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Abstract

We present a novel autonomous system for real-time software packaging that monitors aca-
demic literature, evaluates emerging tools through multi-agent debate, and automatically gen-
erates secure, reproducible software packages. Our system addresses the critical gap between
research publication and tool availability by creating a self-improving pipeline that reduces the
time from paper publication to usable software from months to days. The system employs large
language model agents in adversarial roles to evaluate tool significance, implements formal ver-
ification for security guarantees, and demonstrates recursive self-improvement through its own
packaging decisions. We evaluate the system on 500+ recent arXiv papers in AT/ML domains
and demonstrate significant improvements in tool discovery accuracy, packaging success rate,
and community adoption compared to manual approaches.

1 Introduction

The acceleration of artificial intelligence research has created an unprecedented proliferation of
software tools, frameworks, and experimental implementations. ArXiv.org alone publishes over
2,000 computer science papers monthly, many introducing novel computational tools [I]. However, a
critical bottleneck exists between research publication and practical tool availability: most research
software remains difficult to install, poorly documented, or entirely inaccessible to the broader
community.

Traditional software packaging approaches, whether through official distribution channels (PyPI,
CRAN, CTAN) or community efforts (Debian packages, Conda-forge), operate on timescales in-
compatible with the pace of research. Manual packaging efforts typically lag research publication
by 6-18 months, if they occur at all. This delay significantly impedes scientific progress and repro-
ducibility.

We address this challenge through an autonomous multi-agent system that:

1. Continuously monitors research literature for emerging software tools

2. Evaluates tool significance through structured multi-agent debate

3. Automatically generates secure, containerized software packages

4. Recursively improves its own decision-making through deployment feedback

5. Maintains formal verification guarantees throughout the pipeline



Our approach combines recent advances in large language models, formal verification, and
distributed systems to create a packaging pipeline that operates at research speed while maintaining
production-quality security and reliability standards.

2 Related Work

2.1 Automated Software Packaging

Traditional automated packaging systems focus on converting existing software to specific distribu-
tion formats. Tools like fpm [2] and checkinstall automate package creation but require manual
initiation and oversight. Continuous integration systems like GitHub Actions enable automated
package building but still require human-defined triggers and quality assessment.

Recent work in automated software discovery includes dependency analysis systems [3] and
vulnerability detection pipelines [4], but these focus on existing package ecosystems rather than
emerging research software.

2.2 Research Software Sustainability

The challenge of research software sustainability has been extensively documented [5 [6]. Studies
consistently show that research software has shorter lifespans, poorer documentation, and lower
reproducibility than commercial software. Efforts like the Software Sustainability Institute [7]
provide guidelines and training but do not address the fundamental scalability problem.

2.3 Multi-Agent Systems for Software Engineering

Multi-agent approaches to software engineering tasks have shown promise in code review [§], bug
detection [9], and requirements analysis [10]. However, these systems typically operate on existing
codebases rather than evaluating the significance of newly published research tools.

2.4 Large Language Models in Software Engineering

Recent advances in code-aware language models [11), 12] have demonstrated capabilities in code
generation, documentation, and analysis. These models form the foundation for our agent-based
evaluation system, though their application to research tool assessment represents a novel contri-
bution.

3 System Architecture

3.1 Overview

Our system consists of five primary components operating in a continuous feedback loop:
1. Literature Monitor: Tracks arXiv RSS feeds and extracts tool references

Multi-Agent Evaluator: Debates tool significance using specialized LLM agents

Package Generator: Creates containerized packages with security scanning

Deployment System: Distributes packages through multiple channels

ROl

Feedback Integrator: Analyzes usage patterns to improve future decisions



Algorithm 1 Main System Loop

1: while system active do

2:  papers < monitor_arxiv()

3 for each paper in papers do

4 tools + extract_tools(paper)

5: for each tool in tools do

6 signi ficance < multi_agent_debate(tool, paper)
7 if significance > threshold then

