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Abstract. Data lakes, initially designed for storing heterogeneous datasets, have
recently been extended with ML capabilities to unify data science tasks within a sin-
gle platform. However, they still lack essential ML-specific features, limiting their
effectiveness for end-to-end automation. Automated Machine Learning (AutoML)
and Large Language Models (LLMs) offer potential solutions by streamlining vari-
ous stages of the ML pipeline, yet both have significant limitations.

This paper presents an integration of AutoML frameworks and LLMs within a data
lake system. We introduce a metadata model to capture data analytics processes, a
Python package wrapping existing AutoML libraries, and a module utilizing LLMs
to automate ML tasks. A comparative evaluation indicates that AutoML simplifies
pipeline creation but limits user control and lacks robust data preprocessing sup-
port. LLMs can automate individual tasks, such as code generation, but struggle to
orchestrate complete workflows effectively. Both approaches risk staying as basic
prototypes that still need manual improvement.

The primary challenge lies in managing task interdependencies within ML pipelines.
Retrieval-augmented generation enables dynamic access to external information but
may overlook structured data relationships, leading to incomplete or redundant re-
sults. Therefore, we propose an extended vision that integrates multi-agent frame-
works for data science with knowledge graphs that capture historical experience
from previous ML experiments. We present preliminary results for developing com-
prehensive, context-aware ML agents and their integration into our data lake system
SEDAR.
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1. Introduction

As modern data lakes incorporate an ever-growing variety of heterogeneous data sources,
the complexity of utilizing this data also increases. The challenge lies in finding suitable
methods to analyze these diverse and often unstructured data [36]. Traditionally, profound
knowledge of data science methods is required to develop appropriate machine learning
(ML) pipelines to optimally process data. Data science workflows are inherently com-
plex, consisting of interdependent tasks like data processing, feature engineering, and
model training. Addressing these tasks demands iterative refinement and real-time adjust-
ments, as both the data and requirements are constantly evolving. This poses a significant
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hurdle, particularly in domain-specific areas like chemistry, where experts often lack the
necessary skills. Democratizing access to advanced analytics to a wider audience is thus
highly desirable.

AutoML is the process of automating the end-to-end application of ML to real-world
problems. However, existing AutoML approaches, reach their limits when it comes to
automatically creating data-driven models with sufficiently high accuracy [26/20]. Fur-
thermore, they focus on model selection and hyperparameter tuning, but do not help with
other critical steps like data integration, processing and cleaning [42].

Large Language Models (LLMs) can potentially increase ML pipeline automation
by assisting at all stages of the process. They can help with answering specific ques-
tions or even generate and execute the necessary code entirely and autonomously [[14/38]].
However, LLMs have difficulty understanding and adapting to specific requirements and
contexts leading to generic, erroneous or inappropriate code for specialized tasks [20425]].
Furthermore, while they can be applied to more individual data science tasks [13l31], they
still cannot perform holistic workflows and struggle to execute complete data science pro-
cesses in one go. This is due to an inability to handle real-time changes in intermediate
data and adapt dynamically to evolving task dependencies.

Both directions struggle to move beyond being merely used as an initial prototype that
requires to be improved by humans manually to achieve the desired performance. Another
weakness of these systems is that they start from scratch with each new model generation,
without drawing on existing experience or knowledge [46]. Integrating the experience of
historical training results, consisting of hyperparameters and various metrics related to
result quality, can significantly accelerate and improve this process.

Recently, several techniques have been proposed to tackle these challenges with LLMs.
One of the most notable is Retrieval-Augmented Generation (RAG), which leverages in-
formation retrieval methods to identify data relevant to the question at hand. Relevant
information can then be provided to the LLM as additional context during inference, of-
ten leading to improved answer quality [[12]. Another promising approach is combining
LLMs (and potentially RAG) with knowledge graphs (KGs) [[17]. Knowledge graphs use
graph-based representations to organize, integrate, query, and reason about diverse col-
lections of data and knowledge in a structured manner.

In this article, we address the question of how the integration of automated machine
learning can augment the capabilities of a data lake system and compare the efficacy
of AutoML tools with LLMs in this context. In addition, we examine the question of
how such general-purpose Al systems can be customized and optimized for data science
activities by integrating knowledge from structured KGs. Our contributions include:

1. We propose an integrated framework AutoMLWrapper for heterogeneous AutoML
systems, introducing a uniform abstraction layer for job orchestration.

2. We introduce a methodology for LLM-assisted configuration and automation of ML
pipelines in data lake environments. The approach combines generative reasoning
with structured metadata management to improve data science workflows.

3. We present a conceptual framework that unifies RAG, KGs, and LLM-based data
science agents, highlighting their complementary roles: RAG for contextual retrieval,
KGs for semantic grounding, and LLMs for adaptive reasoning and synthesis.
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4. We investigate the semantic integration of LLMs with the OpenML knowledge graph,
aiming to exploit metadata on prior ML experiments for the development of semantics-
aware data science agents.

5. To validate the proposed concepts, we implemented a prototype framework within
our SEDAR data lake system [[16]. The prototype operationalizes the integration of
AutoML components and LLM-based agents, demonstrating the feasibility and prac-
tical relevance of the approach.

6. We empirically evaluate the proposed framework on complex, non-standard ML tasks
in the domain of chemistry, demonstrating its applicability and discussing the relative
performance and interpretability of LLM-based and AutoML-based techniques.

This paper is an extended version of [20]], in which we presented a preliminary ver-
sion of our framework, in particular the AutoMLWrapper and its comparison with LLM-
generated ML pipelines. These results are presented in section [3] Compared to [20], we
have updated the discussion of related work in Section [2} to include recent approaches
on AutoML, LLMs and their application as data science agents. Section ] is an original
contribution of this paper. It proposes an architecture for a KG-enhanced data science
agent for more comprehensive ML workflows. The evaluation in Section [5] has also been
extended to include results from the KG-enhanced approach.

