F means Functional, R means Reusable). Each cell shows the count of papers
exhibiting each smell, followed by the percentage relative to the group size; a dash (—) indicates
no papers in that group exhibited the smell.

Year Badge +# Legal Code Data Doc Env Model Version
2020 A+R 1 — 1 (100.0) - - 1 (100.0) - -

2021 A+F 1 — — — — — — 1 (100.0)
2022 A 2 1 (50.0) - - - - - 1 (50.0)
2022 A+F 1 - 1 (100.0) 1 (100.0) - - - -

2022 F 1 1 (100.0) — - - 1 (100.0) -

2023 A 6 - - - - - 1 (16.7) 2 (33.3)
2023 A+F 5 1(20.0) - - - 1 (20.0) - 2 (40.0)
2023 A+F+R 1 — - - - - 1 (100.0) 1 (100.0)
2024 A 3 — - - - - - 2 (66.7)
2024 A+F 2 - - - - - 1 (50.0) -

2024 A+R 7 1(14.3) - - — — 2 (28.6) 3 (42.9)
2025 A 12 2 (16.7) - - - 1 (8.3) 3 (25.0) 4 (33.3)
2025 A+F 6 2 (33.3) 1 (16.7) 1 (16.7)
2025 A+F+R 16 - - - - - 2 (12.5) 7 (43.8)

14.5% and 10.5%, respectively. This upward trend reflects growing expectations not
only for availability but also for usability and reusability of research artifacts.

Despite these positive developments, reproducibility smells persist even among
badged papers. Across years, the most common smell among badge recipients
was, by a wide margin, versioning issues, affecting roughly 37.5% of badged
papers overall and reaching 43.8% among the most rigorously badged group
(Available+Functional+Reusable) in 2025. Model smells were the second most com-
mon, present in about 18.8% of badged papers overall, peaking at 25.0% in 2024
before falling to 17.6% in 2025, suggesting that badge evaluation, as currently prac-
ticed, does not reliably surface gaps in model checkpoint availability or versioning.
Notably, some earlier badged papers (with very small sample sizes) exhibited high
smell incidence rates, highlighting that early badges may have focused primarily on
artifact presence rather than quality or usability. Even in 2024-2025, when SE venues
set higher reproducibility standards, badged papers frequently lacked explicit depen-
dency versions or stable execution pipelines. For example, 41.7% of badged papers
from 2024 still exhibited versioning smells.

4.4 RQ4: Reproducibility Practices Across Publication Venues

To address RQ4, we analyzed reproducibility practices across 28 publication venues
spanning the software engineering (SE), machine learning (ML), and natural language
processing (NLP) communities. Our analysis focused on four key dimensions: (i) pres-
ence of artifact evaluation tracks, (ii) support for reproducibility badges, (iii) policies
requiring or encouraging sharing of code and datasets, and (iv) use of formal review
checklists addressing reproducibility.

— SE Journals. Among the SE journals, TOSEM offers the most structured sup-
port, providing optional artifact submission via Replicated Computational Results
(RCR) reports and endorsing ACM badges. However, this was introduced in 2022
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Table 7 Reproducibility support across publication venues, latest available data as of November
2025. In the Badges, Code/Data, and Checklist columns, Full black circle = present/required,
half black circle = partial /encouraged, empty black circle = absent. The Evaluation Mechanism
column uses a distinct scale, defined in the footnote.

Venue Evaluation Mechanism Badges Code/Data Checklist Participation

SE Journals

TOSEM [ J [ ] [ J O Author-elected
EMSE (D) O [ J O Author-elected
JSS ') @) o @) Author-elected
IST O O [ ] O —

TSE O O © O _

SE Conferences (ACM)

ICSE [ J [ ] [ J O Author-elected
FSE [ J [ ) [ J @) Author-elected
ASE [ J [ ] [ ] O Author-elected
ISSTA [ ] [ ) [ J @) Author-elected
SE Conferences (IEEE)

ICSME [ J [ J [ J O Author-elected
ISSRE [ J o [ J O Author-elected
ICSA [ J [ J [ J @) Author-elected
Other SE Conferences

SANER (D) O [ J O Author-elected
MSR O O ( O —
ESEM O O [ ] O —
ICPC O O { O —
ICST O O ') @) —
EASE O O 0 O —

ML Conferences

NeurIPS @) @) [ ] [ J Mandatory
ICML O O [ J [ J Mandatory
ICLR @) @) [ J [ J Mandatory
AAAI @) @) [ J [ J Mandatory
IJCAI O O [ J [ J Mandatory
COLT O O O O —

KR O O ') @) —
NLP Conferences

ACL O O [ J [ ] Mandatory
EMNLP @) @) [ J [ J Mandatory
Preprints

arXiv @) @) (D) @) —

Evaluation Mechanism: @ = a separate artifact-review track (a distinct committee on a separate
timeline, as at ACM/IEEE conferences and TOSEM’s Replicated Computational Results process); @ =

an in-workflow open-science review within the regular editorial process (as at JSS and EMSE); O =no
such mechanism.

