2025 40th IEEE/ACM International Conference on Automated Software Engineering Workshops (ASEW)

Bridging the Prototype-Production Gap: A
Multi-Agent System for Notebooks Transformation

1** Hanya Elhashemy
Siemens AG
Munich, Germany
hanya.elhashemy @siemens.com

Abstract—The increasing adoption of Jupyter notebooks in
data science and machine learning workflows has created a
gap between exploratory code development and production-ready
software systems. While notebooks excel at iterative development
and visualization, they often lack proper software engineering
principles, making their transition to production environments
challenging. This paper presents Codelevate!, a novel multi-
agent system that automatically transforms Jupyter notebooks
into well-structured, maintainable Python code repositories. Our
system employs three specialized agents — Architect, Devel-
oper, and Structure — working in concert through a shared
dependency tree to ensure architectural coherence and code
quality. Our experimental results validate Codelevate’s capability
to bridge the prototype-to-production gap through autonomous
code transformation, yielding quantifiable improvements in code
quality metrics while preserving computational semantics.

Index Terms—Task-specific Agents, Multi-agents, Automated
Code Migration, Prototype Code Evolution

I. INTRODUCTION

The past decade has witnessed significant growth in data
science and natural language processing (NLP) due to ad-
vancements in computational power, the rise of open-source
tools, and the increased availability of data. Notebook-based
environments such as Jupyter Notebooks and Google Colab
have become integral to the data science workflow, offering
intuitive platforms for rapid experimentation and visualiza-
tion. Although these environments support fast prototyping,
they can incur technical debt as projects scale beyond initial
exploratory analyses.

A core problem arises from the gap between rapid pro-
totyping and sound software engineering practices. Users of
notebook environments often work under time constraints,
focusing on achieving quick results, which can lead to a
neglect of essential design principles like modularity, sepa-
ration of concerns, and comprehensive documentation. This
oversight poses challenges when attempting to transition from
exploratory analysis to scalable and maintainable software
development.

Generative Al (GenAl) presents an opportunity to address
these challenges. Employing a GenAl-powered multi-agent
framework can restructure unmaintainable notebook code into
a more coherent and scalable codebase, effectively bridging the
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divide between exploratory data analysis and robust software
architecture.

II. RELATED WORK

Previous attempts to address the challenges mentioned in
section I have mainly relied on standalone Large Language
Models (LLMs) or simple automation tools [4]-[7]. However,
these approaches often fail to maintain architectural coherence
throughout the codebase or ensure consistent application of
software engineering principles. The complexity of this trans-
formation task requires a more sophisticated approach that can
understand and preserve both local and global code structures
while implementing proper software architecture patterns.

Structured multi-agent frameworks are proposed as an al-
ternative, with the potential to surpass the limitations of stan-
dalone LLMs. These frameworks emphasize role specialization
and modularity, ensuring that each agent within the system
operates with a clear and coordinated purpose. This approach
mitigates common issues such as shallow abstraction, poor
modularity, and inconsistent outputs that often hinder the
effectiveness of generative development systems.

Overall, the discussion underscores the importance of ad-
vancing beyond traditional LLM-based tools towards agentic
systems. Such systems offer structured methodologies that
improve code quality and maintainability, effectively address-
ing the inherent architectural fragility found within notebook-
based environments.

III. SYSTEM IMPLEMENTATION

We developed Codelevate, a Multi-Agent System for Soft-
ware Architecture (MASA) that automates the transformation
of Jupyter notebooks into production-ready Python codebases.
This transformation process is structured through a series of
well-defined stages that collectively ensure compliance with
architectural best practices and increase code maintainability.
Figure 1 shows the different stages of the tool.

In the initial preprocessing stage, the Jupyter Notebook
content is parsed and cleaned. The process begins with cat-
egorizing cells into markdown, code, and output types using
nbformat, a library that facilitates interaction with notebook
components. This categorization preserves the semantic in-
tegrity of the original notebook format. Subsequently, the code
cells undergo tokenization, where they are cleaned of inline
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Fig. 1. The different stages of the tool’s pipeline to transform Jupyter
notebooks into modular Python code base

comments to strip the content down to its functional logic,
thereby preparing it for detailed structural analysis.

Once preprocessing is complete, the focus shifts to de-
pendency analysis. In this stage, a dependency graph is
constructed to map out the relationships and interactions
among code cells. The abstract syntax tree (AST) module is
applied to extract identifiers, definitions, and usage patterns
from each cell. The tree captures the semantic content of the
code, including function definitions, variable assignments, and
import statements. This graph is crucial for understanding how
different sections of code rely on one another, serving as the
foundation medium for the code transformation.

