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ABSTRACT

Relational databases store large amounts of structured data, but
their schemas often do not directly correspond to semantic data
models such as ontologies. Transforming database schemas into on-
tologies is therefore an important step for enabling ontology-based
data access and data integration. However, this task is challeng-
ing because relational schemas are designed for data organization
and integrity, not for representing domain semantics, and model-
ing may be context-dependent. In this demonstration, we present
HAMILTON, an interactive application for ontology learning from re-
lational databases that combines automated modeling suggestions
with expert-driven refinement. The demonstration showcases the
full ontology learning workflow and illustrates how automatic mod-
eling and human expertise can be effectively combined to construct
high-quality ontologies from relational databases.
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1 ONTOLOGY LEARNING

The schemata of relational databases often do not directly corre-
spond to semantic data models such as ontologies. Transforming
those schemata into ontologies is therefore a key step for enabling
ontology-based data access (OBDA) and data integration. However,
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Figure 1: Screenshot of the HamiLToN-application.
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this transformation is non-trivial due to an impedance mismatch
between relational structures and semantic representations.

Existing approaches to ontology learning from relational data-
bases can be broadly categorized into rule-based and LLM-based
systems. Rule-based systems apply structural heuristics and gen-
eralize well, but often fail to capture the underlying semantics.
LLM-based approaches provide stronger semantic modeling capa-
bilities, but struggle to generalize to large schemata and typically
lack mechanisms for incorporating expert input.

In practice, ontology modeling is inherently context-dependent:
multiple modeling choices may be valid, and selecting an appropri-
ate representation often requires domain knowledge and human
judgment. Consequently, ontology learning systems should support
expert-guided refinement of automatically generated suggestions.

To address these challenges, we present HAMILTON [6], an inter-
active ontology learning system that combines structural analysis
with semantic modeling and enables human-in-the-loop refinement.
In this demonstration, we showcase the full workflow of HAMILTON,
including schema decomposition, ontology suggestion, uncertainty
estimation, and interactive editing.
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Figure 2: Workflow of HAMILTON.

2 THE HAMILTON APPLICATION

HaMILTON is a multi-stage application that guides users through
the ontology learning process. At each stage, users can refer to
HAMILTON’s automatic modeling suggestions for learning specific
aspects of the ontology and refine them using intuitive editing
tools. Figure 2 illustrates the overall workflow. The system’s final
output is a database-ontology mapping using the mapping language
D2RQ [1]. In the following, we introduce each stage in more detail.

2.1 Complexity reduction

After uploading the database to HamiLTON, the first step is to
reduce structural and cognitive complexity. Database schemata
are usually very large, consisting of many tables and constraints.
Even databases of medium-sized web applications, such as that
of the e-commerce platform Magento, comprise more than 200
tables [5]. Modeling such schemata as a whole exceeds the man-
ageable scope. Ontology learning requires considering tables and
constraints alongside other tables and deferring modeling decisions
based on them. When presented globally, these modeling decisions
become cognitively demanding and can cause modeling errors.

To overcome this challenge, HamILToN decomposes the database
into topically coherent clusters prior to the actual ontology learn-
ing process. To perform this task, we developed SCHUYLER [8] — a
self-supervised database table clustering system. It takes a database
as input and returns clusters of topically related tables, without
requiring any labels or training data. SCHUYLER extracts triplets
of database tables by applying simple heuristics. These triplets
consist of an anchor table, a table that supposedly belongs to the
same cluster as the anchor table, and a table that supposedly be-
longs to another cluster. Then, the system finetunes an embedding
model using triplet loss and the extracted triplets. HAMILTON vi-
sually shows the clustered database schema to the expert. In this
“clustering”-view, the user can explore the clustering and obtain
a comprehensive overview of the topics covered by the database.
Then, the expert can further improve this clustering by moving
tables across clusters using drag&drop. By reducing complexity
upfront, HAMILTON enables the expert to work on manageable
sub-schemata that consist of topically related tables.

