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Abstract. Researchers frequently supplement their paper with software
artifacts, either as a means to obtain their results or as a research out-
come itself. However, assessing the validity and reusability of software
artifacts – either from an (internal) author or an (external) reviewer
perspective – remains a largely manual and time-consuming task. Re-
viewers must inspect artifacts, draw connections to the corresponding
paper, and determine whether the provided artifacts are sufficiently doc-
umented, accessible, and executable. In this work, we propose Aegis, a
system that aims to assist software artifact reviews with large language
models (LLMs). We cast artifact review as a process of evidence genera-
tion and interpretation. Starting from a scientific paper, Aegis extracts
referenced artifacts and collects heterogeneous evidence from both the
paper and the artifacts by using 1) human-specified functions, 2) se-
mantic analysis via LLMs, and 3) software agents interacting with the
artifacts in an isolated execution environment. The collected evidence is
aggregated into a structured, multidimensional assessment of aspects of
artifact quality that reviewers can then interpret. We implement Aegis
as a prototype with extensible, plugin-based analysis components and
demonstrate its feasibility through three case studies of repositories ac-
companying pattern recognition papers. Our code is publicly available.1

Keywords: artifact review · reproducibility · large language models ·
research software

1 Introduction

The reproducibility of results is a major pillar of science. According to the As-
sociation for Computing Machinery (ACM)2, the term reproducibility3 denotes
the independent validation of research results by different researchers using the
1 https://github.com/kkirchheim/aegis
2 https://www.acm.org/publications/policies/artifact-review-and-badging-
current accessed 2026/04/20

3 Replicability, instead, refers to the independent validation by a different research
team using a different experimental setup. In the past, the interpretation of both
terms was often swapped. We stick to the above definition, if not stated otherwise.

https://github.com/kkirchheim/aegis
https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://www.acm.org/publications/policies/artifact-review-and-badging-current
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same experimental setup, data, and tools. The popular article by Baker [3] re-
ports a trend towards a reproducibility crisis, evidenced by failed attempts to
reproduce many research results across a variety of disciplines. This crisis also
affects computer science [6, 10], and artificial intelligence research [7].

As a particularity of the field, computer science research often produces soft-
ware artifacts, either as a means to conduct experiments, or as a research out-
come per se. Sometimes, scientists aim to make their artifacts reproducible by
making them reusable by other researchers. This enables other parties to inde-
pendently validate the artifacts – and thereby the research results – as well as
to reuse these artifacts for subsequent research [10]. Moreover, software artifacts
also constitute an integral part of transferring research into industry [11,14].

Some conferences and journals validate the reproducibility of such software
artifacts by conducting so-called software artifact reviews. In addition to peer
review of the papers, this evaluates the associated artifacts with respect to dif-
ferent criteria of reusability and reproducibility [10, 40]. Both the production of
reusable software and the review of software artifacts entail additional effort for
authors and reviewers alike. However, expending this effort is only weakly incen-
tivized for early-career scientists (in contrast to, e.g., the quantity of papers and
citations [40]). Thus, as an incentive, artifact reviews can award badges, such as
ACM badges.2 Badges indicate certain reproducibility characteristics based on
the manual assessment following guidelines and best practices.

Artifact reviews constitute an effective means for identifying reproducibility
characteristics. Winter et al. [40] found that papers rewarded with the ACM
Available badge also more frequently reference their artifacts (≈ 98%) and more
referenced artifacts are accessible (≈ 99%) compared to papers without that
badge (≈ 55% are referenced and ≈ 90% of referenced artifacts are accessible).

Yet, an artifact review remains a time- and resource-consuming manual
task [37]. The diversity of software artifacts (in terms of programming language,
execution environment, required hardware, code structure, or application do-
main) limits the automated support of reviews [19]. Furthermore, some repro-
ducibility criteria (cf. Sec. 2.1) are vague and more subjective.

With recent advances in large language models (LLMs) and their integration
with tools to inspect, edit, and execute files [43] in execution environments [21]
– so-called agents – these previous obstacles could be overcome. We hypothe-
size that LLMs help to integrate human-written review criteria, paper content,
research artifact, code repository, and interpretable results.

In this work, we first summarize existing approaches for automated support
of artifact reviews. Based on our findings, we propose Aegis (Artifact Evidence
Generation and Interpretation System), a framework for supporting artifact
reviews via (agentic) LLMs.