and implemented from 2023 onwards [666]. EMSE actively promotes reproducibil-
ity through its Open Science initiative, requiring data availability statements and
encouraging artifact sharing with informal review by its Open Science Board from
2019 [667]. JSS also promotes reproducibility through the JSS Open Science Initia-
tive [668]. For papers where authors elect to participate, the manuscript is forwarded
to the JSS Open Science evaluation process after acceptance. Following a successful
review of availability and usability, the publisher will add a statement acknowledg-
ing validation of the Open Science material. IST encourages artifact sharing and
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requires data availability statements, though they lack formal evaluation or badging
[669]. TSE, as an IEEE journal, follows IEEE’s general policy of encouraging (but
not requiring) artifact availability and maintains this policy from 2020 to 2025.
SE Conferences. ACM-affiliated SE conferences such as ICSE, FSE, ASE, and
ISSTA feature dedicated artifact evaluation tracks throughout 2020 to 2025. These
venues apply ACM’s reproducibility badge system, introduced in 2016 and updated
to version 1.1 in 2020 [658]. This badging system includes the following badge
categories: Artifact Available, Artifact Fvaluated — Functional, Artifact Evaluated
— Reusable, and Results Reproduced to qualifying papers. IEEE venues, includ-
ing ICSME, ISSRE, and ICSA, have adopted similar practices, offering artifact
tracks and reproducibility badges based on the IEEE-endorsed Research Object
Reviewed (ROR)/Open Research Object (ORO) framework. However, ICSME intro-
duced artifact badging in pilot mode in 2020, awarding ACM badges [670], and
adopted the current IEEE-endorsed badging scheme starting in 2021. Similarly,
ISSRE initiated its artifact badging process in 2023. ICSA launched its first Artifact
Evaluation track in 2021 and expanded it in 2022 [671]. The ICSA process is built
on the National Information Standards Organization (NISO) reproducibility badge
definitions (supported by IEEE) and mirrors ACM’s criteria [659].

Other SE conferences, such as SANER, MSR, ESEM, and ICPC, do not employ formal
artifact evaluation but enforce strong open science policies that require or strongly
encourage code/data sharing and mandate data availability statements at the time
of paper submission. Moreover, SANER hosts specialized tracks introduced in 2023
for reproducibility and replication studies, providing structured incentives without
formal badging [672]. ICST and EASE promote transparency and artifact sharing
informally, without specific evaluation mechanisms.

ML and NLP Conferences. Leading ML conferences such as NeurlPS, ICML, and
ICLR enforce reproducibility through detailed checklists that authors must complete
upon submission. These checklists cover code and data availability, computational
details, and reporting standards. Although these venues do not issue badges, repro-
ducibility is integrated into the review criteria, and post-publication reproducibility
challenges further incentivize transparency. NeurlPS introduced this reproducibil-
ity program in 2019, requiring authors to complete a detailed checklist with each
submission. In 2021, NeurIPS expanded it into a broader “responsible research”
checklist (covering reproducibility, transparency, ethics, and societal impact) [673].
In 2020, ICML introduced a similar reproducibility checklist for authors (modeled
on NeurIPS’s) [674]. ICLR began urging authors to include a “Reproducibility State-
ment” in their submissions around 2021 and to submit code; by 2025, ICLR’s author
guide explicitly stated that it “strongly encourages” a reproducibility section in each
paper [675].

AAAI 2021 was the first AAAT conference to require a reproducibility checklist
with each submission [676]. This checklist, similar to NeurIPS’s, became mandatory
for AAAT submissions. [JCAI has followed a similar suit, requiring checklists and
reproducibility assessments by reviewers by explicitly incorporating reproducibility
scores into the review form.
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From 2020 to 2025, COLT maintained a strict focus on theoretical reproducibility
through complete proofs, without introducing artifact sharing policies, reproducibil-
ity checklists, or badges [677]. Experimental components were optional and not
subject to formal reproducibility expectations throughout this period. Between 2020
and 2025, KR gradually expanded support for reproducibility by allowing supple-
mentary materials (e.g., proofs, code, or data), and by 2025 explicitly encouraged
artifact sharing, particularly in applied tracks. However, it did not adopt artifact
evaluation or badging [678, 679].

In the NLP domain, EMNLP and ACL enforce reproducibility through the Respon-
sible NLP Checklist, mandatory limitations sections, and expectations for artifact
availability statements in camera-ready submissions from 2020 [676]. While these
venues do not operate formal artifact tracks, community norms strongly encourage
public release of code and datasets.

— Preprints. arXiv, as a preprint platform, does not enforce any reproducibility
requirements. Artifact availability is left to the discretion of authors, with no peer
review or badging mechanisms. There is a separate tab, introduced in 2020 [680],
in each of the Machine Learning arXiv papers to provide the link to data and code
using third-party services like Hugging Face, Papers with Code etc.

Comparison of Reproducibility Practices Across SE and ML/NLP Venues.

ML and NLP venues provide a useful contrast to the artifact-evaluation model com-
mon in software engineering. While many SE venues rely on post-acceptance artifact
review and badges, venues such as NeurIPS, ICML, ACL, and EMNLP integrate repro-
ducibility checklists directly into the review process. The two mechanisms therefore
target different stages: checklists encourage authors to report reproducibility infor-
mation before acceptance, whereas artifact evaluation asks reviewers to inspect or
execute the artifact itself. To explore whether the checklist model is associated with
fewer reproducibility problems, we compare papers published at checklist-operating
ML/NLP venues (n = 48) with papers from SE venues (n = 353). Papers with
no detected reproducibility smell are somewhat more common at checklist-operating
venues (22.9%, 11 of 48) than at SE venues (18.1%, 64 of 353), but the difference is
not statistically significant (yx? = 0.36, p = 0.55). We therefore do not conclude that
checklists outperform artifact evaluation. Instead, the comparison suggests that nei-
ther mechanism alone eliminates reproducibility smells: checklists improve reporting
incentives, while artifact review provides stronger artifact-level scrutiny, but neither
directly ensures that an artifact remains accessible and executable over time.

