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Abstract

Schema mapping is a central task in ontology-based data integra-
tion, enabling the transformation of heterogeneous data sources
into semantically interoperable Knowledge Graphs. Despite its im-
portance, the construction of schema mappings remains a complex
and expert-driven process, requiring both domain knowledge and
familiarity with formal mapping languages. In this paper, we in-
vestigate the use of Large Language Models (LLMs) for schema
mapping generation, framing it as a constrained structured gener-
ation problem that requires adherence to strict syntactic, seman-
tic, and ontological constraints. Focusing on the X3ML mapping
language and the use of CIDOC CRM ontology in the cultural do-
main, we introduce X3MLBench, a curated benchmark of real-world,
expert-validated mapping projects, along with an automated eval-
uation framework for assessing mapping quality across multiple
dimensions. We conduct a systematic empirical study of several
state-of-the-art LLMs under different prompting strategies, isolat-
ing the role of structural guidance and contextual information in
generating valid mappings. Our results show that while LLMs can
produce syntactically valid and partially accurate mappings, their
performance depends critically on the availability of structured
examples and domain-relevant context. Beyond quantitative eval-
uation, we analyze recurring error patterns, revealing limitations
in ontology alignment and structural consistency when input data
are ambiguous or weakly structured. These findings highlight both
the potential and the limitations of LLMs in structured semantic
generation tasks, and motivate semi-automated workflows where
LLMs assist experts by generating initial mapping specifications
that are subsequently validated and refined.

ACM Reference Format:

Yannis Marketakis, Milio Lintanff-Castel, and Yannis Tzitzikas. 2026. On the
Use of Large Language Models for Schema Mapping Generation in Ontology-
Based Data Integration. In Proceedings of The 14th EETN Conference on
Artificial Intelligence (SETN 2026). ACM, New York, NY, USA, 10 pages.
https://doi.org/XXXXXXX XXXXXXX

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

SETN 2026, September 9-11, 2026, Chania, Greece

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN XXX-X-XXXX-XXXX-X/XX/XX

https://doi.org/XXXXXXX.XXXXXXX

University of Rennes
Rennes, Upper Brittany, France

Computer Science Department,
University of Crete
Heraklion, Crete, Greece

1 Introduction

Large Language Models (LLMs) [38] have recently demonstrated
strong capabilities in generating structured outputs across a wide
range of tasks, including code generation, data transformation, and
knowledge extraction. However, their ability to produce outputs
that satisfy strict formal constraints, such as those imposed by
schema mapping languages and ontologies, remains limited and
insufficiently understood. Tasks that require precise alignment be-
tween heterogeneous data schemas and formal ontological models
pose particular challenges, as they demand not only linguistic com-
petence but also structural consistency and semantic correctness.

Schema mapping is a fundamental component of ontology-based
data integration [4, 22], enabling the transformation of heteroge-
neous data sources into semantically enriched and interoperable
Knowledge Graphs. In this setting, mappings define explicit corre-
spondences between elements of a source schema and concepts in
a target ontology, effectively specifying the transformation logic
from raw data to structured semantic representations. Despite their
importance, schema mappings are typically created manually, re-
quiring significant effort from domain experts and ontology engi-
neers, as well as deep familiarity with both the source data and the
target ontology.

Recent work has explored the use of LLMs for transforming
structured data directly into RDF representations [21, 39, 35]. While
these approaches demonstrate the expressive power of LLMs, they
typically treat the transformation process as a black-box generation
task, lacking an explicit and reusable representation of the transfor-
mation logic. In contrast, schema mappings provide a declarative,
interpretable, and reusable specification of data transformations,
enabling validation, debugging, and control over the integration pro-
cess. This distinction motivates a shift from end-to-end generation
toward LLM-assisted construction of explicit mapping specifica-
tions, aligning with broader goals in interpretable and controllable
AL

In this paper, we investigate the use of LLMs for schema map-
ping generation, focusing on mappings expressed in the X3ML
language [19] and targeting the ISO 21127:2023' CIDOC-CRM on-
tology [6]. We selected this ontology since it is widely used in the
cultural domain, and there are hundreds of human-made mappings
towards that ontology. We formulate schema mapping generation
as a constrained structured generation problem, where outputs
must simultaneously satisfy syntactic validity, semantic alignment,

Uhttps://www.iso.org/standard/85100.html
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and structural consistency. To support systematic evaluation, we
introduce a benchmark of real-world mapping projects and conduct
an extensive empirical study across multiple LLMs and prompting
strategies, providing insights into the capabilities and limitations
of current models in structured semantic generation tasks.