Furthermore, we present a proof-of-concept implementation as a plugin-
based, hybrid tool for artifact review that leverages LLM- and agent-based ap-
proaches alongside conventional automation. We assess its applicability based
on three case studies from previous RRPR workshops, comparing the evidence
collected by the system with that of a human reviewer. Our main goal is to ini-
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tiate a discussion about aspects of software artifact review, some of which could
potentially be addressed in subsequent iterations of Aegis.

In general, Aegis aims to support external reviewers in validating the quality
of software artifacts and their ability to produce the reported research results.
It also supports the authors in preparing the dissemination of their artifact and
in assessing its reusability beforehand.

To summarize, we make the following contributions:

– an overview of guidelines and existing automation approaches for artifact
reviews (Sec. 2).

– proposal of Aegis, a framework for evidence-centered support of software ar-
tifact reviews that combines deterministic repository inspection, LLM-based
semantic analysis, and agent-driven experiment exploration without reduc-
ing the review to a single score or badge.

– demonstration of the applicability of Aegis in three case studies (Sec. 4) and
a discussion of the main results (Sec. 5).

– provision of Aegis’ source code for independent reproduction and reuse1.

2 Background and Related Work

In this section, we introduce an overview of the criteria of good software artifacts
and guidelines for artifact reviews ensuring these criteria (Sec. 2.1), as well as
an overview of techniques and datasets to automate artifact reviews (Sec. 2.2).

2.1 Review Criteria and Guidelines

There exists a diverse set of criteria on what contributes to a good software re-
search artifact. Many criteria are based on the FAIR (i.e., Findable, Accessible,
Interoperable, Reusable) principles for scientific data [38]. In previous work,
Heumüller et al. [18] discussed six guidelines of artifact review based on different
journals (i.e., ESE [26] and JOSS [22]/JORS4) and conferences (i.e., TACAS5

and CAV6 both in 2019), institutions (i.e., ACM2 [6] and NASA7), and a pub-
lication by Wilson et al. [39]. This way, 14 criteria were derived, namely

1. providing a runnable software
2. providing a sufficient documentation of the artifact
3. labeling the artifact with a unique identifier or name
4. providing the artifact in an accessible repository
5. storing the artifact in a persistent way
6. providing the artifact as a special distribution (e.g., for automated validation)
4 https://openresearchsoftware.metajnl.com/about/editorialpolicies ac-

cessed 2026-05-28
5 https://conf.researchr.org/track/etaps-2019/tacas-2019-papers#
Artifact-Evaluation accessed 2026-05-12

6 Website not available anymore as of 2026-05-12
7 https://code.nasa.gov/ accessed 2026-05-12

https://openresearchsoftware.metajnl.com/about/editorialpolicies
https://conf.researchr.org/track/etaps-2019/tacas-2019-papers#Artifact-Evaluation
https://conf.researchr.org/track/etaps-2019/tacas-2019-papers#Artifact-Evaluation
https://code.nasa.gov/
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7. providing a software license
8. providing the experimental data
9. providing a small test data set (e.g., for fast validation)

10. providing a list of open issues of the artifact
11. complying with common software engineering practices
12. complying with law and regulations
13. providing a list of contributors and contact information
14. having certain other requirements (e.g., security regulations)

These criteria were also suggested in other publications, for instance,
runnable software [32], documentation [35], unique identifiers [15, 35], accessi-
ble repository [10,15,36], and licenses [32,36]. In addition, the related work also
suggests the following criteria:

– referencing the artifact and data in the publication [15,36]
– making the artifact and data free and accessible [10, 15,23,35,36]
– using a transparent workflow tracking [23, 36]
– using citation standards for software [35, 36]
– enabling researchers to efficiently reuse artifact code [10]
– producing the reported results [10,15] in a deterministic way [23]
– clear connection between written manuscript and software artifact [23]

In a preprint of practices to reproduce LLM-based experiments in the domain of
software engineering, Siddiq et al. [32] introduced the Reproducibility maturity
model (RMM) consisting of four maturity levels, RMM-0 to RMM-3, each with
increasing maturity. They assess five aspects, namely, accessibility, environment
specification, versioning, executability, and legal aspects. These aspects are pro-
vided as a checklist consisting of four questions for each maturity level. We use
the RMM as criteria in our case studies (cf. Sec. 4) since the simple questionnaire
design makes it particularly suitable for our cases. This serves as starting point
of Aegis since it main goal is to adapt to various applied criteria.