5 Recommendations

The findings from RQ1-RQ4 show that LLM-for-SE research could benefit from
stronger, more systematic reproducibility practices. In this section, we present action-
able recommendations for each reproducibility smell category, offering concrete steps
that authors, reviewers, and venues could adopt to prevent persistent barriers from
becoming entrenched. We also introduce a Reproducibility Maturity Model
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(RMM) to move beyond binary notions of artifact quality and provide a struc-
tured, multi-dimensional framework for assessing the durability, rigor, and long-term
verifiability of research outputs.

5.1 Smells Prevalence and Actionable Recommendations

Our analysis across 617 LLM-for-SE papers shows that reproducibility challenges
remain widespread. The most common problem area is Versioning smells (44.4%),
followed by Access and Legal (39.2%), Model (32.9%), Code and Execution
(26.1%), and Environment and Tooling (19.1%). Documentation (9.1%) and
Data (8.3%) smells are comparatively rare, each occurring below 10%. In the next
sections, we discuss each smell category with recommendations.

5.1.1 Access and Legal Smells

Access and Legal Smells is one of most pervasive issues, affecting 39.2% of studies
overall, with a sharp rise from 32.0% in 2023 to nearly half of all papers (49.6%)
in 2024. This rise parallels the widespread adoption of closed APIs and gated model
endpoints. Common signs of this smell are replication packages with missing or non-
permissive licenses and reliance on commercial APIs that cannot be redistributed.
The absence of clear licensing and access documentation creates legal uncertainty for
reuse and hinders downstream replication.

Recommendations:

e Mandatory Licensing: Every artifact must specify an explicit license (e.g.,
MIT, Apache 2.0, CC-BY-4.0). Artifact Evaluation (AE) forms should be rejected
if licensing is absent or ambiguous.

® Persistent Hosting: Encourage repositories such as Zenodo or Figshare for
long-term archival access to code, data, and model weights beyond GitHub links.

® Transparent Proprietary Usage: For closed APIs, papers should clearly
document API version, model identifier, and date of access, and provide
request/response examples to enable approximate reproduction.

5.1.2 Code and Execution Smells

Code and Ezecution Smells affect 26.1% of papers but show a modest improve-
ment post-2023, dropping from 36.4% in 2023 to 13.2% in 2025. However, this issue
still persists because inactive or private repositories, missing entry points, and incom-
plete scripts remain frequent. Out of 512 replication links examined, 18 were broken
or private, and 58 contained incomplete or non-runnable artifacts. This confirms that
the mere existence of shared code does not guarantee reproducibility.

Recommendations:

¢ Runnable Entry Points: AE guidelines should require a single executable entry
(e.g., run.sh, Makefile target, or Jupyter notebook) verified during artifact
review.
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¢ Reproducible Pipelines: Encourage standardized workflows (Make, Snake-
make, or bash scripts) that automate preprocessing, training, and evaluation.

® Code Completeness: All scripts tied to reported results must be present and
documented within the replication package.

5.1.3 Versioning Smells

Versioning Smells are the most frequent smells and were found in 44.4% of papers,
rising from 14.3% in 2022 to over 40% in 2023-2025. The most common issues include
missing dependency specifications, unpinned library versions, and vague references
such as “latest model release”.

Recommendations:

® Pin All Dependencies: Require exact version locking using environmental files
(e.g., requirements.txt or environment.yml) with explicit equality operators.

® Model Version Disclosure: Papers must specify model commit hashes, release
tags, or dataset identifiers for all LLMs used.

e Data Versioning: Track derived datasets via Data Version Control (DVC) or
Digital Object Identifier (DOI)-based repositories to ensure stable data lineage.

5.1.4 Environment and Tooling Smells

Roughly 19.1% of studies have Environment and Tooling Smells, a proportion
that has fluctuated across years (roughly 14-31%, settling around 17-19% since 2023).
Missing or incompatible environment settings frequently cause replication failures, and
only 43 papers include Docker support. Furthermore, 241 papers provided no usable
environment specification at all, obscuring critical GPU, driver, and software-stack
dependencies.

Recommendations:

® Containerization: Require a runnable Dockerfile or similar container speci-
fication to guarantee reproducible environments.

e Hardware Disclosure: Explicitly report GPU/CPU models, CUDA versions,
and OS details, especially for fine-tuning experiments.

e Executable Environment Files: Ensure environment specifications are
directly runnable and reflect all transitive dependencies.

5.1.5 Model Smells

Model Smells are now one of the most prevalent categories, occurring in 32.9%
of papers, driven largely by ambiguous model configurations. We distinguish three
failure modes the category detects: weight inaccessibility (the fine-tuned model can-
not be obtained), configuration opacity (the model is available but its inference or
training settings are not), and prompt opacity (the input to the model cannot be
reconstructed). A related risk, temporal drift (an identifier such as gpt-4 resolving to
different behavior over time), is detected under Versioning, since its signature is an
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unpinned identifier (Section 3.3.1). The aggregate is driven by individual omissions:
194 papers did not specify their prompt templates and 109 did not report inference
parameters.

Recommendations:

¢ Release Fine-tuned Weights: When feasible, publish fine-tuned checkpoints
or scripts to regenerate them.

e Parameter Transparency: Report all inference and training parameters,
including sampling temperature, top-k, and learning rates.

® Prompt Publication: Archive all prompt templates used in evaluation to
ensure consistent task reproduction.

® Report dispersion, not point estimates. Where inference is stochastic,
report results over multiple runs with a measure of dispersion (e.g., standard
deviation or a confidence interval) rather than a single value, so that reported
effects can be distinguished from run-to-run variation.

® Record seeds and configuration. Record random seeds wherever the interface
exposes them, together with the decoding parameters and, for hosted models,
the dated model version and access date.