8 package < generate_package(tool)

9 verification < verify_security(package)

10: if verification passes then

11: deploy_package(package)

12: log_decision(tool, significance, SUCCESS)

13: else

14: log_decision(tool, significance, SECURITY _FAIL)
15: end if

16: else

17: log_decision(tool, significance, REJECTED)

18: end if

19: end for

20:  end for
21:  update_models_from_feedback()
22: end while

3.2 Literature Monitoring Component

The literature monitor subscribes to arXiv RSS feeds across relevant categories (cs.Al, ¢s.LG, ¢s.CL,
cs.CV, ¢s.RO) and processes approximately 100-200 papers daily. For each paper, the system:

1. Downloads and parses the PDF using OCR-robust text extraction
2. Identifies software tools through pattern matching and named entity recognition
3. Extracts repository URLs, installation instructions, and claimed capabilities

4. Creates structured metadata for downstream evaluation

The extraction process employs both rule-based patterns (GitHub URLs, installation com-
mands) and learned patterns from a language model fine-tuned on research paper structure.

3.3 Multi-Agent Evaluation System

The core innovation of our approach lies in the structured debate between specialized language
model agents. We implement three agent types with distinct objectives:

3.3.1 Advocate Agent

The advocate agent argues for packaging a tool by:

e Analyzing citation patterns and author reputation



e Evaluating technical novelty and potential impact
e Assessing code quality and documentation completeness

¢ Identifying dependencies on other valuable tools

3.3.2 Skeptic Agent
The skeptic agent argues against packaging by:
e Identifying existing alternatives with superior features
e Highlighting security vulnerabilities or poor code quality
e Evaluating maintenance sustainability and community support

e Assessing resource requirements and deployment complexity

3.3.3 Moderator Agent

The moderator agent synthesizes arguments and renders final decisions by:
e Weighing competing arguments objectively
e Considering broader ecosystem implications
e Applying learned decision criteria from previous outcomes

e Generating confidence scores and uncertainty estimates

Algorithm 2 Multi-Agent Debate Protocol
tool_analysis < analyze_tool(tool, paper)
advocate_args < advocate_agent(tool_analysis)
skeptic_args < skeptic_agent(tool_analysis)
for round =1 to max_rounds do
advocate_rebuttal < advocate_agent(skeptic_args)
skeptic_counter < skeptic_agent(advocate_rebuttal)
if convergence_detected(advocate_rebuttal, skeptic_counter) then
break
end if
end for
. decision <— moderator_agent(advocate_args, skeptic_args)
: return decision

= =

3.4 Package Generation Pipeline

When a tool receives approval for packaging, the system initiates an automated build process
designed for security and reproducibility:



3.4.1 Source Code Acquisition
1. Clone the source repository to an isolated environment
2. Verify GPG signatures when available
3. Perform integrity checks against known hash databases

4. Scan for obvious security vulnerabilities using static analysis

3.4.2 Dependency Resolution

[a—

. Parse package manifests (requirements.txt, setup.py, etc.)

2. Resolve dependency versions using constraint satisfaction

3. Identify and flag potential security vulnerabilities in dependencies
4

. Generate reproducible dependency specifications

3.4.3 Containerization
1. Generate minimal base container images
2. Install dependencies in isolated layers
3. Build the target software with comprehensive logging
4. Apply security hardening (non-root users, read-only filesystems)

5. Generate container signatures using Sigstore/Cosign

3.4.4 Quality Assurance
1. Execute automated tests when available
2. Perform basic functionality verification
3. Scan final containers for known vulnerabilities using Trivy

4. Validate container compliance with security policies

3.5 Security Framework

Given the autonomous nature of the system, security considerations are paramount. We implement
multiple layers of security controls:

3.5.1 Isolation Architecture

All package builds occur in ephemeral virtual machines with:

e No persistent storage beyond the build session
e Network isolation preventing external communication during builds
e Resource limits preventing denial-of-service attacks

e Mandatory destruction after build completion



3.5.2 Supply Chain Security

e Cryptographic verification of source code integrity
e Dependency pinning with known-good version databases
e Build environment reproducibility through hermetic builds

e Multi-party code review for high-impact packages

3.5.3 Runtime Security

e Container scanning with multiple vulnerability databases
e Behavioral analysis during package execution
e Network traffic monitoring for suspicious activity

e Automated quarantine for packages exhibiting anomalous behavior

4 Recursive Self-Improvement

A key innovation of our system is its ability to improve its own decision-making through deployment
feedback and outcome analysis.

4.1 Feedback Collection
The system collects multiple types of feedback:

4.1.1 Usage Metrics

e Download counts and adoption rates
e User engagement through documentation views and issue reports
o Integration patterns with other packages

e Performance metrics and resource utilization

4.1.2 Community Response

e GitHub stars, forks, and contributor activity
e (Citation patterns in subsequent research
e Discussion volume in relevant forums and social media

e Expert opinions from domain specialists



4.1.3 Technical Outcomes
e Build success rates and failure modes
e Security incident reports and vulnerability discoveries
e Maintenance burden and update frequency requirements

e Compatibility issues with existing package ecosystems

4.2 Learning Mechanisms

The system employs several mechanisms to incorporate feedback into improved decision-making:

4.2.1 Agent Model Updates
e Fine-tuning agent language models on successful/failed packaging decisions
e Adjusting argument weighting based on predictive accuracy
e Incorporating new evaluation criteria discovered through outcome analysis

e Updating confidence calibration based on decision outcomes

4.2.2 Decision Tree Refinement
e Learning optimal thresholds for packaging decisions
e Identifying predictive features for tool success
e Discovering interaction effects between tool characteristics

e Adapting to changing research trends and community preferences

4.2.3 Process Optimization
e Optimizing resource allocation based on success probability
e Improving build processes to reduce failure rates
e Streamlining security scanning based on risk assessment

e Adapting deployment strategies to maximize adoption

5 Experimental Evaluation

5.1 Dataset and Methodology

We evaluated our system over a 6-month period covering 2,847 arXiv papers from AI/ML categories.
The evaluation compared our autonomous system against:

1. Manual expert curation (baseline)
2. Existing automated packaging tools (fpm, auto-pkg)
3. Community-driven packaging efforts (conda-forge, AUR)

4. Random sampling for statistical comparison



5.2 Metrics
5.2.1 Discovery Accuracy

e Precision: Fraction of packaged tools that gained significant community adoption
e Recall: Fraction of ultimately successful tools that were identified and packaged

e Timeliness: Time from paper publication to package availability

5.2.2 Package Quality

e Build Success Rate: Percentage of packages that build without manual intervention
e Security Score: Vulnerability density and severity in final packages

¢ Reproducibility: Consistency of builds across different environments

5.2.3 System Performance

e Throughput: Papers processed per day
¢ Resource Efficiency: Computational cost per successful package

e Adaptation Rate: Speed of improvement from feedback integration

5.3 Results
5.3.1 Discovery Performance

Our multi-agent system achieved significantly higher precision (0.73) compared to manual expert
curation (0.58) and random sampling (0.12). The recall rate (0.67) was comparable to expert
curation (0.71) but substantially higher than existing automated tools (0.31).

Most significantly, our system reduced time-to-availability from an average of 127 days (manual
packaging) to 3.2 days, representing a 40x improvement in responsiveness to emerging research.

5.3.2 Package Quality

Build success rates averaged 89% compared to 67% for existing automated tools. Security scan-
ning identified 23% fewer vulnerabilities in our packages compared to manually created packages,
primarily due to systematic application of security best practices.

Reproducibility testing showed 94% of builds producing identical results across different envi-
ronments, compared to 78% for manual packaging efforts.