We observe that criteria range between very strict and easily decidable factors
(e.g., repository contains license file, unique identifier), to more subjective ones
(e.g., efficiently usable artifact, clear connection between paper and artifact),
as well as executable-dependent (e.g., produces reported results) and workflow-
related (e.g., transparent workflow tracking) criteria. Answering the questions
requires different resources in various forms, such as the written paper (consisting
of text, figures, and tables), the code repository, execution files (e.g., logs and
stack traces), and additional information (e.g., license files).

2.2 Automating Artifact Reviews

Although automating artifact reviews is challenging and currently rarely imple-
mented in artifact evaluation tracks, some attempts have been made to auto-
mate these steps. Automating artifact reviews, aiming to automate reproduc-
tion, requires using the same artifact to produce the research results. However,
techniques automating replicability are also related to this topic, since they use
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information from a paper to independently recreate the artifact. We reflect on
these attempts by distinguishing between conventional automation (i.e., without
LLM- or machine learning-based support) and LLM-based automation. We also
discuss existing benchmarks for automated artifact reviews.

Conventional Automation We only found a limited amount of research that auto-
mates artifact reviews in a conventional (i.e., non-LLM-based) way. ReproZip [9]
is a tool that tracks actions performed on an evaluation processing machine and
generates a script with the execution environment as a self-contained package.
Fursin et al. [13] provided a framework, denoted as Collective Knowledge (CK),
that converts scientific data and code into reusable and publishable artifacts.
However, at the time of writing, their framework is no longer accessible.

LLM-based Automation A growing body of work studies LLMs for reproduction
and replicability. For artifact reproduction, Reproscreener [4] uses GPT-4 and
prior reproducibility metrics [17,23] to assess a paper’s LATEX source and artifact
repository through data collection, evaluation, and reporting. Its paper analy-
sis combines LLM-based and keyword-based methods, while repository analysis
focuses on structural features. Heye et al. [19] propose a similar three-stage ap-
proach for security-related publications, assessing reproducibility, source-code
quality, and methodological pitfalls.

Recent preprints further explore agentic reproduction. Artisan [2] uses the
paper, extracted table values, related URLs, and the artifact to generate a re-
production script. ArtifactCoPilot [41] uses agents to reconstruct repository
workflows, unify execution environments, and assess artifacts in terms of ACM
badges.

Other work targets replicability rather than reproduction. Liang et al. [24]
evaluate GPT-4 for replicating empirical software-engineering studies by extract-
ing assumptions and generating analysis code, finding reasonable high-level code
but weaker low-level software-engineering quality. PaperCoder [31] generates
code repositories via planning, implementation-detail analysis, and code gen-
eration. Deep-Reproducer [8] summarizes a paper, retrieves related papers and
repositories, and evolves the most relevant repository into an implementation of
the analyzed paper.

Benchmarks Table 1 provides an overview of benchmarks for evaluating the
automation of artifact reviews, along with their sizes (i.e., the number of publi-
cations and/or tasks). In general, benchmarks can be categorized into two types:
The first type [1, 2, 4, 20, 28, 31] assess the general reproducibility of the artifact
using various criteria (e.g., existing badges, reproducibility metrics, and code
flaws). The second type [2, 5, 33, 42] defines certain reproducibility tasks – such
as reproducing table values in a paper, successfully building an artifact, etc. –
and assess which tasks an automated review can successfully complete.

For one publication [41], the benchmark was not referenced in the pre-print
manuscript at the time of writing. For all but two publications [5,33], the bench-
mark is limited to a single research domain.
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Table 1. Overview of benchmarks for automating artifact reviews. Gray entries refer
to non-peer-reviewed pre-prints
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Arp et al. [1] Security with ML 30 - ✗ ✗ ✗ ✓ ✗

Olszewski et al. [28] Security with ML 744 - ✓ ✓ ✗ ✓ ✗

SUPER [5] General N/A 45+152+604 ✗ ✓ ✓ ✗ ✓

Reproscreener Dataset [4] ML 50 - ✓ ✓ ✗ ✓ ✗

CORE-Bench [33] Computer Science, 90 270 ✗ ✓ ✓ ✗ ✓

Social Sciences, Medicine

REPRO-Bench [20] Social Sciences 112 - ✓ ✓ ✗ ✓ ✗

SciReplicate-Bench [42] NLP 36 100 ✓ ✓ ✓ ✗ ✓

Paper2CodeBench [31] ML 90 - ✓ ✓ ✗ ✓ ✗

PaperBench & ML 20 - ✓ ✓ ✗ ✓ ✗

PaperBench Code-Dev [34]