® Archive raw outputs. Archive the raw model outputs underlying the reported
results, so that the analysis can be re-verified later even when the outputs cannot
be regenerated identically.

5.1.6 Data Smells

Detected in 8.3% of studies, Data Smells are the least frequent category, typically
occurring from missing preprocessing documentation or inaccessible dataset versions.
Even when datasets were cited in the paper, the artifact often lacked persistent links
or transformation scripts.

Recommendations:

e Stable Data References: Use DOIs or permanent URLSs for datasets and their
processed variants.

® Include Preprocessing Scripts: Provide runnable scripts that transform raw
data into the experiment-ready format.

® Dataset Cards: Summarize data provenance, filtering, and versioning in concise
dataset documentation.

5.1.7 Documentation Smells

Although Documentation Smells is comparatively rare (9.1%), it can critically
block replication when other artifacts are ambiguous. Even when the code is com-
plete, missing README files or disjointed instructions often make it practically
unusable.
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Recommendations:

® Unified README: Include a single, step-by-step README.md that maps each
experiment to paper results.

® Minimal Documentation Principle: Centralize all essential instructions in
one or two top-level documents.

e Self-contained Guidance: Documentation should enable replication without
author contact or guesswork.

5.2 Toward a Reproducibility Maturity Model (RMM)

As discussed in RQ3 and RQ4, ACM and IEEE provide artifact badges i.e., “avail-
able”, “functional”, or “reusable”, but they do not offer guidance on the durability, rigor,
or long-term verifiability of research outputs. Our empirical analysis shows that these
systems primarily evaluate momentary functionality. That means they check whether
artifacts worked during review, but not whether they are engineered for long-term
reproducibility. Over one-third (37.5%, 9 of 24) of “functional” artifacts in our corpus
from 2024-2025 exhibit drifting dependencies, unpinned versions, incomplete environ-
ments, or unclear licensing. Moreover, existing badges do not assess reproducibility
holistically across the multiple smell dimensions we identified. A paper can earn a
badge even when barriers remain, as shown in RQ3.

To address this gap, we propose a Reproducibility Maturity Model (RMM),
a multi-dimensional framework that evaluates the durability, rigor, and legal open-
ness of artifacts. It is designed to help authors, reviewers, and conference organizers
systematically evaluate and enforce the reproducibility of LLM-for-SE research.

The RMM framework evaluates reproducibility along five orthogonal axes identified
through our taxonomy and empirical observations:

A1l. Accessibility. Availability, persistence, and openness of datasets, code, and
models.

A2. Environment Specification. Clarity and completeness of environment, depen-
dency, and system-level configuration.

A3. Versioning Rigor. Explicit, pinned versions for datasets, models, pipelines,
libraries, and tools.

A4. Execution Fidelity. Presence of runnable pipelines, automated scripts, or
containers enabling end-to-end replication.

A5. Legal Openness. Licensing clarity for data, models, and code to legally permit
reuse and redistribution.

5.2.1 Four Maturity Levels (RMM-Tiers)

Based on these axes, we distill four maturity tiers that reflect the empirical distribution
of our corpus and provide concrete review criteria. Tiers RMM-0 through RMM-2
are author- and reviewer-side criteria that can be assessed within a normal artifact-
evaluation cycle at review time. RMM-3 is decoupled from the acceptance decision
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and awarded post-publication, so no paper is required to be independently re-executed
before publication.

RMM-0: Minimal Reproducibility (Low Maturity)

Artifacts are missing, inaccessible, or only partially available. Environment specifica-
tions are vague or absent, versions are unpinned, and reproduction depends heavily
on implicit assumptions. Multiple reproducibility smells can co-occur.

Reviewer checklist.

O Are any artifacts inaccessible or missing?

O Are the environmental details insufficient to recreate the setup?
O Are versions unspecified or floating?

O Does legal ambiguity prevent reuse?

RMM-1: Operational Reproducibility (Intermediate Maturity)

Artifacts are functional at publication time but vulnerable to dependency drift.
Instructions exist, but require manual reconstruction. Containers or scripts may exist,
but are incomplete or rely on deprecated APIs.

Reviewer checklist.

O Are installation steps documented but potentially brittle?
O Are versions given but not pinned at all hierarchy levels?
O Are pipelines runnable but not fully automated?

O Are licenses present but incomplete or unclear?

RMM-2: Durable Reproducibility (High Maturity)

Artifacts are fully runnable, containerized, versioned, and legally open. All five axes
are satisfied. Outputs can be reproduced end-to-end with no manual inference.

Reviewer checklist.

[0 Is a containerized or automated pipeline provided?

O Are all dependencies pinned, including OS, libraries, and models?

O Are datasets and models persistently hosted with stable identifiers?

O Are all components licensed for reuse?

O Are data and model cards provided, with required fields, for each released dataset
and model?

RMM-3: Independently Verified Reproducibility (Very High Maturity)

This tier reflects a level of reproducibility that extends beyond the authors’ own arti-
facts. An external reviewer or independent research group has successfully re-executed
the full experimental pipeline and reproduced the key findings using the provided
artifacts without modification. Where an artifact provides a container image and a
declared entry point, both criteria already assessed at RMM-2, the build, dependency-
resolution, and execute steps can run as a continuous-integration job, so that human
reviewer effort is reserved for the cases where the automated run fails or the emitted
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metrics diverge from those reported. As this tier requires substantial effort outside
the standard publication workflow, we treat it as an optional, evaluation-driven exten-
sion analogous to the ACM Results Reproduced badge rather than a requirement for
authors at submission time. The mechanisms below describe how RMM-3 verification
could be operated at scale by venues and the community.

Reviewer checklist (applied post-publication, not at submission).