2. Related Work

During his presentation at the NeurIPS 2024 conference, Ilya Sutskever — one of the
researchers behind ResNets [29] and co-founder of OpenAl — argued that the era of pre-
training neural networks, which has primarily focused on scaling compute and data, has
reached a limit [39]. While computational power continues to grow through larger clusters
and advancements in hardware and algorithms, the data side has plateaued, as the global
Internet, essentially the only vast data resource, is already more or less fully utilized.
From this saturation of data, he argues, emerges the increasing importance of autonomous
agents moving forward. In the context of AI/ML, agents typically refer to autonomous
systems that can take actions, make decisions, and interact with their environment to
achieve specific goals [10]]. LLM-based agents for data science (short: data science agents)
activities essentially resolve to instruct a "large” Al to create "smaller” ones.

Early works on LLMs for AutoML Tornede et al. [40]] review the current state of the in-
tegration between LLMs and AutoML in both directions. Currently, interacting with an
AutoML system is often still challenging for non-expert users. They highlight the poten-
tial to substantially improve the human interaction component of AutoML tools, allevi-
ate the tedious task of correctly configuring the tool which often requires experts, assist
in interpreting the output, and improve several internal components through knowledge.
Simultaneously, the integration also bears risks such as inadequate evaluation and catas-
trophically wrong behavior of AutoML systems due to hallucinations [25] of an LLM-
powered component, and ever-increasing resource demands.

Sun et al. [37] present a survey on LLM-based data science agents including a time-
line of publications, separated into commercial and publicly available ones. They find
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major obstacles to be the integration of domain-specific knowledge and handling multi-
modal inputs, i.e. user instructions alongside charts, tables, code, etc. as well as planning
complete data workflows (see below).

An early framework that uses ChatGPT as a Virtual Interactive Data Scientist is pre-
sented in [[L1]]. The research represents a systematic approach to creating a personal data
scientist, but the authors admit that there are still severe problems to be addressed, such
as erroneous recognition of the correct current state by the LLM.

Several works utilize LLMs for hyper-parameter optimization [5S1L50J3235]]. These
methods help with model selection and allow an agent to conduct experiments with spe-
cific hyper-parameters for selected algorithms to iteratively optimize them based on his-
torical trials while autonomously processing the task information. Chen et al. [2] integrate
LLMs as adaptive operators in an evolutionary neural architecture search, Wei et al. [43]
deploy LLM-based agents to devise tailored solutions for diverse graph-structured data
and learning tasks. In [238]] we find a novel framework for benchmarking Al research
agents. AutoMMLab [43] is an LLM-empowered AutoML system that follows the user’s
language instructions to automate model production workflows for computer vision tasks.
Other methods focus on feature engineering [[13130/33]].

Microsoft’s CoML [50] (formerly MLCopilot) promises to derive knowledge in textual
form, which can be reused for new machine learning requirements. The idea is to perform
knowledge-based reasoning, that is to leverage LL.Ms to conduct reasoning and task solv-
ing based on previous knowledge. This knowledge is extracted from historical data and
elicited into an experience pool in text form that is provided to the LLM at runtime for a
given task. However, it relies on LLM-generated embeddings of task descriptions and the
prototypeE] can only return hyperparameters for a predefined method.

End-To-End Data Science Agents All of the aforementioned methods only focus on sub-
steps in the ML pipeline. A major challenge is the complexity of planning the entire
pipeline, mainly due to the interdependencies between each step. For example, the type
of dataset influences preprocessing and neural network design, which in turn affects the
hyperparameters that need optimization for a specific downstream task. These inter-step
dependencies expand the search space to account for all possible combinations of related
steps. Additionally, supporting multiple downstream tasks further complicates the pro-
cess, as each task has its specific requirements [41J14]. For example, data cleaning and
feature engineering are essential prerequisites, but they also must be tailored to each case.

The Data Interpreter [14], part of the multi-agent framework MetaGPT [15]], first
constructs a dynamic plan graph (task graph), which is used to capture dependent tasks
and arrange them in a meaningful sequence. For each of the seven tasks (data exploration,
correlation analysis, outlier detection, feature engineering, model training, model evalua-
tion, and visualization) the LLM creates an action graph to execute actions in the form of
generated code. Those are executed locally to obtain partial results. Errors are sent back
to the LLM for autonomous debugging. Additional customized scripts can be provided as
tools, for example, for data exploration/analysis.

DS-Agent [9] integrates LLMs with Case-Based Reasoning (CBR) to automate data
science tasks. In the development stage, it structures an automatic iteration pipeline using
the CBR framework to leverage expert knowledge from platforms like Kaggle and facili-

3 |https://github.com/microsoft/CoML
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tates consistent performance improvement through a feedback mechanism. This paradigm
adapts past successful solutions for direct code generation, which significantly reduces the
demand for the foundational capabilities of LLMs, enabling efficient deployment with
lower resource requirements. As opposed to RAG, which focuses on retrieving and inte-
grating real-time information from external data sources to improve the model’s response,
CBR focuses on case libraries that store detailed solutions to specific problems, which are
reused and adapted for new situations.

AutoML-Agent [41], a multi-agent framework takes user’s task descriptions and imple-
ments collaboration between specialized LLM agents to deliver deployment-ready mod-
els. Five different agents interact with each other each responsible for a different task,
in particular managing prompts, data, models, operations and agents. The framework
includes agent specifications, a prompt parsing module, a retrieval-augmented planning
strategy, a prompting-based plan execution, and a multi-stage verification. Experiments on
seven ML tasks demonstrate that AutoML-Agent outperforms existing methods in terms
of success rate and downstream task performance.

AgentKv1.0 [[7] manages the data science lifecycle through reasoning frameworks that
dynamically process memory using past experiences to guide future decisions. The sys-
tem integrates various tools and libraries like Torchvision and HuggingFace to handle
multimodal data from computer vision, natural language processing, and tabular data.
The agent is evaluated through a competitive Kaggleﬂ benchmark. The evaluation frame-
work assesses end-to-end capabilities, from task retrieval to submission on Kaggle and
achieved a 92.5% success rate in automating tasks, spanning multiple domains and data
types. The agent ranks in the top 38% of 5,856 human Kaggle competitors, performing
at a skill level comparable to Expert-level users (Grandmaster level on Kaggle). Notably,
AgentK has won 6 gold medals, 3 silver medals, and 7 bronze medals in Kaggle compe-
titions. Unlike traditional LLM methods that rely on chains of thought, AgentK employs
a memory module for continuous improvement and adaptation that allows for a flexible
learning paradigm, where the agent can generalize across different tasks by leveraging
past experiences.