5.3.3 Self-Improvement Dynamics

The system demonstrated clear learning curves across all measured metrics. Precision improved
from 0.61 (month 1) to 0.73 (month 6), while maintaining stable recall rates. Build success rates
improved from 81% to 89% as the system learned to avoid problematic code patterns.

Agent debate quality, measured through argument coherence and factual accuracy, improved
significantly over the evaluation period, suggesting successful adaptation of the language models to
domain-specific requirements.



5.4 Case Studies
5.4.1 High-Impact Success: Novel Transformer Architecture

Our system identified and packaged a novel attention mechanism implementation within 18 hours
of paper publication. The package received 2,847 downloads in the first week and was subsequently
adopted by three major research groups. Manual expert review confirmed this as a significant
contribution that would have taken 3-4 months to package through traditional channels.

5.4.2 Avoided False Positive: Overhyped Framework

The skeptic agent successfully argued against packaging a tool that received initial enthusiasm but
was later found to contain fundamental algorithmic errors. The framework was retracted by the
authors 6 weeks after publication, validating the system’s cautious evaluation.

Edge Case: Security Vulnerability

The system detected and quarantined a package containing a backdoor in its build process,
demonstrating the effectiveness of multi-layer security scanning. The vulnerability was reported to
the upstream authors and fixed within 72 hours.

6 Discussion

6.1 Implications for Research Software

Our results suggest that autonomous packaging systems can significantly accelerate the translation
of research ideas into usable software tools. By reducing the time-to-availability from months to
days, such systems could fundamentally change how research software is developed and distributed.

The multi-agent evaluation approach appears particularly effective at balancing innovation
adoption with quality control. The adversarial structure forces consideration of multiple perspec-
tives and reduces the bias toward either excessive conservatism or reckless adoption.

6.2 Scalability Considerations

The current system processes approximately 200 papers daily with computational costs of $147 per
day (including cloud infrastructure, LLM API calls, and storage). As research publication rates
continue to increase, several optimizations could improve scalability:

1. Hierarchical filtering to focus on higher-impact papers
2. Cached evaluation results for similar tools
3. Distributed processing across multiple regions

4. More efficient language model architectures

6.3 Limitations and Future Work

Several limitations of the current approach warrant discussion:



6.3.1 Domain Specificity

The system is currently optimized for AI/ML research tools. Extension to other domains (bioin-
formatics, physics simulation, etc.) would require domain-specific training data and evaluation
criteria.

6.3.2 Language Model Dependence

The quality of agent debates depends heavily on the underlying language models. As these mod-
els improve, the system’s performance should improve correspondingly, but current limitations in
reasoning and factual accuracy impose constraints.

6.3.3 Community Integration

While the system can identify and package tools effectively, deeper integration with existing research
communities and package ecosystems remains an open challenge.

6.4 FEthical Considerations

Autonomous software packaging raises several ethical considerations:

6.4.1 Attribution and Credit

Ensuring proper attribution to original authors while adding value through improved packaging
and distribution.

Quality Responsibility Determining liability when autonomously packaged software contains
errors or security vulnerabilities.

6.4.2 Research Impact

The potential for packaging decisions to influence research directions and tool adoption patterns.

7 Conclusion

We have presented a novel autonomous system for research software packaging that combines multi-
agent evaluation, formal security verification, and recursive self-improvement. Our experimental
results demonstrate significant improvements in both speed and quality compared to existing ap-
proaches.

The system represents a step toward fully autonomous software engineering pipelines that can
operate at the speed of research while maintaining production-quality standards. The recursive
self-improvement aspects suggest a path toward systems that become increasingly effective over
time.

Future work will focus on extending the approach to additional research domains, improving
integration with existing package ecosystems, and developing more sophisticated evaluation criteria
for tool significance and quality.

The code and datasets from this research will be made available to support reproducibility and
further development of autonomous software engineering systems.
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