[0 Can the reported findings be reproduced within a stated tolerance using only the
provided artifacts and instructions?

[0 Was the reproduction performed independently, without author intervention?

O Are all outputs (tables, figures, metrics) consistent with those reported in the
paper, allowing for documented run-to-run variation?

[0 Does the reproduction process complete successfully in a clean environment?

Operating RMM-3 at Scale

Independent re-execution is expensive and difficult to scale as a pre-acceptance
requirement, so we envision RMM-3 as a post-publication, asynchronous designation,
similar to the ACM Results Reproduced badge. We do not re-execute the corpus in
this study; instead, we propose three practical ways to make the tier more scalable.
First, venues could verify a random sample of accepted artifacts rather than every
paper. Second, when an artifact already provides a container and entry point, much of
the build-and-run process could be automated through continuous integration, leaving
human review for failed runs or mismatched results. Third, reproducibility challenges
and course-based replication efforts could distribute the workload across the commu-
nity, especially if verifiers receive explicit credit. These mechanisms reduce the cost
of independent verification without eliminating it, so we expect RMM-3 to remain
a selective designation that rewards particularly strong and durable reproducibility
rather than a requirement for every paper.

5.2.2 Axes by Tier Criteria

Table 8 summarizes how each axis is instantiated at different maturity levels. RMM-
0 and RMM-1 roughly distinguish between missing or brittle artifacts and those that
are merely “momentarily functional”, while RMM-2 and RMM-3 represent durable,
independently verifiable reproducibility.

By treating reproducibility as a set of measurable, enforceable criteria, the RMM
provides a structured path toward sustainable, verifiable LLM-for-SE research and
extends current badging systems with a more holistic maturity spectrum.

6 Discussion

In this section, we discuss the temporal trends and policy implications of the
reproducibility smells. We also discuss how using open and proprietary models is
contributing to the issue.
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Table 8 Summary of RMM axes and indicative criteria per maturity level. RMM-3 assumes all
RMM-2 criteria plus independent re-execution by a third party.

Axis RMM-0: Minimal RMM-1: Opera- RMM-2: Durable
tional
Accessibility No or fragmented arti-  Artifacts hosted but  Artifacts versioned
facts; links missing, pri- with fragile links (per- and persistently hosted
vate, or ephemeral. sonal cloud, ad-hoc (e.g., DOI, archival
URLs); partial coverage  repository) with clear

of code/data/models.

mapping to experi-
ments; data and model
cards provided for each
released dataset and
model.

Environment Specification

Environment details
largely absent; no
explicit hardware/soft-
ware requirements.

Basic installation
steps documented,
but incomplete depen-
dency lists and implicit
assumptions about the
platform.

Complete, machine-
readable environment
specification (e.g., lock-
files, container specs)
covering OS, libraries,
and hardware.

Versioning Rigor

Floating versions or
unspecified model /-
dataset snapshots;

reproducibility depends
on latest defaults.

Some versions docu-
mented (e.g., major
library versions), but
not consistently pinned
across the stack.

Pinned  versions at
all  hierarchy levels
(datasets, models,
frameworks, CUDA,
etc.), with change logs
or manifests.

Execution Fidelity

No runnable scripts;
only high-level prose or
pseudo-code.

Pipelines runnable with
manual effort (e.g., sev-
eral shell commands,
manual downloads, ad-
hoc scripts).

End-to-end, automated
pipelines or containers
that re-create results
from scratch with mini-
mal manual steps.

Legal Openness

Licenses absent, incom-
patible, or ambiguous;
reuse is legally risky.

Some components
licensed, but coverage
incomplete or terms
unclear for key artifacts
(e.g., models, datasets).

Explicit, compatible
licenses for all artifacts
required to reproduce

results, enabling legal
reuse and redistribu-
tion.

6.1 Temporal Trends and Policy Implications

The temporal data (Figure 3) reveal a mixed trajectory. Some reproducibility issues,
especially code executability, have improved since 2023, suggesting growing commu-
nity awareness. However, the occurrence of Access and Legal and Versioning
smells increased, driven by the usage of proprietary APIs and the absence of fixed
model identifiers. In parallel, Environment and Tooling issues persist at a steady
baseline, showing that environment reproducibility remains an issue.

These patterns indicate a structural rather than individual challenge. As LLM-for-
SE research increasingly depends on commercial ecosystems, even diligent authors
face obstacles in releasing reusable artifacts. This shift from open academic tool-
ing to closed proprietary services calls for policy interventions at the venue level.
Artifact-evaluation and reproducibility-badging programs should adapt to this evolv-
ing landscape by requiring disclosure of API version, access date, and decoding
parameters for any proprietary model, and inclusion of at least one open-source
baseline to preserve replicability even if commercial endpoints disappear. Moreover,
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archival of prompt templates, inference settings, and sample interaction logs for LLM-
based experiments should also be made a requirement alongside explicit licensing
statements for all code, data, and model artifacts.

6.2 Open vs. Proprietary Model Regimes

The reproducibility gap does not divide uniformly along the open/proprietary line; it
divides along a specific axis. To test this directly, we classify each paper by whether
its primary model is open-weight (e.g., LLaMA [681], Mistral [682]), proprietary-API
(e.g., GPT [683], Claude [684]), or mixed, and compare smell rates across the three
groups (200, 167, and 229 papers respectively; 21 papers, 3.4% of the corpus, could
not be classified from the reported model information and are excluded from this com-
parison). The divide is concentrated in versioning: proprietary-model papers exhibit
versioning smells at 70.7%, against 16.5% for open-model papers, more than a four-
fold difference (yx? = 108.0, p < 0.000001), because a bare API identifier such as gpt-4
does not resolve to a fixed model state and API outputs can change silently over time.
It is not an access-and-legal divide: the two groups are statistically indistinguishable
there (39.5% proprietary vs. 41.5% open, x? = 0.08, p = 0.78), since proprietary-
API studies typically still release a licensed code repository even though the model
itself is closed. In other words, the reproducibility cost of proprietary models is paid
in version pinning, not in artifact licensing.