To summarize, LLMs still work relatively well on classical tasks like tabular classi-
fication and regression as compared to traditional AutoML libraries, such as AutoGluon,
but LLM-based agents work significantly better in complex tasks. However, tasks such as
reinforcement learning and recommendation systems pose particular challenges in both
paradigms. On one hand, existing frameworks place less emphasis on these areas, and
on the other, contemporary LLMs have received less specialized training to effectively
address them. In terms of limitations, even though these agents offer increased flexibility
across ML tasks and data modalities, the absence of skeleton code increases the risk of
code hallucination. Additionally, the code generation quality varies heavily when using
different backbones, e.g. GPT or open-source models. Developing a more robust frame-
work less reliant on the LLM backbone is imperative [41].

4 https://www.kaggle.com/
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3. Enhancing the Machine Learning Capabilities in SEDAR with
AutoML and LLMs

This section is largely based on our article [20]. We use the resulting findings to motivate
researching semantics-aware agents for data science tasks.

3.1. Integrating AutoML and LLMs with SEDAR

SEDAR is designed in a modular, easily extendable, and flexible six-layer architecture
based on open-source technologies deployed as microservices (see ??). To realize a true
polystore [27], the storage layer is composed of different storage systems to support ef-
ficient storage for heterogeneous data structures based on their specific data model. By
default, Hadoop with its file system HDF is used to store files with arbitrary structures in-
cluding audio, images, video, text, and ML model artifacts. The transformation layer im-
plements various operations for data preparation, e.g., cleansing, transformations, or joins.
We employ Apache Spark as a unified data transformation engine for large-scale data pro-
cessing. Spark’s engine can process arbitrary data sources in the form of DataFrames. A
programmatic interface to communicate with SEDAR is provided by the SEDAR-API, an
external Python module. To ensure generality, the ingestion layer is independent of any
formats and data sources, not limited to particular systems in the storage layer, and al-
lows for versioning and the addition of further databases. The metadata service extracts
and manages information about versions, updates, profiles, etc. automatically. The inter-
action layer facilitates comprehensive metadata management while ensuring ease of use
for non-technical users.

One of SEDAR’s core objectives is to facilitate knowledge management on top of the
stored data. Semantic data can enrich basic metadata, such as schema and data types, by
adding context information not originally present in the data source. One way to achieve
this is to map raw data from heterogeneous data sources to semantically rich models to
increase the usability and interpretability of data. For this, a semantic data management
layer [21]] has been incorporated that allows to associate semantics to datasets. Using these
semantics, SEDAR’s semantic query engine allows querying heterogeneous data sources
using a uniform semantic data model via ontology-based data access [21].

SEDAR is deployed in Industry 4.0 settings [49] in the chemical domain [?20], which
increasingly demands modern data lakes to aid in creating, managing, and deploying ML
applications while also providing necessary data [5]]. To facilitate Machine Learning Op-
erations (MLOps) [28]], in a data analytics layer SEDAR utilizes MLFlow [47], an open-
source framework to manage the inputs and outputs of ML applications [47]. This in-
cludes tracking model versions, code, and tuning parameters, ensuring reproducibility of
results, and facilitating model deployment. ?? illustrates the general view of the machine
learning tab that lists existing experiments and deployed models at the top and shows
details about past runs associated with an experiment at the bottom. Jupyter Notebooks
have been integrated into the interaction layer and are hosted from a JupyterHub, allow-
ing users to have personalized work environments. Authentication between web services
is centralized using the OAuth protocol and JWT tokens. Our self-hosted GitLab instance
serves as the identity provider and central repository for storing code. Within SEDAR,


https://github.com/hsnr-data-science/SEDAR-API

Semantics-aware Data Science Agents 425

users can select datasets, and then choose the desired learning method, and the system
will automatically generate a notebook with the necessary code to load the DataFrames
from storage via the SEDAR API, register their experiments, track individual runs and
software environments, store model artifacts, and deploy their applications.

3.2. AutoMLWrapper

The AutoMLWrapper is a stand-alone Python module|acting as an interface for three open-
source AutoML frameworks: AutoKeras, AutoGluon and AutoSklearrﬂ Special emphasis
is placed on the standardized construction of AutoML jobs by configuring the underlying
libraries using a common set of parameters. Object-oriented programming for library-
unspecific logic facilitates easy integration of new AutoML libraries without redesign-
ing the entire interface. To use the package with code as well as in combination with
SEDAR’s frontend, presenting information about possible settings for AutoML experi-
ments required a form that can be easily understood and displayed. To meet these require-
ments, each of the three frameworks is equipped with a configuration file essential for the
correct call to the underlying library. Then, there is a global configuration file that con-
tains meta-information about the available libraries’ scope and assigns data and problem
types. For example, the file can be used to decide in the frontend which (library) functions
are available to the user for image segmentation.

The AutoMLWrapper is integrated into SEDAR within a dedicated virtual Python envi-
ronment built into the Jupyterhub’s default imagel Similar to the previous manual training
scripts a complete Jupyter Notebook is created and populated with information from the
frontend. By design, the package also integrates with MLFlow to manage experiments
and save the generated models. Despite the idea of automation, the package also provides
enough freedom for experienced users allowing them to add their logic and specific cus-
tomizations. This notebook serves as the basis for running the AutoML job, of which
relevant metrics and parameters are automatically recorded and tracked by MLFlow.

3.3. LLM-Orchestrated ML

LLMs assist the user at multiple locations in the SEDAR framework. A new user interface
based on LangChain| has been implemented to enable communication between the user
and LLM providers, allowing for the dynamic integration of additional information from
the system’s metadata. The current implementation offers a simple chat functionality from
the frontend. The interface can be used with various LLM providers.