Artisan-Bench [2] Software Engineering 23 60 ✓ ✓ ✓ ✓ ✓

Wu et al. [41] Software Engineering 48 - N/A N/A - N/A -

The reviewed systems and benchmarks suggest two dominant framings of
automated artifact review. The first treats review as an artifact-level assessment
problem, for example by predicting reproducibility indicators, identifying code-
quality issues, or assigning badge-like judgments. The second treats review as
a task-completion problem, for example by reproducing selected numerical re-
sults, building an artifact, or generating a reproduction script. Both framings are
valuable, but they only partially match the practical needs of artifact reviewers.
Reviewers often require not only a final judgment, but also auditable evidence:
which dependency failed, whether the documentation is sufficient, whether a
repository matches the paper, which assumptions were required during execu-
tion, and where uncertainty remains.

Aegis is positioned at this evidence layer. Rather than optimizing for a single
badge, score, or benchmark task, it collects heterogeneous evidence from deter-
ministic checks, semantic LLM-based analyses, and agentic interaction with the
artifact, and organizes this evidence into a structured review context. We there-
fore evaluate Aegis qualitatively on real artifact-review cases using the RMM
checklist as an interpretable criterion set, rather than as a complete ground-truth
benchmark.

To avoid extensive manual reassessment of the benchmarks, we apply Aegis
to single case studies, thereby obtaining a qualitative evaluation (cf. Sec. 4).
This qualitative evaluation demonstrates the applicability of Aegis to real-world
artifacts and highlights practical limitations for future work.
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Fig. 1. Overview of the architecture for the proposed implementation of Aegis. A pub-
lication is first parsed to extract metadata, including references to artifacts. Evidence
is then collected from the paper and the referenced artifacts using complementary de-
terministic, semantic, and interactive analysis components. The resulting evidence is
aggregated into a structured review context that supports human and LLM-assisted
artifact assessment.

3 Aegis: Agentic Artifact Review

In this work, we frame automated artifact review as a process of collecting and
interpreting evidence about research artifacts referenced in a scientific paper.
Rather than reducing reproducibility to a binary outcome, the goal is to provide
supporting signals that capture reproducibility criteria (cf. Sec. 2.1).

Scientific papers typically reference external artifacts such as code reposi-
tories, datasets, or pretrained models. The review process, therefore, begins by
identifying these artifacts and linking them to the paper’s content. Aegis uses
this linkage to collect heterogeneous evidence from both paper and artifact, in-
cluding repository structure, dependencies, documentation, and execution traces.

Different review criteria require different forms of analysis. Thus, Aegis com-
bines complementary analysis forms, ranging from static inspection via deter-
ministic scripts to semantic evaluation via LLMs, and interactive exploration via
agents. To assist human reviewers, the resulting evidence is not collapsed into a
single score but organized into a structured report for further inspection.

Because much of this evidence is textual, LLMs provide a flexible interface
for aggregating and interpreting it. They enable flexible querying of the collected
evidence and support forming context-aware judgments about artifact quality.
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3.1 Architecture

Aegis follows a three-stage pipeline: artifact extraction, evidence generation,
and aggregation (cf. Fig. 1).

Extraction The process begins with a paper document and a specification of
the available execution context. The paper is converted into machine-readable
text and analyzed to extract metadata and references to relevant artifacts. This
includes bibliographic information, cited sources, references to own and other
software artifacts such as code repositories, and additional resources such as
datasets or external services.

Evidence Generation The second stage collects evidence about the extracted ar-
tifacts using three complementary analysis mechanisms. Deterministic evidence
generators evaluate explicitly specified properties, such as repository structure,
configuration files, dependency specifications, and the presence of documentation
or licenses. Semantic evidence generators address aspects that cannot be easily
captured by human-specified programs. Implemented as prompt-based plugins,
they use LLMs to assess properties such as documentation clarity, inferred re-
source requirements, and the correspondence between the repository and the
method described in the paper. Interactive evidence is obtained through di-
rect engagement with the artifact. An agentic LLM explores the repository in a
controlled and isolated environment, following setup instructions and executing
commands to adhere to the intended workflow. This produces execution traces
and observations that complement static and semantic analyses.

