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ABSTRACT
Large language models (LLMs) have significantly advanced au-
tomated machine learning (AutoML), enabling more exploratory
workflows. However, existing LLM-based AutoML systems struggle
to integrate specialized external tools, relying instead on internal
model knowledge that is often outdated or incomplete for domain-
specific libraries. To address this challenge, we propose AutoDS-
Tools, a multi-agent framework that enables the understanding
and utilization of external data science tools through graph-based
retrieval over automatically generated documentation.

Code: https://github.com/sb-ai-lab/AutoDS-Tools
Demonstration video: https://youtu.be/H_88VTaxsfs
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Figure 1: Proposed AutoDS-Tools architecture
1 INTRODUCTION
Automated Machine Learning (AutoML) has emerged as a critical
technology for democratizing data science, enabling users without
deep ML expertise to build effective models. Traditional systems
such as AutoGluon [2], H2O [7], and LightAutoML [14] rely on
fixed search spaces, hyperparameter tuning, and ensembling. While
effective, they require substantial configuration and cannot adapt
to novel problem formulations.

Large language models (LLMs) have broadened AutoML through
natural-language interaction and code generation. Recent agents
employ planning, iterative refinement [3], and tree-based search [5]
to automate ML workflows. Systems such as AutoKaggle [9] and
AIDE [5] show strong benchmark performance.

However, integrating specialized external tools remains a key lim-
itation. Real-world tasks often depend on domain libraries (e.g.,
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PyTorch-LifeStream [11] for event-sequence prediction and Tsu-
ruru [6] for time-series forecasting) that are underrepresented in
LLM training data. As a result, agents make stale API calls, spend
extra iterations on debugging, and waste context on repetitive error
handling.

This challenge also appears in software engineering. Retrieval-
Augmented CodeGeneration (RACG)methods [8] build code graphs
over hierarchies, calls, and dependencies [15], treat repositories as
agents [1], and mine Issues and Pull Requests [10]. Our research,
unlike methods focused on repository editing, focuses on effective
library utilization.

To address this gap, we introduce AutoDS-Tools (Fig. 1), a mod-
ular multi-agent framework for integrating external data-science
tools into AutoML workflows. The demonstration video, code,
and supplementary materials are available at https://github.com/
AaLexUser/AutoDS-Tools.

2 AUTODS-TOOLS
The proposedAutoDS-Tools is amulti-agent system (MAS) designed
to streamline the machine learning (ML) and data science (DS)
process. It comprises 6 specialized agents, each with distinct roles:

(1) Analyst: Explores the dataset structure, available files, and
performs exploratory analysis.

(2) Researcher: Studies the selected library through Graph
RAG API Documentation and generates usage cookbooks
with practical examples.

(3) Manager: Creates detailed execution plans and specifica-
tions for the Coder agent based on Analyst and Researcher
reports.

(4) Coder: Iteratively refines the solution based on execution
results, adjusts model parameters, and optimizes the data
processing pipeline.

(5) Debugger: Catches errors and attempts to resolve them
without affecting the main execution context.

(6) Presenter: Audits reproducibility, data handling, leakage
risk, and output quality.

Each agent operates in a ReAct [16] loop, alternating between
reasoning phases and acting phases. Agents exchange informa-
tion through structured reports that form a cumulative knowledge
chain—each subsequent agent accesses findings from all prede-
cessors, preventing context overflow while preserving essential
information flow. This creates a sequential workflow: the Analyst’s
report guides the Researcher, their combined insights inform the
Manager’s planning, and the Coder executes the final solution based
on the complete accumulated context.

All agents share a common toolkit: bash execution, Jupyter note-
book execution, and GRAD-based documentation querying.

Toutilize specialized external libraries effectively, LLM agents
require structured knowledge about APIs that goes beyond what
is available in model training data. RAG approaches to raw docu-
mentation often fail to capture the structural relationships between
code components. While GraphRAG approaches over raw source
code preserve structural relationships, they introduce noise from
implementation details irrelevant to library usage.

We propose Graph RAG API Documentation (GRAD), a hy-
brid approach that combines auto-generated structured API docu-
mentation with graph-based retrieval. GRAD focuses exclusively
on the public API surface and usage examples, filtering out internal
implementation complexity. It operates in two phases: (1) auto-
matic extraction of structured API documentation from source code
repositories, and (2) ingestion into a GraphRAG system that enables
relationship-aware querying.

Documentation Generation. GRAD clones the repository and
performs static analysis to extract API entities (classes, methods,
functions) along with their docstrings, signatures, and type hints.
Usage examples are mined from multiple sources (test files, Jupyter
notebooks, and documentation) using source-specific extraction
strategies. Examples are deduplicated and attached to correspond-
ing API entities.

GraphRAG Integration. The generated documentation is in-
gested into a knowledge graph built on the Cognee framework [13].
A custom prompt guides the LLM to extract entities and establish re-
lationships such as has_method, belongs_to, and is_used, while
allowing the model to infer additional semantic connections based
on the documentation content.

Agent Integration. During task execution, agents access GRAD
through the libq tool, which accepts a GitHub repository URL
and a natural language query. Queries are processed using graph-
completion context extension, and the system returns a synthe-
sized answer based on the graph knowledge, a coherent response
informed by API definitions and usage patterns.

3 DEMONSTRATION
TheAutoDS-Tools demonstration presents an interactive web-based
interface designed to streamline user interaction with automated
data science workflows. Users populate the Graph RAG (GRAD)
knowledge base by providing GitHub repository URLs. The system
employs session-isolated virtual environments, enabling users to
install Python libraries via the integrated Library Installer, upload
datasets alongside auxiliary files, and access, preview, or download
generated artifacts through the file explorer interface.

Once a dataset is uploaded, users define their task through a
natural language query and specify preferred libraries. During agent
execution, the interface streams real-time execution flow to users:
generated code, tool execution outputs, and intermediate analysis
results appear directly in the interface as they are produced.

The accompanying demonstration video illustrates these capa-
bilities using the Spaceship Titanic [4] classification problem from
Kaggle as the machine learning task, with AutoDS-Tools powered
by the Qwen3-235B-A22B-Instruct model [12].

4 CONCLUSION
We presented AutoDS-Tools, a multi-agent framework that auto-
mates the synthesis of ML pipelines. Our multi-agent architecture,
with seamless integration of specialized external libraries via the
GRAD mechanism, demonstrates significant improvements over
existing approaches, particularly for specialized library tasks. De-
signed for extensibility, AutoDS-Tools supports on-demand index-
ing of new public Python libraries.
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