JupyterAl|is an extension for Jupyter that enables the use of LLMs within a separate
chat window and the cells of a notebook. It distinguishes between language and embed-
ding models. The embedding model is used to create a compressed representation of the
contents of a particular directory, and the language model is used to ask specific ques-
tions about the file content. Users can either have methods or code from the notebook
explained to them, or have code sections and entire notebooks generated. JupyterAl can
be connected to a range of default models, but also to Hugging Face, GPT4All and Ollama
which include a variety of open-source LLMs of varying sizes.

5 github.com/automl/auto-sklearnl/keras-team/autokerasl/autogluon/autogluon
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Furthermore, the CAAFE library [13]] is used to automate feature engineering of clas-
sification problems with tabular data using LLMs. The library has been extended to image
data in classification and segmentation problems. CAAFE processes a dataset D in an iter-
ative process. An LLM is dynamically prompted to generate code. By executing this code
on D, a new dataset D’ is created, which contains the feature changes of this iteration. An
identical model is trained for both datasets and problem-dependent metrics are measured.
These metrics are communicated to the LLM for the next iteration, which receives D’ in
the next iteration if there is an improvement.

4. Unifying Knowledge Graphs with Data Science Agents

Building on the insights from related work, it becomes evident that, despite their transfor-
mative potential, LLMs still face several fundamental challenges that limit their reliability
and applicability. According to Hogan et al. [12], these challenges include the tendency
of LLMs to generate information that is not grounded in factual data (often referred to as
hallucination), the lack of transparency regarding the sources and reasoning behind their
outputs (opaqueness), the difficulty of maintaining up-to-date knowledge due to the high
cost of retraining (staleness), and the inherent inability to provide exhaustive or complete
responses as a consequence of their probabilistic nature (incompleteness).

As we have seen in Section 2] to address these issues, data science agents often rely on
RAG mechanisms. RAG operates by combining the generative capabilities of LLMs with
aretrieval mechanism that actively searches for relevant information. The retrieval process
acts as a bridge to external knowledge, allowing the agent to pull in additional information
that might not be delivered from the model’s internal parameters only. This external data
is then used by the LLM to generate more accurate and context-aware responses. In the
context of data science, this can be historical experience, i.e. prior solutions to similar
problems as seen in frameworks like DS-Agent, AutoML-Agent, and AgentK [9l4117] (see
Section [2)), where retrieval is used to ensure that the models can dynamically adjust to
new, unseen problems by leveraging a pool of knowledge about past experiences.

The connection to search engines (SE) and information retrieval (IR) systems is key
here. Just as search engines index and retrieve the most relevant documents based on user
queries, RAG enables LLMs to access and integrate external data sources. This improves
their ability to provide solutions to complex data science tasks, particularly when deal-
ing with multimodal data, and when addressing issues that require dynamic knowledge
updates. While search engines excel in providing broad coverage and real-time updates,
with transparent and efficient access to vast amounts of data, they struggle with returning
complete and precise answers due to noisy or incomplete data, and they cannot generate
or synthesize new content from their indexed sources [12]. In addition, Peng et al. [34]
identify several limitations inherent to current Retrieval-Augmented Generation (RAG)
approaches. First, conventional RAG methods often fail to capture the structured relation-
ships that exist among pieces of textual information. While semantic similarity enables
retrieval of contextually relevant content, it overlooks relational knowledge such as cita-
tion links or entity associations that are essential for a comprehensive understanding of
interconnected data. Second, RAG systems tend to introduce redundancy when retrieved
documents are concatenated into prompts, resulting in unnecessarily lengthy and repeti-
tive inputs. Finally, RAG architectures frequently lack mechanisms to integrate informa-
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tion at a global level: although relevant snippets can be retrieved from multiple sources,
these fragments are not always synthesized into a coherent or contextually consistent rep-
resentation of the underlying knowledge.

In contrast, knowledge graphs offer highly curated, structured data that ensures more
precise, complete, and consistent results, especially in domain-specific contexts [6]. They
explicitly store rich factual, interconnected knowledge, providing a structured, seman-
tically rich representation of domain-specific relationships and entities, enabling more
precise and context-aware retrieval of relevant information. However, they are difficult
to construct and evolve by nature, making it challenging to generate new facts and rep-
resent unseen knowledge [24]. As previously described, LLMs have significant limita-
tions due to the lack of external knowledge [1]]. So-called KG-enhanced LLMs integrate
knowledge graphs with LLMs to address the difficulty in recalling factual knowledge
by aiming to generate knowledge-grounded contents [22]]. An example is KG-Rank [44],
where the authors leverage a medical knowledge graph with ranking techniques, aiming
to improve free-text question-answering in the medical domain. Upon receiving a ques-
tion, they initially retrieve factual information from a medical knowledge graph and then
apply a ranking to obtain the most relevant triplets which then, combined with the task
prompt, are input into LLMs for answer generation. A similar idea is presented by CoML
[50], where, although it is not powered by knowledge graphs, the LLM is assisted by a
so-called knowledge pool to retrieve relevant experience based on the task description. In
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Fig. 1. Example of a KG-enhanced data science agent, extended from CoML [50]

contrast, Figure[T]applies this idea to knowledge graphs and shows how factual knowledge
about past ML experiments can potentially be distilled and provided to an LLM for auto-
mated data science. The performance is improved by adapting dynamically to historical
data relevant to the task at hand. Importantly, in this example, both RAG and knowledge
graphs are used in synergy. While RAG provides dynamic access to external data sources,
the knowledge graph ensures that the retrieved information is structured, precise, and con-
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textually relevant. Therefore, it is reasonable to view not only search engines and LLMs
but also knowledge graphs as complementary technologies whose integration has the po-
tential to produce synergy, capitalizing on the strengths of each while mitigating their
respective weaknesses. ?? provides a comparison between the discussed technologies,
LLMs, search engines, knowledge graphs as presented by Hogan et al. [12]].