This mechanistic result motivates a dual-track treatment rather than a uniform stan-
dard: proprietary-model studies should record the exact model version and access date
and, where feasible, include an open-model baseline, while open-model studies should
ensure full environmental encapsulation and version pinning. Journals and conferences
should adapt review rubrics to these distinct failure modes rather than enforcing a
single checklist. We align this recommendation with the community guidance at llm-
guidelines.org [685], extending it with the durability and archival-persistence criteria
that reporting-oriented guidelines do not yet address.

6.3 Reproducibility Debt Remains Structural and Persistent

Our results in RQ 1-3 suggest that reproducibility debt in LLM-for-SE research is not
usually confined to a single artifact dimension. Problems with documentation, code
execution, data access, dependency management, versioning, and model availability
often appear together. This means that improving one aspect of an artifact may have
limited effect if weaknesses elsewhere remain unresolved.

The temporal results reinforce this picture. Although some smell categories improve
over time, the overall pattern is not monotonic, and there is no clear or sustained
decline in the share of papers affected by reproducibility smells. Persistent issues in
access and legal conditions, versioning, and model transparency suggest that progress
has been uneven rather than systematic.

Artifact badges also do not eliminate these concerns. Our comparison is associational,
not causal, because artifact submission is voluntary and badged papers are likely pos-
itively selected. We, therefore, restrict the comparison to the 347 papers published at
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venues that offered artifact evaluation, including 60 badged and 287 unbadged papers.
Even within this more comparable setting, reproducibility smells remain common: half
of the badged papers published in 2025 (17 of 34) contain at least one smell. Given
this positive selection, we interpret the prevalence among badged papers conserva-
tively as a lower bound on the broader problem rather than evidence that badging
alone resolves it.

Overall, the findings point to a broader challenge: reproducibility depends on the
artifact as a whole, not on any single practice, badge, or documentation require-
ment. Improving durability therefore requires coordinated attention across the full
experimental stack.

6.4 Limits of Reproducibility Under Stochastic Inference

For LLM-based research, it is important to separate two ideas that are often treated
as the same in artifact evaluation. Methodological reproducibility asks whether another
researcher can follow the described procedure using the same inputs, configuration,
and model. This is the kind of reproducibility that the RMM is designed to sup-
port, and it is achievable. Qutput determinism, in contrast, asks whether the same
inputs will always produce exactly the same outputs. For LLM inference, this level of
reproducibility is generally not realistic, regardless of the maturity tier.

Even with greedy decoding and temperature 0, the same model and input can produce
slightly different outputs across runs. These differences can arise from the execu-
tion environment rather than from the decoding strategy itself. GPU operations
may perform floating-point reductions in different orders, kernel selection can change
with hardware or batch size, and mixture-of-experts models may route tokens differ-
ently depending on the rest of the batch. Hosted models introduce another source
of variation, since the same endpoint may eventually point to an updated model
version.

For this reason, we argue that “reproduction” in LLM-for-SE research should not
require identical outputs. Instead, the important question is whether the reported find-
ings remain consistent within a tolerance defined by the authors. Requiring researchers
to state this tolerance makes the reproducibility standard stronger rather than weaker:
if a conclusion holds only when every generated output is exactly the same, then
that conclusion is inherently fragile, and readers should be made aware of that
limitation.

6.5 Reproducibility of agentic systems.

A growing body of LLM-for-SE research now uses agentic systems, where models plan
across multiple steps, call tools, and interact with an external environment. Because
our corpus predates this shift (Section 4.2), we discuss agentic reproducibility as a
forward-looking concern rather than a finding from our sample. These systems intro-
duce challenges that do not arise in the same way for single-call workflows. Small
variations can compound across steps and lead to different trajectories; agents may
modify files, repositories, or build environments; external services and dependencies
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can change over time; and updates to agent frameworks, routing, or retry behavior
can affect outcomes even when the model and prompts remain fixed. Results may
also depend on step, time, or cost limits that are not always reported. We therefore
recommend preserving interaction traces, pinning model, framework, and tool ver-
sions, snapshotting the initial environment, and reporting endpoint and termination
details.

7 Threats to Validity

Internal validity

During the manual data collection and annotation process for reproducibility smells,
some information may have been overlooked due to the large scale of the study
involving 617 papers and their corresponding repositories. To minimize potential omis-
sions and ensure consistency, two authors with prior experience in artifact evaluation
cross-checked the annotations. This expertise and verification process help reduce the
likelihood of missing relevant reproducibility information.

External validity

Although the dataset analyzed in this study is large and representative of top-tier
venues, it may not fully capture reproducibility practices across the broader research
landscape. In particular, our focus on highly visible academic venues such as ICSE,
FSE, ASE, and major ML/NLP conferences might bias the results toward research
that already follows more formalized artifact and documentation practices. Repro-
ducibility behaviors in non-top-tier venues, workshops, industry-focused conferences,
or grey literature (e.g., preprints, technical reports) may differ significantly, potentially
involving fewer formal artifact evaluation processes, less consistent documentation, or
different types of legal and access barriers. However, our findings from top-tier venues
provide a strong and conservative baseline. If reproducibility issues are prevalent even
in venues that typically enforce stronger standards and review processes, similar or
more severe issues are likely to exist in less formal publication settings.