The multi-agent component form the heart of the transfor-
mation process. Each agent is assigned specialized tasks aimed
at enhancing the codebase’s modularity and maintainability.
These agents are designed to work in a harmonious sequence,
where each stage builds upon the previous one. All agents use
the dependency graph as the communication medium. Addi-
tionally, the agents, built using LangGraph, leverage OpenAl
compatible API, enabling users to choose their preferred LLM
with tool-calling capabilities. As an example for this paper
we tested the framework using GPT-4o0. Each agent reads
the graph for context and modifies it based on its assigned
tasks, then forwards its modified version to the next agent
needed for the transformation. This sequence allows agents
to progressively refine the code by applying critical software
engineering principles such as DRY (Don’t Repeat Yourself),
which reduces redundancy, and SOLID principles, which
uphold object-oriented design tenets, like single responsibility
and open-closed principles. These practices collectively ensure
that the evolving codebase is characterized by robustness and
adaptability.

Finally, in the output generation stage, the transformed code
is organized into a structured codebase that features logical file
segmentation, thus enhancing both modularity and maintain-
ability. This final product not only maintains the functional
equivalency of the original notebook but also surpasses its
architectural limitations by providing a clear, maintainable,
and efficiently organized code structure.

A. Architect Agent

The Architecture Agent acts as the primary reasoning com-
ponent in the MASA framework, designed to analyze parsed
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Fig. 2. depicts the design of the Architect Agent, generating ADRs for each
code cell of a Jupyter notebook and adding the ADRs to the nodes of the
code dependency tree.

and preprocessed Jupyter notebooks represented as depen-
dency trees. Each node within this tree corresponds to a code
cell, complete with metadata that includes variable definitions,
function usage, and hierarchical parent-child relationships. The
agent processes inputs iteratively, focusing on one cell at a
time to develop a detailed architectural vision.

The output generated by the Architecture Agent is an
Architecture Design Record (ADR) for each cell, document-
ing specific Architecture Design Decisions (ADDs) aimed at
transforming the notebook into a coherent software structure.
These decisions encompass modularization strategies, deter-
mining whether code should be encapsulated within functions
or classes, naming conventions for standardization purposes,
strategies for reducing redundancy through the DRY Principle,
and the segregation of responsibilities to allocate logic across
separate modules or units.

Each ADD is presented with a clear title, a concise trans-
formation description, and references to any parent cell depen-
dencies that inform the architectural decision. The output is
structured to ensure it is both parseable and linked directly to
the relevant node in the dependency tree, facilitating smooth
downstream refactoring. ADRs are integrated back into the
corresponding cell nodes to provide guidance for subsequent
modifications.

To achieve this architectural transformation, the agent is
guided by a system prompt that delineates its responsibil-
ities and architectural objectives. This prompt includes the
complete code for the current cell and for all its parent
dependency cells, offering the necessary context for develop-
ing well-informed ADDs grounded in the original logic and
dependencies. The skeleton structure of the dependency tree is
also included to model the relationship between current nodes
and their dependencies.

The workflow of the Architecture Agent presented in Figure
2 spans three iterative nodes. The first node, the Prompt For-
matting Node, assembles a cell’s raw code alongside the codes
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Fig. 3. illustrates the design of the Developer Agent, highlighting the various
agent nodes and their tool capabilities. The agent iteratively refactors and
validates the code before formatting it in the nodes of the dependency tree

of its dependencies and structures this information into a well-
organized prompt. The second node, the LLM Node, processes
the prompt using a LLM of choice to generate an ADR
tailored to the cell’s architectural context and content. Finally,
the Output Formatting Node formats the generated ADR and
embeds it into the corresponding cell in the dependency tree.

B. Developer Agent

The Developer Agent receives a dependency tree enriched
with ADRs and methodically refines each code cell according
to the specified architectural guidelines. The agent operates by
integrating the raw code of the current cell with the code from
its parent cells and the corresponding ADR to construct a de-
tailed prompt. This integration facilitates the alignment of the
code structure with the overarching architectural vision while
preserving the semantic correctness and functional integrity of
the original logic.

As an implementation specialist, the Developer Agent con-
verts architectural intent into concrete code that adheres to
design principles, ensuring the refactored code maintains con-
sistency with the original functionalities and dependencies.
The output is a refined version of the main cell’s code that
aligns with the ADR’s principles and is prepared for seamless
integration into the final codebase.

To ascertain that the refactored code retains its original
functionality and remains executable, the Developer Agent
utilizes a validation tool. This tool, based on pylint,
conducts static code analysis and permits dynamic testing.
Pylint provides detailed feedback on coding standards, detects
errors, suggests refactoring opportunities, and assigns a quality
score to the code. The Developer Agent aims to improve
this score iteratively, enhancing the code’s overall quality and
maintainability. Discrepancies detected during execution are
flagged for correction, ensuring the resultant code is both
syntactically and semantically sound.

The Developer Agent’s workflow presented in Figure 3 is
structured through a four-node pipeline. It begins with the
Prompt Formatting Node, which consolidates code from the
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Fig. 4. illustrates the design of the Structure Agent, showcasing the various
agent nodes along with their tool capabilities to structure and group logically
related refactored code into files and modules

current cell and its dependencies, coupled with the ADR, to
create a complete prompt. This prompt provides the LLM
with the full context needed to generate a refactored version
of the cell. The LLM Node then processes this prompt to
produce the refactored code, iteratively calling a Tool Node
to validate the output. The validation tool within this
node uses a linter to scrutinize the code for syntax issues and
potential code smells. Finally, the Output Formatting Node
parses and extracts the validated refactored code, updating
the appropriate cell in the dependency tree. This iterative,
validation-focused approach ensures that each code cell is
transformed into a robust, maintainable component of the
overall software architecture.