Search engines excel at providing broad coverage of diverse topics quickly, but their
results may be imprecise or incomplete due to noisy data. They rely on indexed content
and cannot generate or synthesize new information. Knowledge graphs offer highly struc-
tured, domain-specific data, ensuring precise and complete results, but their coverage is
narrower compared to search engines, and they require more complex querying. LLMs
are versatile and generative, capable of creating novel content and synthesizing data from
multiple sources, but they may produce hallucinations, generating incomplete or inaccu-
rate results. While search engines and knowledge graphs are more transparent in terms of
the data used, LLMs are often opaque, making it harder to understand how answers are
derived. Search engines and LLMs are user-friendly with natural language input, whereas
knowledge graphs are typically harder to use due to their reliance on structured queries.
Efficiency-wise, search engines and knowledge graphs handle queries efficiently, while
LLM:s require more resources.

4.1. Towards a KG-enhanced Data Science Agent

In the following, we describe current research directions in our lab examining the question
of how to extend the well-known integration of search engines and LLMs by a component
that also leverages knowledge graphs.

We have seen how information retrieval as well as knowledge graphs can enhance the
performance of LLMs. While RAG-based information retrieval has certain advantages,
for data science tasks it is necessary to provide accurate factual knowledge capturing the
interconnection between multiple resources, for which only knowledge graphs represent
viable solutions. The essential role of knowledge provider will be covered by MLSea [4]
in our approach.

In CoML [50], the source of historical data is not clearly defined. In contrast, MLSea
aggregates ML datasets, experiments, software, and scientific works from OpenML, Kag-
gle, and Papers with Code into a structured knowledge graph. Key components of MLSea
include the MLSO ontology, MLST taxonomies, and the MLSea-KG knowledge graph,
which collectively aims to improve the search, explainability, and reproducibility of ML
pipelines. MLSea thus provides a unified view of ML processes, helping users discover
datasets, models, algorithms, hyperparameters, and relevant publications in one place.
This system may address the challenges of accessing diverse ML knowledge and support
research in automated ML systems and experiment documentation. To effectively apply
RAG to the MLSea knowledge graph, it is essential to first understand the underlying
structure of the graph. Adapting the retrieval mechanism to the knowledge graph’s data
model — such as the types of entities (e.g., algorithms, models, tasks) and their connec-
tions (to datasets, hyperparameters, runs, etc.) — ensures the ability to accurately query
the graph for relevant information.

When exploring MLSea, we quickly observed a strong overall heterogeneity, i.e., vary-
ing quality of descriptions, incompleteness in different patches of the graph, heteroge-
neous notation, etc. Here, AssistML [46] can provide valuable assistance. It proposes a
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metadata model that standardizes different datasets and task types, making them compa-
rable and enabling it to suggest solutions for target metrics without relying on LLMs. As
shown in fig. [2] its original workflow is divided into four steps: (1) select ML solutions
based on data similarity, (2) identify acceptable (ACC) & nearly acceptable (NACC) ML
solutions, (3) find ML solution patterns and finally (4) generate a list of recommendations.
Our idea is to populate metadata repository with data from MLSea.

For this, we extended this implement the ingestion pipeline shown in Figure [3] We
decided to limit the implementation to data related to OpenML to decrease complexity
because the bulk of data is stored here and the remaining two subgraphs show higher
incompleteness and heterogeneity. The ingestion extracts, transforms, and loads OpenML
Datasets, Tasks, Flows, and Runaﬂ into a structured framework.

Each dataset is analyzed using a data profiler to understand its characteristics, which
are then stored in a MongoDB. Once datasets are processed, the pipeline retrieves and pro-
cesses ML tasks linked to them, such as classification, regression, clustering. Task data
establishes relationships between tasks and their corresponding datasets. The pipeline
then processes implementations by extracting metadata, including dependencies and soft-

6 |https://docs.openml.org/concepts/, accessed on 11.03.2025
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ware requirements, from OpenML. Implementations are then stored in the database and
linked to relevant tasks. For model processing, the pipeline retrieves experimental runs
associated with tasks and extracts model performance data. It constructs model setups
by combining hyperparameters, implementations, and tasks to create a complete experi-
ment configuration. Evaluation metrics are derived from run data, enabling performance
assessment and comparison.

MLSea serves as a semantic layer that connects datasets, tasks, implementations, and
models using well-defined relationships. SPARQL queries help retrieve dependencies and
software requirements, which are structured as linked entities in the knowledge graph.
This way, the pipeline can dynamically fetch available implementations and cross-check
them with OpenML before storing them. The knowledge graph also plays a role in model
processing to retrieve existing experiment configurations, hyperparameters, and perfor-
mance metrics. The structured representation ensures that models are linked to their cor-
responding datasets, tasks, and implementations. This enables efficient retrieval of past
experiments for knowledge-driven recommendations providing a structured foundation
for AutoML workflows.

Once the metadata repository is populated with the historical data, the backend, shown
in Figure 4] can generate reports. This means for a given query, composed of a dataset, a
task and user preferences, it generates model recommendations. The pipeline processes
the dataset first using the data profiler, identifying feature types and target attributes. The
model recommender is designed to suggest models with hyperparameters and configura-
tions based on dataset characteristics and user-defined performance criteria. The module
leverages the metadata from existing ML solutions to facilitate the rapid identification of
suitable models, thereby streamlining the model selection process for users. Users can
specify performance preferences, such as accuracy, training time, or resource consump-
tion and the recommender system aligns its suggestions with these criteria. This efficiency
contrasts with traditional AutoML systems, which may require extensive computational
resources and time to explore various model configurations. The system offers explana-
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tions for its recommendations, making it accessible to users with varying levels of ML
expertise.