2.2 Concept modeling

After reducing schema complexity, the HAmILTON-application nav-
igates the expert to the concept modeling stage. In this stage, the
system iterates over the sub-schemata of the database clusters and
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Figure 3: Attribute modeling.

suggests ontology concepts based on the provided tables and con-
straints. Figure 1 depicts the concept modeling view. The top of
the screen shows which cluster is currently being processed, which
clusters have already been processed, and which clusters are still
pending (“Cluster overview” in Figure 1). On the left is an overview
of the tables that belong to the cluster currently being edited. The
center of the image shows the core of this view: this is where the
suggested concepts are displayed, and the expert can edit them.
For example, they can add new identifying attributes, remove or
rename concepts, and add joins to combine data from different ta-
bles within the same concept. Whenever references to the database
are needed, such as when adding a new identifying attribute, the
user can simply click the respective attribute in the database cluster
viewer. The database viewer on the left always highlights which
tables are involved in which concept. On the right is a cross-cluster
overview. To avoid creating the same concept multiple times, all
concepts that have already been created are displayed here.

The automatic concept suggestions of HAMILTON are generated
using a reasoning-based fine-tuned language model [6]. For this
purpose, we trained the model on a curated collection of data-
base/ontology pairs covering diverse and challenging modeling
scenarios. Additionally, we described each modeling process in a
chain-of-thought manner. Then, we finetuned a reasoning-based
LLM, Qwen 14B, on the ontology learning task. This model can
now be used to generalize to new domains and databases.

2.3 Attribute modeling

After modeling and confirming all concepts, the expert is directed
to the attribute modeling stage. In this stage, the expert iterates
over the previously modeled concepts and can edit the suggested
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Figure 4: Relationship modeling.

attributes for each concept individually. Again, HAMILTON suggests
attributes and provides a number of tools to edit them. Figure 3
depicts this view of the HAMILTON-application. On the left, similar
to the concept viewer, are the underlying database clusters, which
include tables that the respective concept refers to. The right-hand
side visualizes the proposed attributes of this concept. To suggest
attributes, HAMILTON relies on a hybrid approach of combining
LLMs with structural heuristics: An LLM first classifies the tables
that the respective concept refers to, based on their role in the
database. E.g., entity tables represent entity types while relationship
tables connect them. The actual attributes are then deferred for
each concept based on the respective table types using rules.

2.4 Relationship modeling

In the final stage, HAMILTON uses predefined rules to suggest rela-
tionships between the modeled concepts (across all sub-schemata)
based on the types and foreign keys of the corresponding tables.
Figure 4 shows the view of the HamILTON-application, where users
can inspect and revise all relationships for a selected concept.

3 UNCERTAINTY QUANTIFICATION

Ontology modeling decisions are inherently uncertain. Multiple
modeling representations may be equally valid for a given schema.
The decision of which representation to choose often depends on
the context, the human modeling expert, and implicit domain knowl-
edge that is not provided by the database.

Exposing the uncertainty of the suggestions generated by HamiL-
TON is therefore essential for enabling informed human oversight
and effective refinement. HAMILTON provides an uncertainty esti-
mate for each suggested concept. This estimate allows users to filter
and prioritize concepts based on the model’s confidence. Concepts
with high confidence typically require little or no review, whereas
concepts with lower confidence can be inspected and corrected by
the expert if necessary.

3.1 Uncertainty quantification methods

We observed that the model’s raw token probabilities mostly indi-
cate high confidence (i.e., probabilities close to 1.0) — they do not
reliably reflect the correctness of the generated concepts. Therefore,
we train a learned uncertainty estimator using XGBoost: we select a
subset of database-ontology pairs and execute the finetuned model
on this data. For each predicted concept, we extract a set of features
that describe the respective modeling task. Based on these features,
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Figure 5: Uncertainty measurement.

the model’s prediction, and the ground truth labels, we train the
uncertainty estimation model. The resulting calibration model pre-
dicts an adjusted uncertainty score that reflects the likelihood that a
concept prediction is correct. We use the following feature groups:

Relational Complexity. The complexity of the input schema
influences the uncertainty of the resulting ontology suggestions.
More complex schemata typically lead to more difficult modeling
decisions. Therefore, we include structural complexity features,
such as the number of tables in the corresponding sub-schema.

Model Uncertainty. We leverage the probabilistic nature of the
finetuned LLM to quantify uncertainty. Since the model gener-
ates output autoregressively by sampling tokens from a probability
distribution, we can extract token-level probabilities §j;. These prob-
abilities are used as features for the uncertainty calibration model.
Concept Properties. In addition to input complexity and model
uncertainty, properties of the generated concepts also influence the
uncertainty. We therefore include features such as the number of
generated concepts and the token length of each concept definition.