Construct validity. Our badge analysis (RQ3) treats badges as a proxy for artifact
scrutiny, but the proxy is confounded by self-selection: authors who apply for badges
may produce better artifacts independently of the badging process. To minimize this
threat, we restrict our analysis to the subset of 347 papers published in venues with
artifact evaluation tracks, thereby ensuring that all papers had the opportunity to
undergo artifact evaluation. Nevertheless, we cannot disentangle the effect of badging
from the effect of authors’ self-selection into artifact evaluation.

8 Related Work

8.1 Large Language Models for Software Engineering
(LLM-for-SE)

The rapid evolution of LLMs has catalyzed a new wave of research in software engi-
neering (SE), giving rise to the emerging field commonly referred to as LLM-for-SE.
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Unlike earlier program analysis or deep learning for SE approaches, LLM-for-SE lever-
ages general-purpose foundation models such as GPT-4, Codex, and Code Llama to
automate or assist in a broad spectrum of SE tasks [656, 686]. These tasks span
the entire software development lifecycle, including code generation, test synthesis,
debugging, program comprehension, and software documentation.

Early empirical studies demonstrated that pretrained language models could learn
code semantics and structure sufficiently to outperform traditional baselines on code
summarization [676], code search [36], and completion tasks [33—-35]. This has encour-
aged the integration of LLM-powered tools into mainstream development workflows
(e.g., GitHub Copilot). However, these models differ significantly from earlier task-
specific ML approaches: they are often hosted behind APIs, trained on massive and
largely opaque datasets, and fine-tuned continuously, which introduces significant
reproducibility challenges [656]. Our work focuses on the current situation of the
reproducibility of software engineering tasks using large language models.

8.2 Reproducibility in Software Engineering and Machine
Learning

Reproducibility has emerged as a critical concern across science and engineering in
recent years. Surveys indicate that over 70% of researchers have failed to reproduce
another group’s findings, highlighting a cross-disciplinary “reproducibility crisis” [687].
In software engineering (SE), reproducibility is foundational for building trust in
empirical results and enabling independent verification [688]. Krishnamurthi and Vitek
famously argued that repeatability is the “real software crisis”, urging the community
to treat reproducibility as a core value in SE research. Early studies of SE experiments
uncovered substantial barriers to repetition. For example, Gonzalez-Barahona and
Robles identified difficulties in reusing data retrieval tools, prompting calls for bet-
ter reproducibility practices [689], and their follow-up work a decade later confirmed
persistent gaps [690].

Top SE venues have responded by institutionalizing artifact sharing and evalua-
tion processes to improve reproducibility. Conferences such as ICSE, FSE, ASE, and
ISSTA now regularly include Artifact Evaluation Committees and award reproducibil-
ity badges for papers that provide accessible code and data [691-693]. This shift
has contributed to a steady rise in artifact availability over the past decade. Prior
studies have examined the effects of these initiatives. Hermann et al. [691], for exam-
ple, found that artifact sharing provides no measurable short-term citation benefit,
while Timperley et al. [692] studied how artifacts evolve after publication. We do
not interpret the lack of a citation premium as evidence that reproducibility has lit-
tle value. Rather, it suggests that individual incentives alone may be insufficient to
sustain reproducible practices. This motivates our emphasis on venue- and reviewer-
level mechanisms in Section 5.2. Our study differs from both by focusing on specific
reproducibility smells and how they evolve across venues and years. Domain-specific
barriers also remain: for example, replication in NLP-for-Requirements-Engineering
required substantial re-implementation because models and data-preparation steps
were under-specified [694]. While that study documents replication effort in one RE

35



setting, we characterize the artifact-level barriers that can produce such effort across
the broader LLM-for-SE literature.

The machine learning (ML) and natural language processing (NLP) communities face
similar concerns. Reproducibility issues in ML are often linked to missing code, opaque
experimental setups, and insufficient reporting [4, 676]. Even when code is shared,
it may lack critical preprocessing instructions or fixed hyperparameters, leading to
inconsistent results across environments. Liu et al. demonstrated that many SE deep
learning results were inflated or unstable across runs, highlighting the need for mul-
tiple runs and better reporting [695]. To address such problems, venues like NeurIPS
and ICLR introduced reproducibility checklists, increasing the proportion of papers
sharing code and methodological details [4], while ACL introduced its Responsible
NLP Checklist to improve reporting standards [676]. Liu et al. [695] showed that many
SE deep-learning results are unstable across runs, motivating multiple-run reporting;
we extend this from result stability to artifact reproducibility, and our findings on
model smells (e.g., unreported inference parameters) quantify one mechanism behind
such instability. The ML/NLP communities address reproducibility primarily through
pre-submission checklists, whereas SE relies on post-hoc artifact badges; our results
show that neither instrument alone closes the durability gap, since smells persist even
among badged papers, motivating the maturity-based approach we propose.

Hassan et al. [655] conducted a systematic literature review on reproducibility debt
in scientific software, introducing a seven-dimensional taxonomy encompassing data,
code, documentation, processes, human factors, legal constraints, and versioning.
Their work provides a high-level conceptual framework to understand reproducibil-
ity breakdowns in computational sciences. In contrast, our study targets a rapidly
changing and highly specialized domain, LLM-for-SE, and develops a reproducibil-
ity smell taxonomy grounded in empirical evidence drawn from 617 papers published
between 2020 and 2025. While inspired by Hassan et al. ’s structure, our taxonomy
aims to capture domain-specific reproducibility pitfalls in LLM workflows, evaluation
practices, and software engineering tooling. Furthermore, our analysis is not limited
to conceptual mapping but includes a systematic quantification of reproducibility
smells, offering actionable insights for both researchers and publication venues in the
LLM-for-SE space.