The output of the recommender component is a report, a structured evaluation for
a given query, which provides a summary of the best models, their scores, and expla-
nations regarding why they were chosen. In the report, models are ranked according to
multiple factors, including dataset similarity, implementation characteristics, and metric
performance, to provide recommendations on the most suitable models for a given dataset
and task. In the final stage of the workflow (see Figure 3], models from the report are in-
cluded in a prompt that are passed to a LLM to generate executable ML pipeline code.
The produced code is then executed in the local environment on the specified dataset, and
evaluation metrics are computed. The results and metrics are returned as output, providing

an empirical assessment of the generated pipeline.

[ AssistML - Dataset Ingestion ] [ Metadata Repository - MongoDB ]
Load Dataset ] [ Store Ingested Dataset ]
Fetch Metadata [ MLSea Metadata Mirror ]
(OpenML, MLSea)
Similarity Search
[ Handle Missing Values ] (Datasets)
RODDME [ Profile Dataset ] [ Retrieve Candidate Models ]

API

[ Execution & Evaluation Prompting & LLM Code Generatlon [ AssistML Back d ]
Run generated code on local Compose Prompt (Report + Similarity/Task Filtering ]
environment, dataset Data Snippet)
[ [ Model Selection & Ranking ]
Compute evaluation metrics [ Send Prompt to LLM
Report (TopN
(__Return results & metrics [ Generate ML Pipeline Code Models/Configs)

Fig. 5. Code generation pipeline with LLMs and MLSea-enhanced AssistML
recommendations

5. Evaluation

5.1. Evaluation Setup, Datasets, and Criteria

We evaluate the proposed frameworks against problems from real-world use cases at the
Institute for Surface Technology of the Niederrhein University of Applied Sciences (HIT).
The HIT researches (organic) coatings and paints which play a vital role in safeguarding
surfaces. ML is applied in this context for experiment suggestions and data analysis. All
datasets, code, and training details for this study have been exported from SEDAR and
made available online. For detailed information about dataset sizes and class distributions,


https://www.hs-niederrhein.de/hit-institute/
https://github.com/hsnr-data-science/SEDAR-ML/
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we refer to the corresponding publication, as we have tried to reproduce the experimental
settings accordingly as much as possible. The experiments are performed in the described
Jupyter environment equipped with a Nvidia Quadro RTX8000 graphics card, two Intel
Xeon Gold 6230R processors, and 754 GB RAM. Training for all models is initially lim-
ited to one hour. For the AutoKeras library, for which no time limit can be defined, a
division into 50 models for 50 epochs is used.

Because working with LLMs can be freely designed by the user, rules to improve re-
producibility are defined. LLMs in GPT4All are designed for the English language, hence
the conversations are conducted in English. Problems are described by the user. It is as-
sumed that the user cannot provide an exact definition of the sequence of experiments due
to a lack of experience. Hence, ideally, the user does not use any ML terminology when
working with LLMs. For example, it should not be mentioned that the class distribution of
the data set is unbalanced. Instead, it should be checked whether the contextual informa-
tion provided by the SEDAR AutoML solution is sufficient for the LLM to act accordingly.
Any further steps identified by the LLM through continued querying for a more robust
ML pipeline are tracked as further effort. The two open-source LLMs that are available in

%%ai chatgpt Generate a Python code snippet for an Image Segmentation pipeline using the libraries Tensorflow or Pytorch and other
appropriate libraries, optimized for GPU usage. The code should handle a dataframe called gitter_trainvl with columns 'image’ and

‘label’. 'image' contains the path to the image file and 'label’ contains the path to the mask file. The dataset contains 348 images.

All images are 256px in height, 256px in width, in GRAY mode, and saved as png. Focus on a simple yet effective neural network architecture
suitable for beginners. You may use a pre-trained model and fine-tune it on the dataset. Include necessary imports, dataset loading and
preprocessing steps, model architecture, and training loop. The code should be ready to run in a Python interpreter without modifications.

datagen = ImageDataGenerator(rescale=1./255)

image_generator = datagen.flow_from_dataframe(dataframe=gitter_trainvl, x_col='image', y_col="'label’,
target_size=(256, 256), color_mode='grayscale',
class_mode="input', batch_size=32)

base_model = MobileNetV2(input_shape=(256, 256, 1), include_top=False)

base_model.output

Conv2D(128, (3, 3), activation='relu', padding='same')(x)
UpSampling2D((2, 2))(x)

= Conv2D(64, (3, 3), activation='relu', padding='same')(x)
UpSampling2D((2, 2))(x)

Conv2D(1, (3, 3), activation='sigmoid', padding='same')(x)

X X X X X X
[

model = Model(inputs=base_model.input, outputs=x)
model. compile(optimizer=Adam(), loss='binary_crossentropy')
model.fit(image_generator, epochs=10)

Fig. 6. Example prompt using Jupyter Magic with GPT4’s response to generate the
necessary code for solving the image segmentation task. Shortened for brevity

JupyterAl through GPT4All nous-hermes-llama2-13b (Hermes) and mistral-7b-openorca
(Orca) are used by default, as two representatives with varying parameter sizes and in-
struction and chat model respectively. Of these, we include the best-performing model in
the evaluation. The experiment begins with a single prompt (Figure[6) to solve the prob-
lem in one shot. If this prompt does not create a valid ML pipeline, e.g., due to errors in
the created code, the prompt is modified, for example, to split the problem into several
prompts. In this case, it is tracked to what extent additional effort is required from the
user and how demanding the changes are. If no approach with open-source LLMs leads
to success, GPT4 is used.
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5.2. Datasets

The first dataset [18] contains images of four different types of surface defects. The im-
ages were collected via Laser-scanning microscopy to obtain height profiles on the sur-
faces and produce an artificial RGB image by a threefold repetition of the height data.
This data is evaluated for object detection. While the authors dealt with Few-Shot Object
Detection [3]], these solutions are not included in the AutoML libraries, and except for
GPT4, none of the LLMs had information about such models. Hence, we compare to the
RetinaNet baseline given in the original paper [18]].

For the same dataset [18]] of surface defects optical images are available for image
classification. Here we limit the number of available training samples per class to simulate
a Few-Shot setting.

