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Abstract

Knowledge Graphs (KGs) are often produced through the semantic
integration of heterogeneous data sources using a unified ontology.
Schema mapping languages support this process by specifying the
correspondences between source schemata and target ontologies;
among them, the X3ML mapping definition language is widely used
in domains, such as cultural heritage and biodiversity. However, cre-
ating schema mappings remains a manual and expertise-intensive
task that limits large-scale integration. This paper investigates how
Large Language Models (LLMs) can assist in automating the con-
struction of schema mappings using X3ML. We present a bench-
mark built from real-world X3ML mappings and evaluate multiple
prompting strategies across several LLMs. The results offer insights
into the feasibility of using LLMs for schema mappings generation.
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1 Introduction and Background

Semantic data integration aims to harmonize heterogeneous data
sources by mapping them to a unified ontology. A key step in
this process is the definition of schema mappings, that specify
how source schema elements correspond to classes and proper-
ties of a target ontology. X3ML framework [7] provides a widely
adopted, human-readable mapping language that supports collabo-
rative authoring and separates mapping logic from URI generation,
improving transparency and reuse.

Despite these advantages, defining schema mappings remains
a labor-intensive, expertise-dependent task requiring iterative col-
laboration among technical, domain, and ontology specialists. As
data volume and heterogeneity grow, this manual process becomes
increasingly difficult to scale. Recent advances in LLMs offer a
promising opportunity to streamline mapping definition: their nat-
ural language understanding and contextual reasoning capabilities
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can help identify semantic correspondences, propose candidate
alignments, and generate schema mappings, potentially accelerat-
ing the overall integration workflow.

In this work, we investigate whether LLMs can support the au-
tomatic construction of X3ML schema mappings, targeting the ISO
21127:2023 CIDOC CRM ontology [2], a widely used standard in
cultural heritage. Automating the creation of such mappings is
particularly valuable because they serve as an intermediate layer
between source data and RDF KGes, since they can be verified, de-
bugged, and reused more easily compared to direct LLM-based data
transformations. Using real-world mappings from existing projects,
we design and evaluate several prompting strategies for generating
X3ML mappings.

Research on transforming heterogeneous data into RDF has pro-
duced a variety of approaches and systems, as surveyed in [11, 10].
Extensive work also exists on schema and ontology matching. More
recently, LLMs have been explored for related tasks such as en-
tity resolution[6], entity alignment[12], and direct data-to-RDF
transformation([8, 1, 3, 4, 9]. The work most closely related to ours
is [5], which evaluates LLMs for generating RML mappings over a
small synthetic ontology. Our work differs by targeting the widely
adopted CIDOC CRM and X3ML language by performing a system-
atic evaluation over a benchmark of real-world mappings.

Our contributions are: (a) LLM-driven approaches for generating
X3ML schema mappings, (b) a benchmark dataset of real X3ML
mappings targeting CIDOC-CRM, (c) a systematic evaluation of
these methods, and (d) a comparative analysis of multiple LLMs
and prompting strategies.

2 Benchmark

We constructed our benchmark from schema mapping projects
created in the 3M Editor deployments maintained by FORTH. 3M
Editor is an online tool that supports the collaborative construction
and exchange of X3ML mappings. These projects were developed
and validated by domain and ontology experts, and span several
real-world cultural heritage datasets. For consistency, we focus on
mappings targeting the ISO 21127:2023 CIDOC CRM ontology. This
curated subset serves as a gold standard for evaluating automatically
generated mappings. Our final dataset includes 13 mapping projects,
comprising 48 mapping domains and 301 mapping links, covering
diverse entity types such as persons, locations, organizations, and
events.

Formally, we shall use S to denote a schema, where a schema
consists of a set of nodes, denoted by n(S), and a set of relations
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Figure 1: Average accuracy score using different prompting
methods (left) and evaluated LLMs (right)

among the nodes, denoted by r(S). In the context of a mapping
project, let S be the source schema, and T the target schema. A
mapping, from S to T, is actually a pair Ms 1 = (mg, m;) where my
maps nodes of S to nodes of T, and m; maps (relation, node)-pairs of
S to (relation, node)-pairs of T. In particular, my is a partial function
mg : n(S) — n(T), while my is a partial function m; : r(S)xn(S) —
r(T) x n(T). Let cont(Ms ) be the union of all the functions, i.e.
cont(Ms ) = mg U m;. We can now define the following metrics:

e ExactMatch. This metric checks if two mapping projects are
exactly equal, thus it is a binary metric defined as: EM (Mg, Mgs) =
(cont(Myy) == cont(Mgs)).

e Accuracy. It measures the proportion of correct mappings

among all generated mappings, and it is defined as:

_ |cont(Mar)Ncont(Mgs)|
A(Mar, Mgs) = Tcont(Mag)|
ExactMatch captures complete correctness, while Accuracy pro-

vides a more tolerant, partial-overlap assessment.

We also implemented a Python-based evaluation framework that
loads gold standard mappings, generates new ones using different
LLMs, and computes the metrics. It also outputs summary reports
and visual results. All resources are available on GitHub!.

3 Evaluation

We assessed several state-of-the-are LLMs for generating X3ML
schema mappings: GPT-4.1, DeepSeek-V3, Mistral, Grok-3, Llamma-
4. This diversity selection includes both proprietary and open-
weight models, allowing us to examine how different architectures
and training paradigms affect mappings quality. All models were
evaluated using the same input data and the same prompts to ensure
a controlled comparison.

We tested three prompting strategies that vary in the degree
of syntactic and semantic guidance: (a) zero-shot, only the XML
source data and a minimal instruction to generate X3ML mappings.
(b) Syntax-aware, source data plus a small, domain-irrelevant but
valid X3ML snippet to guide the syntax. (c) In-Context, source
data plus a complete, domain-relevant X3ML mapping project. All
prompts target the CIDOC CRM ontology and instruct the model
to output valid X3ML.

We computed the accuracy metric for each model, dataset, and
prompting strategy. Figure 1 (left) shows the average accuracy
per prompting method; as expected, Zero-Shot achieves near-zero
accuracy, while the other two are more accurate. Figure 1 (right)
summarizes the average accuracy per LLM. Mistral-Medium consis-
tently performs best, followed by GPT-4.1 and DeepSeek-V3. Grok-3
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obtained the lowest accuracy. In several cases, models returned in-
valid X3ML files, resulting in accuracy q; these were treated as
outright failures since they cannot be executed by X3ML Engine -
the data transformation engine that is responsible for constructing
RDF KGs, using source data and X3ML schema mappings. More
detailed results can be found on GitHub.

4 Conclusions

In this paper, we investigated different methods that utilize LLMs
for supporting the construction of schema mappings for transform-
ing structured data. We described the construction of a benchmark
that comprises schema mappings from real projects, and conducted
experiments with various LLMs and prompt strategies, yielding an
average accuracy of 53%. The results demonstrate that the laborious
and manual process of schema definition can be substantially accel-
erated or partially automated. Future work will explore improved
prompting strategies, including pre-submission steps designed to
enhance the quality of the generated schema mappings.
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