8.3 Reproducibility Challenges in LLM-for-SE Research

LLM-for-SE research inherits reproducibility challenges from both domains. A key
issue is the reliance on closed-source or continuously evolving models (e.g., GPT-4
or Codex), where researchers cannot control or replicate the exact model state [656].
Experiments relying on such APIs are vulnerable to model updates and access
restrictions, limiting repeatability. Further, complex dependencies and environmental
configurations introduce additional failure points, especially when model or dataset
versioning is incomplete. Prompt design and generation parameters significantly
impact results, with small variations yielding divergent outcomes [696].

36



Addressing these challenges requires both cultural and technical interventions. In
SE, artifact evaluation and open science initiatives have been widely adopted [693],
while in ML/NLP, reproducibility checklists and data-sharing incentives have shown
measurable impact [4, 676]. Beyond policies, tooling such as containerization (e.g.,
Docker) and data/model versioning (e.g., DVC) has become central to reproducible
experimentation. Emerging guidelines for LLM-based SE studies advocate document-
ing prompts, model versions, and intermediate artifacts [686, 697] to ensure verifiable
and transparent research practices. Building on these insights, our work provides a
large-scale empirical assessment of reproducibility in LLM-for-SE papers and proposes
actionable guidelines informed by both SE artifact evaluation culture and ML/NLP
reproducibility initiatives.

Williams et al. [698] provide a high-level assessment of LLM-based SE research
at ICSE, focusing on model and benchmark usage, contamination risks, and broad
replicability indicators such as whether artifacts or badges are present. In contrast,
our study conducts a cross-venue, multi-year analysis and introduces a fine-grained
taxonomy of reproducibility smells, quantifying their prevalence, co-occurrence, and
evolution.

8.4 Critical Reviews of Software Engineering Research
Practices

A growing body of meta-research within empirical software engineering has high-
lighted foundational methodological weaknesses and reporting deficiencies. Stol et al.
[20] examine 98 SE articles that mention or claim to use the Grounded Theory (GT)
method. They find that only 16 of the 98 provide detailed accounts of their research
procedures, and many studies show “method-slurring” (mixing GT techniques with-
out coherent adherence). The paper offers guidelines for the conduct and reporting
of GT in SE. Baltes et al. [19] perform a critical review of sampling in recent high-
quality SE empirical studies and report three major findings: (1) random sampling
is rare; (2) sophisticated sampling strategies are extremely rare; (3) sampling, repre-
sentativeness, and randomness are often misunderstood. They argue that SE research
suffers from a generalisability crisis. Huang et al. [699] review how qualitative research
synthesis (QRS) is carried out in SE, identifying several methodological deficiencies
(e.g., inconsistent definitions, weak reporting of how primary studies were selected
and synthesized). While these works focus on critical reviews of various practices in
software engineering research, our work focuses on the reproducibility of LLM-for-SE
research.

Table 9 compares the closest prior studies with our work, highlighting differences in
scope, findings, and how each informs our study.

9 Conclusion

Reproducibility remains a critical and under-addressed challenge in large language
model (LLM)-based software engineering (SE) research. Through a systematic analysis
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Table 9 Positioning of this study against prior reproducibility and artifact-evaluation work.

Study (domain)

Finding — relation to this work

Hassan et al. [655]
Scientific software

Williams et al. [698]
LLM-for-SE, ICSE

Hermann et al. [691]
SE artifacts

Timperley et al. [692]
SE artifacts

Liu et al. [695]
SE deep learning

Abualhaija [694]
NLP-for-RE

7-dimension reproducibility-debt taxonomy (conceptual).
— We adapt it to LLM-for-SE and quantify prevalence empirically.

High-level replicability indicators at one venue.
— We run a cross-venue, multi-year, fine-grained smell analysis.

Artifact sharing gives no short-term citation premium.
— We read this as evidence for institutional, not individual, incen-
tives.

Artifacts degrade after publication.
— We quantify the smells (versioning, environment) that drive
degradation.

Many results are unstable across runs.
— We extend from result stability to artifact reproducibility.

Replication needs heavy re-implementation due to under-
specification.
— We characterize the artifact-level barriers producing such effort.

This study
LLM-for-SE

617 papers, 2020—2025, cross-venue: a quantified smell tax-
onomy (prevalence, co-occurrence, evolution, venue prac-

tices) and the RMM.

of 617 papers across premier SE, ML, and NLP venues, we observed persis-
tent reproducibility smells, particularly in code execution pipelines, versioning rigor,
and access and legal constraints. While traditional SE research has benefited from
structured artifact evaluation and open-science initiatives, LLM-for-SE introduces
domain-specific barriers, including dependence on proprietary APIs, opaque prompt
designs, non-deterministic inference behaviors, and rapidly evolving model and
package ecosystems.

Our temporal results reveal modest progress in recent years, driven in part by repro-
ducibility policies at top-tier venues. However, even as artifact evaluation badges
become more common, they do not consistently guarantee execution fidelity or long-
term replicability. These findings highlight a gap between artifact availability and
artifact maturity. To bridge this gap, we introduce a Reproducibility Maturity
Model (RMM) that moves beyond binary badge systems toward multi-dimensional
assessments encompassing accessibility, environment specification, version control,
execution fidelity, and legal openness.

We release our dataset, taxonomy, and analysis framework to support future bench-
marking and automated smell detection efforts. By embracing maturity-oriented
reproducibility practices, the LLM-for-SE community can ensure that research
remains verifiable, buildable, cumulative, and trustworthy.
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