3.2 Evaluation setup

We compare the suggested uncertainty estimation method with two
baselines to show the effectiveness of using a calibration model:

Token Probability. As LLMs generate output tokens according
to probability distributions, token probabilities can be used as a
proxy for model confidence. Yet, as noted above, a large portion
of the generated output consists of highly predictable structural
tokens, which often have probabilities close to 1.0. To mitigate this
issue, we only consider the probabilities of tokens representing
ontological content, such as database references.

Self-reported. Another approach to estimating uncertainty is to
prompt the model to explicitly output a confidence score along-
side its prediction [4]. Although LLMs are not explicitly trained to
produce calibrated probabilities, such verbalized confidence scores
provide a simple and model-agnostic way to estimate uncertainty.

3.3 Results

Figure 5 compares the three uncertainty quantification methods.
The “Probability Separation” chart measures the difference between
the uncertainty scores of true positives and false positives. Ideally,
this difference should be large and positive, indicating that incorrect
predictions are associated with lower confidence. The results show
that, while the differences for the token probability approach and
the self-estimation approach are only 0.01 and 0.02, respectively,
the calibration model approach (XGBoost) shows a larger difference
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of 0.12. Although the XGBoost calibration approach achieves the
best performance among the evaluated methods, its overall results
remain limited. One reason is that ontology modeling decisions are
often context-dependent. Multiple modeling choices may be valid
for a given schema, and alternative but reasonable interpretations
may therefore be counted as incorrect by the evaluation.

4 INTERACTION COMPARISON

To evaluate the practical benefits of HAMILTON, we compare it
with Ontop [3], the leading ontology learning system combining
automatic modeling suggestions with human refinement. Ontop
follows a rule-based approach and is integrated into the widely used
ontology modeling application Protégé. The plugin enables users
to review, adapt, and extend the automatically generated ontology.

We assess the quality of the automatic modeling suggestions
produced by both systems using our BURR benchmark suite [7].
The results [6], measured in terms of F1-scores, show that Hamilton
outperforms Ontop on average across all categories: concepts (0.54
vs. 0.48), attributes (0.56 vs. 0.47), and relationships (0.47 vs. 0.31).
At the same time, these findings emphasize that human refinement
remains a crucial step for achieving high-quality ontologies.

To estimate the human effort required to adapt the automatically
generated modeling suggestions to the ground-truth ontology, we
employ the standardized GOMS framework using the Keystroke-
Level Model (KLM) [2]. This approach enables an objective esti-
mation of effort by quantifying the number of user interactions
required to complete the task. As shown in Figure 6, HAMILTON
reduces the total number of required actions from 256 to 151 for
the Mondial database [9], corresponding to a reduction of 41%. As
a result, users perform fewer manual actions such as adding con-
cepts, attributes, or relationships from scratch. Additionally, the
individual actions require fewer steps in HAmILTON. For example,
while Ontop requires 150 steps to add a concept, HAMILTON enables
the user to perform this task with only 16 steps [6]. In Ontop, the
expert has to write many mapping queries, while HAMILTON sub-
stantially eases this process through interactive suggestions and
integrated database navigation. On average, HAMILTON enables a
5.9x speed-up for individual tasks, such as concept modeling.
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5 DEMONSTRATION SCENARIOS

In this demonstration, attendees can experience the entire ontology
learning workflow of HAMILTON using a focused version of the real
relational database Mondial [9]. The goal of the demo is to present
how HaMILTON supports experts in the ontology modeling process
through interactive guidance and generated suggestions. To this
end, the attendees execute each of HAMILTON’s stages (complexity
reduction, concept modeling, etc.), review the results of each stage,
and correct potential modeling errors via simple drag&drop actions.

In this process, attendees will be presented with two special
scenarios, which illustrate the difficulty of the ontology learning
task and highlight the advantages of HamirToN. In these scenarios,
a straightforward transformation of the relational schema suggests
a different ontology than the actual ground-truth:

“Missing Attributes”: The attendees explore how HamirToN
assists in extending ontological concepts with additional at-
tributes that are stored in tables not yet connected to the respec-
tive concept. This task is usually work-intensive, as identifying
the correct joins and understanding the semantic connections
between tables requires detailed schema knowledge and time
to write the join queries. HAMILTON automatically detects that
joins are needed and lets the expert easily create them by inter-
acting with the integrated database table viewer.

“Misclassified Concept”: The attendees are presented with a
scenario in which HAMILTON incorrectly suggests modeling a
relationship table as a concept. Using HAMILTON’s interactive
mode, they can correct this error by converting the concept
into a relationship and assigning the associated attributes to
the two concepts connected by it.
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