The next dataset [48]] consists of images of scratch tests on surfaces to be evaluated
for image segmentation. Zhang et al. identify the area where the so-called cross-cut test
has removed the surface material. A binary mask with the marked regions is available for
each image. They use several image augmentations to increase the amount of training data
and make the model more robust. For this dataset, only the original images are available,
without augmentations. However, feature engineering using CAAFE is performed.

The last dataset comes from [[19], where methods for analyzing the resistance of coat-
ings and paints are discussed again. The breakthrough point of a needle on a coating is
identified by using sensor data about the movement and the force exerted by the needle on
the surface. Using this data, the authors conduct tabular regression to find the position of
the penetration through the surface. Based on the force exerted on the needle, they infer
the scratch resistance of the evaluated coating.

Criteria A series of evaluation criteria are defined to conduct a structured evaluation
of how effective the AutoML- & LLM-based approaches are in solving various ML tasks
within the SEDAR system. If, for example, the effort is evaluated, more effort corresponds
to a less favorable value, which is why an ascending color coding is selected (AO D@ M ).
If the completeness of a solution is being evaluated, the process is reversed; higher values
are better (HEHEN ).

The performance evaluates the predictive capabilities of the models created by the Au-
toML solutions. Various metrics are considered, e.g. Mean Average Precision (MAP) for
object detection, and Intersection over Union (IuO) for image segmentation. Where pos-
sible, the values are determined using the built-in functions of the AutoML library. If the
appropriate metric is not implemented, this is highlighted negatively and a corresponding
implementation is imported.

For efficiency, the time and resources required to experiment cover the process from
data selection to the finished model. The time calculation in turn includes a) the prepa-
rations for the experiment (f,repare), Such as the dialogs, b) the time spent in the source
code (fcode), for example by adapting function parameters, and c¢) the computing time
required (fcompute)- The complexity of the configuration of an experiment or the effort
required for any changes to the code is measured by the following color-coded scale as
work: (1) immediate execution, (2) simple, (3) medium, (4) extensive configuration and
(5) individualized configuration with external resources.

The amount of prior knowledge and programming skills required for the configuration
and changes to the code for a functioning pipeline is rated.
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Finally, the initial model created by the AutoML process is assessed. A good starting
situation either directly provides a versatile selection of models and parameters that the
user can continue to use, or, especially when working with LLMs, provides sufficient
hints to improve the designed pipeline.

5.3. Results of AutoMLWrapper and LL.M-based Pipelines

Table 1. Overview of the experiments related to object detection. Only AutoGluon can
perform object detection. The open-source models were unable to deal with this task,

hence GPT4 had to be involved. Distribution of train/test sets: 140/36
More effort corresponds to a less favorable value, thus ascending color coding (A O CJ @ M).

For completeness of a solution the process is reversed; higher values are better (I IEN).

|Wrapper, o, LLMgpu 18]
MAP 0.46 0.4 0.458
tprepare(min-) 2 1
teode(Min.) <1 10
tcompute (Min.) 60 12
work OO0O00 Eoogo
Prior knowledge o000 Eogoo
Programming expertise |[BOOO0O0 BEOOOO
Initial model HEEEN[] EEEEN

Table 2. Overview of the lexperiments in the segmentation data set. Only AutoGluon can
perform image segmentation. Distribution of train/val/test sets: 174/35/8

|Wrapper,,,, LLMorea  [48]
IoU 0.82 0.91 0.96
tprepare(min~) 3 1
teode (Min.) 3 15
tcompute (MinN.) 9 20
work O0000 E0oEO
Prior knowledge OO0000 BooOdo
Programming expertise |[BOO0OO0O0 BEOOOO
Initial model (| | Imimiy | | |mi=|

The results of the experiments|(Tables|[T|to[3) show that the AutoMLWrapper can con-
siderably simplify creating ML pipelines. All results are from a single run. The user only
has to make minimal entries in the frontend and can still create powerful models, which is
particularly advantageous for users without much experience. The AutoMLWrapper can
autonomously train and evaluate models in a short time if the appropriate settings are
made. The performances in terms of evaluation metrics are competitive compared to the


https://github.com/hsnr-data-science/SEDAR-ML/blob/main/notebooks/Eval-COCO.ipynb
https://github.com/hsnr-data-science/SEDAR-ML/blob/main/notebooks/Eval-Segmentation.ipynb
https://github.com/hsnr-data-science/SEDAR-ML/tree/main/notebooks
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Table 3. Overview of the image classification experiments with limited training data.
AutoGluon’s [few-shot setting leads to the best results. Distribution of train/test sets: first
row 20/79 and second row 80/79

few-shot

‘Wrapperglu(m Wrapperyiy, ~ WIappery ., LLMHermes
F1 0.62 0.87 0.6 0.5
F1 0.85 0.99 0.6 0.55
tprepare (MiN.) 2 2 2 2
teode (min.) <1 <1 15 10
tcompute(min.) <1 <1 13 17
work 00000 e0OoOoo Boooo moosd
Prior knowledge 0000 EO0000 B0000 @oOosen
Programming expertise |[HOOUOO BOO0OO0 EHOOOO BOOOO
Initial model EEEENCO RO0O00 EENCOO EEEE0

given baselines for both the AutoMLWrapper and the LLMs. Especially for the classifi-
cation of paint defects, the training times were remarkably short, which made it possible
to quickly create a selection of prototypes. Although the expected user-friendliness is a
strength, it also results in reduced flexibility. The user has less control over specific model
parameters and the optimization of these. In addition, the performance of the AutoML-
Wrapper is directly dependent on the capabilities of the underlying libraries. In summary,
the module offers an efficient and user-friendly way to quickly perform experiments that
also result in powerful models.