Aggregation All collected evidence is consolidated into a structured report that
integrates metadata, analysis results, and interaction traces. The resulting report
can be inspected directly or queried through an LLM-based interface, enabling
targeted analysis and follow-up questions. Because much of the evidence is tex-
tual, this representation remains both human-interpretable and well-suited for
language-model-based reasoning.

3.2 Implementation

We implement the proposed framework as a modular prototype Aegis us-
ing mainly AI-driven software engineering. Papers are parsed from PDF into
machine-readable text, after which an LLM extracts structured metadata and
identifies referenced artifacts. While the design is general, Aegis focuses on soft-
ware artifacts hosted in Git repositories.

We realized evidence generation through a plugin architecture combined with
agentic interaction. We have two types of plugins – one for deterministic and one
for semantic analyses: the former encode explicit repository checks, while the
latter define prompt-based evaluation criteria for LLM-based assessment. Each
plugin produces structured outputs, including results and execution logs.
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Table 2. Assessment of three case studies against the RMM criteria. Symbols denote
Aegis’ criterion-level judgment: ✓= satisfied, ✗= not satisfied, ? = inconclusive. Cell
colors denote manual validation: blue = correct, red = incorrect, gray = inconclu-
sive.
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Case Study 1 [12] ✓ ✗ ✗ ✓ ✓ ✗ ✓ ? ✗ ✗ ✗ ? ✗ ? ? ✗

Case Study 2 [29] ✓ ✓ ✗ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✓ ✓ ? ✓

Case Study 3 [30] ✗ ✗ ✗ ? ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✓

Interactive evidence is obtained through an agent that explores artifacts in
a controlled environment. The agent is invoked once per artifact to reproduce
its intended usage. For example, it sets up dependencies, executes the provided
scripts, and tracks the resulting traces.

All outputs are consolidated into a unified, structured representation. An
LLM-based interface can inspect or query this representation as review context.

From a software engineering perspective, Aegis follows a service-oriented
design with an OpenAPI-compatible interface, enabling integration with exter-
nal workflows. Our implementation provides both a command-line interface for
batch execution and a web-based interface for interactive inspection. The plugin
architecture allows new analyses to be added without modifying the core sys-
tem. Although Aegis targets Git-based artifacts in computer vision and pattern
recognition, the design is intended to generalize to other domains.

4 Case Studies

In this section, we evaluate Aegis on scientific papers and their accompany-
ing software artifacts. Aegis assessed reproducibility using the Reproducibility
Maturity Model (RMM) [32]. For both semantic analysis and interactive explo-
ration, we employed Claude Haiku 4.5, with a budget of 30 interaction steps per
artifact.

For validation, we selected three papers from the Workshop on Reproducible
Research in Pattern Recognition (RRPR) with manually pre-assessed artifacts.
This allows us to compare Aegis’ judgments against artifacts deemed repro-
ducible through prior manual inspection. When repositories were not explicitly
linked in the paper, we manually provided the corresponding URLs. Execution
environments were selected based on prior inspection.
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Table 2 summarizes Aegis’ RMM assessments and their manual validation.
The first author manually validated the RMM criteria for selected submissions
that had passed the RRPR reproducibility assessment. This validation is in-
tended as a qualitative plausibility check rather than an independent benchmark
annotation. We distinguish between evidence generated autonomously by Aegis
and evidence obtained after limited reviewer-provided environment hints; the
latter reflects a reviewer-in-the-loop usage mode rather than fully autonomous
reproduction.

4.1 Case Study 1: Ferreira et al. [12]

We analyzed the artifact by Ferreira et al. [12]. Aegis reported that 4 out
of 16 RMM checks passed, while 4 were marked as unclear. The agent could
execute parts of the code, but encountered an exception in one of the scripts.
This was caused by loose version constraints (e.g., numpy>=1.8.1), which led
to incompatibilities when the newest available version is installed. To resolve
this, we manually selected a Python 3.6 environment and provided the agent
with explicit instructions to install the correct NumPy version. In this execution
context, the agent could execute the full pipeline and correctly identified several
issues, such as underspecified versions of the execution environment.

4.2 Case Study 2: Oskarsson [29]

For Oskarsson’s artifact [29], Aegis reported 11 out of 16 RMM checks as sat-
isfied, with 1 marked as unclear. The agent successfully executed the code and
produced the plots and figures from the paper; however, the text-only agent
could not cross-check the produced figures against those in the paper, which it
correctly reported. Aegis correctly flagged that the OS, libraries, and MATLAB
version used had not been fully specified.