C. Structure Agent

The Structure Agent is the concluding phase in the multi-
agent framework, tasked with transforming refactored code
into a coherent and well-organized modular structure. It
achieves this by utilizing architectural insights and depen-
dency relationships established in preceding stages to en-
hance maintainability and eliminate redundancy. The agent
systematically groups logically related code segments into
appropriate modules and files, applying best practices such
as the DRY principle to identify and consolidate duplicated
functions and classes across cells. This results in a scalable
directory layout that significantly improves code readability
and promotes reuse.

Using the dependency tree filled by the previous agent
with refactored code blocks, the Structure Agent constructs
a directory-based file system that mirrors the architectural
configuration derived from the dependency tree. Each file
within this system is populated with the code corresponding
to logically grouped cells. The agent relies on various code-
base generation tools like write_file for writing content,



read_file for reading files, and 1ist_directory for
navigating the directory, alongside fetch_code to retrieve
specific code blocks dynamically.

The Structure Agent workflow presented in Figure 4 is
organized into several nodes, beginning with the Definitions
Extraction Node, which traverses each node within the depen-
dency tree to identify structural elements such as function defi-
nitions and class declarations. Subsequently, the File Structure
Prompt Formatting Node refines these extracted definitions
into a prompt format, enhancing the dependency tree skeleton
with semantic metadata to guide downstream decisions in file
organization and module assignment.

The File Structure LLM Node receives this structured
prompt and employs architectural reasoning to devise a di-
rectory layout. This layout is physically instantiated using
file management tools provided by the Directory Structure
Tools Node. The Code Population Prompt Node then translates
the dictionary-based file structure into a detailed prompt,
mapping file paths to content types, and outlining module
responsibilities. This precision guides the Population LLM to
populate files within the directory hierarchy.

In its final stages, the Population LLM Node processes en-
riched prompts to extract refactored code from the dependency
tree, ensures logical grouping, consolidates repeated logic
under the DRY principle, and writes the code to designated
files. Semantic checks are performed to validate execution
correctness, maintain architectural coherence, and ensure that
each file is devoid of syntax errors and code smells. The
Population Tools Node supports this process, empowering the
agent with capabilities to write, read, retrieve, and validate
code.

The Structure Agent’s efforts culminate in a modular, main-
tainable codebase that reflects coherent architectural transfor-
mation. By adhering to best practices in software engineering,
it achieves modular design, explicit dependency management,
and clear separation of concerns, facilitating improved read-
ability, reusability, and long-term maintainability essential for
collaborative development and continuous integration work-
flows.

IV. CONCLUSION AND FUTURE WORK

Despite the promising outcomes generated by Codelevate,
limitations in its current design should be acknowledged.
These limitations provide valuable insights for future enhance-
ments and opportunities to expand the system’s capabilities.
The current system proposes a sequential communication
pattern between the Architect, Developer, and Structure agents,
which mimics traditional software engineering workflows,
but constrains scalability and responsiveness. Existing frame-
works, such as HyperAgent [1] and Self-Organized Agents
[2], have shown the advantages of asynchronous coordination,
suggesting that similar strategies could enhance parallelism
and support dynamic task prioritization. Such orchestration
approaches could, however, introduce unnecessary overhead,
thus a detailed evaluation is necessary before adoption for our
use case.
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Additionally, while the system distributes tasks across spe-
cialized agents, more sophisticated transformations could ben-
efit from a shared global memory model that facilitates long-
term consistency between agents. The current reliance on the
dependency tree for state transfer lacks dynamic feedback
and reinforcement from earlier stages, a challenge that could
be addressed by incorporating adaptive memory modules.
Handling interactive and graphical output remains open, as
the system is primarily geared towards text-based outputs and
standard code cells, leaving content such as plots and widgets
unsupported.

Furthermore, the system’s static refactoring strategy, driven
by predefined metadata and prompting strategies, limits its ca-
pacity for adaptive optimization across the pipeline. Integrating
reinforcement signals from human-in-the-loop scoring could
allow the system to iteratively refine its heuristics, leading to
more context-sensitive transformations.

Future work involves advancing agent orchestration and
embracing parallel execution inspired by task graphs and mes-
sage queues, as demonstrated by HyperAgent [1] or MetaGPT
[3] architectures. Integrating real-time feedback mechanisms
could create adaptive learning loops, improving output quality
through critic modules or corrective strategies based on prior
faults. Extending the framework to manage non-textual and
interactive content would bolster its robustness, requiring
techniques from UI code generation and reactive frameworks.
These insights provide a roadmap for realizing the full po-
tential of leveraging multi-agents for software architecture
transformations.
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