5.4. Results of the KG-enhanced Approach

Table 4. Overview of the regression experiments (1| & 2) on tabular data. Distribution of
train/val/test sets: 204/10/41

‘Wrappergluon Wrapper,,,, Wrapperg,..., LLMowa  [19] KGE; KGE»
Mean-Absolute-Error 8.86 64.68 7.38 53.39 4.58 15.67 0.69
tprepare (MiN.) 2 2 2 2 1 1
teode(min.) <1 <1 <1 5 <1 <1
teompute (MiN.) <1 7 60 18 <1 25
Workeode E0000 E000O0 E0ooo \oogo E0O000 mooog
Prior knowledge E0000 E0000 s0obo0ono s0dooo E0000 Booog
Programming expertise |[EO000 BO0O0O0 BOOOO @BOOOO OO000 agOoOo
Initial model HEEEC EENCO0 SEEEE EEEER0C BOO0O0O mO0O0O0

In Table [ we present an evaluation of the selected dataset for tabular regression us-
ing three approaches: the AutoMLWrapper, LLM-orchestrated ML code generation, and
our proposed knowledge-graph—enhanced method (KGE). Since OpenML is primarily
designed for tabular data and contains only limited image-related datasets, this regression
task represents the sole case study we report for the KGE approach. The corresponding
output is illustrated in Figure /] which shows the report generated by the AssistML back-
end when extended with the MLSea knowledge graph. The report lists several candidate


https://github.com/hsnr-data-science/SEDAR-ML/blob/main/notebooks/Eval-Optical.ipynb
https://auto.gluon.ai/stable/tutorials/multimodal/advanced_topics/few_shot_learning.html#few-shot-image-classification
https://github.com/hsnr-data-science/SEDAR-ML/blob/main/notebooks/Eval-Regression.ipynb
https://github.com/hsnr-data-science/SEDAR-ML/tree/main/notebooks/Eval_Regression_AssistML_MLSea
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Query results

There is 3 acceptable models that match your query and 0 nearly acceptable models.

The distrust score for is: 8.333333333333332% and the reason for this is the following
Dataset similarity level 3. Datasets used have features with similar meta feature values. Distrust Pts increased by 0
Not all requested metric boundaries could be applied. Distrust points increased by 1

Acceptable Models

Mo A | A |root A [root squ As | Training time A

e | [
Datasat Simiarit
# Dopendoncios. ¥ | Hypemarameter Configuration

# Foaturos

#Observations

#Modols

ey ________________________________________|

Dataset Simiarity

Fig. 7. A report with two model recommendations generated by AssistML [46] for the
tabular regression dataset.

models, ordered by decreasing relevance. Notably, the top-ranked recommendation ex-
hibits poor predictive performance, whereas the second-ranked recommendation, an Au-
toSklearn model, achieves near-perfect alignment with the test data, outperforming even
the baseline established in [19]. The superior regression performance of the configuration
recommended by AssistML can be primarily attributed to the explicit configuration which
departs from the AutoMLWrapper by dramatically increasing the memory limit (102 GB
vs. the 4 GB default) and replacing cross-validation with a holdout strategy, thereby en-
abling more complex regressors to be evaluated within the time budget. Together with
constraining the ensemble to the top 50 models, these adjustments substantially broaden
the effective search space and account for the observed reduction in regression error. How-
ever, due to this configuration, the execution time is much longer.

5.5. Discussion

Applying LLMs for code generation and process understanding in ML represents an in-
novative and promising approach. The open-source models offer the advantages of free
availability, easy access to experimentation without direct costs, and special hardware.
However, the open-source models’ generated answers were often incomplete or lacked
precision for a direct application. Many times the code had errors, was not executable.
This is also true for older proprietary models such as GPT3.5 (see this notebook for a com-
parison between various open-source models and GPT3.5, 40 & 5). For the AutoSklearn
model as recommened by the KGE method (see fig.[7), GPT3.5 ommited important model
configurations. Especially for more complex queries for model creation and optimization,
the answers were cut off prematurely or were so erroneous that considerable effort was
required from the user. The results indicated that the models have difficulty understanding


https://github.com/hsnr-data-science/SEDAR-ML/blob/main/notebooks/LLM_Comparison.ipynb
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and adapting to specific requirements and contexts. This led to generic or inappropriate
code, especially for specialized tasks such as image segmentation. In contrast, GPT4 pro-
vided a significantly improved experience, generating more precise and relevant code that
was better adapted to the problem. The answers were almost complete and pointed to
additional aspects that could be used directly as an initial model for further questions
to improve the model. For example, the open-source models were unable to utilize the
COCO format of the object detection dataset, which was no problem for GPT4.

6. Conclusion

In this paper, we explored the integration of AutoML, LL.Ms, and knowledge graphs to
enhance the automation of data science workflows in a data lake environment. While
classical AutoML frameworks provide a structured approach to model selection and op-
timization, they lack flexibility in handling complex, domain-specific tasks. LLMs, on
the other hand, offer a more adaptable solution for automating various stages of the ML
pipeline but suffer from hallucinations, opaqueness, and difficulty in managing dependen-
cies between tasks.

The evaluation, conducted on real-world industrial datasets, demonstrated that Au-
toML simplifies pipeline creation but limits user control, while LLM-based approaches
require significant manual intervention to refine generated solutions. The findings indicate
that neither AutoML nor LLMs alone can fully address the challenges of ML automation,
highlighting the need for hybrid approaches.

To address these limitations, we propose a unified approach that integrates knowledge
graphs with LLM-based data science agents, leveraging structured knowledge to improve
model recommendations. By incorporating MLSea, a knowledge graph that aggregates
ML datasets, tasks, and models, we introduce a recommendation pipeline that leverages
historical ML knowledge for enhanced automation. Initial experiments indicate that in-
corporating structured machine-learning knowledge into data-science agents enhances the
accuracy of automated ML workflows, thereby providing a successful proof of concept
that will be subjected to comprehensive evaluation in a subsequent study.

Future work will focus on refining the synergy between these technologies, enhancing
the explainability of recommendations, and optimizing multi-agent collaboration for end-
to-end ML automation. The combination of the strengths of both frameworks could result
in a new ML agent, based on MLSea and the derived knowledge, which could propose
both an appropriate method for a new dataset and the required hyperparameters. Integrated
into a data science agent, such as the Data Interpreter, this system has the potential to
significantly enhance the efficiency, accuracy and explainability of end-to-end automated
ML pipelines.
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