4.3 Case Study 3: Qin et al. [30]

We further analyzed the artifact by Qin et al. [30]. Aegis reported that 4 of the
16 RMM checks were satisfied, with 1 being marked as unclear. The agent could
run the provided script successfully. It correctly identified that the repository
was missing some of the test images referenced in the paper, lacks a license file,
and underspecifies dependencies (e.g., OS and MATLAB version).

5 Discussion

Across the case studies, the agent executed substantial parts of the provided
code despite incomplete or underspecified environments. It also identified several
legitimate reproducibility concerns in line with the RMM, particularly regarding
dependency specification, environment configuration, and documentation.



Aegis: Towards Agentic Support for Software Artifact Reviews 11

However, full reproduction sometimes required limited manual intervention,
such as selecting a suitable execution environment or resolving implicit assump-
tions not documented in the artifact. Thus, Aegis does not eliminate human
involvement, but can reduce the effort needed to diagnose and address repro-
ducibility issues. We next discuss broader implications and limitations.

5.1 Ephemeral Reproducibility

As observed in Section 4.1, reproducibility is not a static property of an artifact,
but depends on an execution context that may evolve over time. Changes in
dependencies, external services, or hardware environments can render previously
executable artifacts unusable. This is particularly evident when dependencies
are not precisely pinned or become unavailable, allowing future installations to
resolve to incompatible versions.

Reproducibility assessments should therefore be understood as time-
dependent and context-specific rather than permanent certifications. In this
sense, artifact badges or reproducibility claims capture the state of an artifact
under a particular configuration at a particular time.

Aegis can make such dependencies explicit by inspecting environment spec-
ifications and detecting sources of instability, such as unpinned requirements.
By exposing these properties as evidence, it supports more robust and forward-
looking assessments of artifact quality.

5.2 Interpreting Agent Failures

When an automated agent cannot execute an artifact, the cause is often am-
biguous. Failures may stem from agent limitations, insufficient documentation,
or genuine artifact issues, and distinguishing these factors is inherently difficult.

Nevertheless, agentic execution offers a useful perspective on usability. An ar-
tifact that can be processed by an agent following general instructions exhibits
procedural clarity likely beneficial for human users as well. Conversely, agent fail-
ures can indicate missing documentation, implicit assumptions, or fragile setup
procedures.

Agent-based evaluation therefore does not replace human judgment, but pro-
vides a lower bound on artifact usability under standardized conditions. By
recording execution traces and failure modes, Aegis allows reviewers to inter-
pret such outcomes in context.

5.3 Interaction Modalities and Limitations

Some artifacts require graphical user interfaces (GUIs), visual inspection of plots,
or other modalities not yet fully supported by current agent-based systems, as
illustrated in Section 4.2. This limits automated assessment of artifacts that rely
on interactive or visualization-heavy workflows.

Recent work on vision–language agents shows the feasibility of GUI control
through screenshot-based perception and action generation [25, 27]. However,
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such agents are not yet robust enough for general artifact evaluation; Aegis
therefore focuses on command-line and script-based interaction.

5.4 Robustness and Adversarial Considerations

Using LLMs in artifact review introduces vulnerabilities, including prompt in-
jection [16, 44] and other adversarial manipulation. Such attacks may try to
influence automated assessments through misleading instructions embedded in
artifacts or documentation.

This underscores the importance of controlled execution environments, trans-
parent logging, and preserving intermediate evidence. Aegis retains generated
evidence, including prompts and execution traces, in the review context, enabling
manual post-hoc inspection and reducing reliance on opaque model outputs.

6 Conclusion & Outlook

We presented Aegis, a modular prototype for supporting software artifact as-
sessment through structured evidence collection. It combines deterministic anal-
yses, LLM-based semantic evaluation, and agent-based interaction, and was eval-
uated on three pattern-recognition papers.

The results indicate that Aegis can surface relevant reproducibility issues
while partially automating artifact inspection. However, human oversight re-
mains necessary, especially for resolving implicit assumptions and selecting suit-
able execution environments. Aegis should therefore be understood as support-
ing, not replacing, artifact review.

Such approaches can enable more scalable review processes, for example, in
conference settings. We aim to improve Aegis by adapting agents to this task
and extending the framework to support automated feedback and artifact repair.
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