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ABSTRACT
AutoML has advanced in handling complex tasks using the in-
tegration of LLMs, yet its efficiency remains limited by depen-
dence on specific underlying tools. In this paper, we introduce
LightAutoDS-Tab, a multi-AutoML agentic system for tasks with
tabular data, which combines LLM-based code generation with
several AutoML tools. Our approach enhances the flexibility and
robustness of pipeline design, outperforming state-of-the-art open-
source solutions on several Kaggle data science tasks. The source
code of LightAutoDS-Tab: https://github.com/sb-ai-lab/LADS.

Demonstration video: https://youtu.be/sDUo_Ke2xs0.
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1 INTRODUCTION
Tabular AutoML tools, such as AutoGluon [1] and H2O [6], gener-
ally rely on predefined search spaces and routines, often focusing
on hyperparameter optimization and model ensembling. Leverag-
ing natural language understanding and code generation abilities of
large language models (LLMs) has recently led to the emergence of
LLM-based agents capable of automating parts of the ML workflow
[3]. General strategies involve iterative planning [4], a tree-based
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Figure 1: The proposed LightAutoDS-Tabmulti-AutoML agen-
tic system architecture.

search process with agentic trial-and-error code construction [5],
and fully autonomous agents for machine learning (ML) [11].

While all of the mentioned strategies result in a robust search
space across preliminary model training stages and broad flexibility
of the pipeline design, they are prone to excessive branching before
reaching an optimal solution. Each branch typically requires exten-
sive context, including task descriptions, historical demonstrations,
domain knowledge, intermediate reasoning, generated code, error
logs, and feedback. Appending conversation history or providing
detailed context in prompts can face limitations due to the limited
LLM context window, which drastically increases cost while not
guaranteeing model composition performance in the latter pipeline
stages. For these reasons, classic AutoML frameworks often remain
a more efficient solution [2]. LLM-based solutions for AutoML tasks
are implemented in AutoKaggle [7], a multi-agentic approach for
model selection, and AIDE (AI-Driven Exploration) [5], which per-
forms a tree search over solutions. However, such techniques do
not use the potential of various existing ML and AutoML tools.

To address these shortcomings, we introduce LightAutoDS-Tab,
a novel multi-AutoML agentic system designed to bridge this gap. It
combines LLMs for adaptive, data-aware code generation in early-
stage tasks with the power of multiple AutoML tools for robust
model configuration and training. This hybrid design improves
pipeline construction, overcoming the limitations of traditional
fixed-pipelines and purely LLM-driven AutoML techniques.
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Figure 2: The LightAutoDS-Tab user interface.

2 PROPOSED SYSTEM
LightAutoDS-Tab combines LLM agents with existing ML and Au-
toML tools. The architecture of the system is shown in Figure 1.
The system comprises specialized agents for tasks such as code
generation, debugging, validation, providing technical and non-
technical explanations, executing tools, and facilitating user inter-
action. Users provide a dataset and a query describing their goal.

If the query involves user interaction, the Interactor agent pro-
vides relevant explanations of the system processes to ensure user
understanding. If the query requests building an ML pipeline, a
router evaluates the input and chooses one of two routes:

(1) LLM-Driven Pipeline Generation: The Planner agent first
formulates a plan based on the task description. The Generator
agent, powered solely by LLMs, generates code using standard ML
libraries such as Scikit-learn, CatBoost, TabPFN, and others. The
generated code is subsequently evaluated by the Validator agent
to ensure correctness and performance. If the validation criteria are
not met, the Improver agent iteratively refines the code to enhance
its performance metrics until satisfactory results are achieved.

(2) AutoML-Based Pipeline Configuration: Alternatively, the
agent integrates with AutoML tools, utilizing an LLM to interpret
the problem statement and data, and to generate the key configura-
tion settings required to set up the frameworks.

We include several AutoML tools that are efficient in various
tasks, e.g., LightAutoML [9], emerged as the winner of the Kaggle
AutoML Grand Prix 20241 and FEDOT [8], which supports flexible
pipelines for complex tasks. The router can select a route automati-
cally from task characteristics or follow an explicit user instruction.

The Executor handles code execution and debugging. During
execution, the Interpreter produces non-technical step summaries.
These summaries are aggregated into a final report that documents
pipeline decisions, generated code, and the trained model for trans-
parency and traceability.

The LightAutoDS-Tab framework features a user-friendly in-
terface (Figure 2), designed to streamline user interaction and the
AutoML workflow. Users can upload and preview datasets in stan-
dard formats such as csv, xlsx, and parquet.

1https://www.kaggle.com/automl-grand-prix

Table 1: The normalized performance score for LightAutoDS
tools and existing solutions.

Dataset Tools of LightAutoDS-Tab Existing
solutions

LAMA
+LLM

Code
Gen

FEDOT
+LLM

Auto
Kaggle AIDE

Titanic 0.745 0.766 0.780 0.767 0.744
Sp. Titanic 0.798 0.788 0.790 0.771 0.793
House Prices 0.886 0.871 0.882 0.862 0.883
Monsters 0.774 0.774 0.733 0.723 0.721
Ac. Success 0.836 0.828 0.833 0.820 0.835
Bank Churm 0.883 0.885 0.881 0.856 0.786
Ob. Risk 0.905 0.888 0.904 0.896 0.896

Plate Defect 0.886 0.878 0.883 0.823 -

Once a dataset is uploaded, users define their task by entering
a query. Expert users can provide detailed technical constraints,
while non-experts can use high-level business descriptions.

The interface has two real-time panels. The right panel shows
technical details of each pipeline step for expert users. The left panel
shows a simplified non-technical summary, helping non-experts
follow the process and understand results.

LightAutoDS-Tab can be easily extended to other tools, such
as AutoGluon. It integrates with multiple LLM providers, and the
system architecture enables the seamless addition of new LLM-
based providers as needed.

3 EXPERIMENTS
In the experimental part, we follow the authors of AutoKaggle [7]
in utilizing the normalized performance score and benchmarking
our framework on 8 ML datasets from Kaggle Competitions, which
comprise 7 classification tasks, 1 regression task, and 1 multi-target
task. Each competition contains a train and test split, a sample
submission, and a description downloaded from the corresponding
Kaggle page. Competitions are split evenly between classic (up
to 2024) and modern (after 2024), coinciding with the knowledge
cutoff in GPT-4o and GPT-4o-mini, which we adopt as LLMs.

The results (Table 1) demonstrate that LightAutoDS-Tab achieves
superior performance compared to AutoKaggle and AIDE. The
comparative analysis of different tools within LightAutoDS-Tab
confirms the validity of our multi-AutoML implementation, as no
single tool consistently delivers the best results across all cases.

The influence of LLM selection on CodeGen performance was
analyzed by comparing GPT-4o and GigaChat2Max [10]. The re-
sults2 demonstrate that the CodeGen output is susceptible to the
choice of the underlying LLM.

4 CONCLUSION
This paper introduces LightAutoDS-Tab, a multi-AutoML agentic
system designed to significantly enhance the productivity of data
scientists working with tabular data by automating the end-to-end
creation of ML pipelines while maintaining full interpretability.

2Detailed tables with experimental results are available in the GitHub repository.
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