Main Contributions. In this work, we study schema mapping
generation as a structured semantic generation problem under strict
syntactic and ontological constraints, and investigate the extent to
which Large Language Models (LLMs) can effectively support this
task. Our main contributions are as follows:

(1) Problem formulation. We formalize schema mapping genera-
tion as a constrained structured output task, where the goal is
to produce mappings that simultaneously satisfy: (i) syntactic
validity with respect to the X3ML specification, (ii) semantic
alignment with a target ontology (CIDOC CRM), and (iii) struc-
tural consistency across interconnected mapping components.
This formulation highlights the challenges of applying LLMs in
settings that require both symbolic correctness and semantic
reasoning.

(2) Benchmark dataset and evaluation framework. We intro-

duce a curated benchmark composed of real-world, expert-validated

schema mapping projects from the cultural heritage domain.

The benchmark is accompanied by an automated evaluation

framework that enables systematic comparison between gener-

ated and gold-standard mappings across multiple dimensions of
quality, including syntactic validity, semantic correctness, and
structural correspondence.

Systematic empirical study of LLMs. We conduct a controlled

and extensive empirical evaluation of multiple state-of-the-art

LLMs under different prompting strategies (zero-shot, syntax-

aware, and in-context). Our study isolates the effect of structural

guidance and contextual information, providing a detailed analy-
sis of how these factors influence the ability of LLMs to generate
valid and meaningful schema mappings.

(4) Quantitative and qualitative analysis of model behavior.
Beyond aggregate performance metrics, we provide an in-depth
analysis of LLM outputs, identifying recurring error patterns re-
lated to ontology misuse, structural inconsistencies, and invalid
mappings. This analysis offers insights into the limitations of
current LLMs in tasks that require precise semantic alignment
and adherence to formal constraints.

(5) Insights for semi-automated data integration workflows.
Based on our findings, we outline the role of LLMs as assistive
tools in schema mapping workflows, where they can generate
initial mapping specifications that are subsequently validated
and refined by domain experts. Our results highlight both the
potential and the limitations of LLMs in supporting interpretable
and controllable semantic data integration.

—
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=

To the best of our knowledge, this is the first systematic study of
LLMs for schema mapping generation under explicit structural and
ontological constraints using real-world X3ML mappings.

Summary and scope of this work. Overall, this work aims to
bridge the gap between the expressive capabilities of LLMs and the
strict requirements of formal data integration workflows. By treat-
ing schema mapping generation as a constrained structured task
and evaluating LLMs within a realistic, ontology-driven setting, we
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provide a clearer understanding of when and how such models can
be effectively used. Our findings suggest that, while LLMs are not
yet reliable as fully autonomous mapping generators, they can serve
as powerful assistive tools when combined with appropriate struc-
tural guidance and human oversight. This positions LLMs as a key
component in emerging semi-automated and human-in-the-loop
data integration pipelines, where interpretability, controllability,
and correctness remain essential.

2 Related Work

Recent work has explored multiple directions for transforming
structured and semi-structured data into Knowledge Graphs, in-
cluding both traditional schema-based approaches and emerging
LLM-driven approaches. The construction of RDF graphs, as the
result of data transformation from heterogeneous data sources has
already been studied in the literature. Existing approaches span
a wide range of techniques, including schema-based mappings,
declarative transformation languages, and large-scale semantic in-
tegration frameworks. Surveys such as [34, 26] provide overviews
of methods for generating RDF graphs from structured or semi-
structured data resources. [22] reviews approaches for large-scale
linked data integration, focusing on architectures, tools, and ser-
vices that support interoperability across heterogeneous sources.

A central component of semantic data integration is schema and
ontology matching. This problem has been studied extensively in
[29], which proposes a classification framework for understanding
and comparing different matching techniques. Similarly, [25] de-
scribes a taxonomy approach that achieves a partial automation of
the schema matching for specific application domains. [1] analyzes
existing efforts to benchmark schema matching and mapping tools,
aiming to establish standard comparison criteria that help users,
developers, and researchers evaluate and improve these systems.
These works highlight the complexity of aligning heterogeneous
schemas and the need for scalable and reliable mapping solutions.
Such works on schema and ontology matching systems are relevant
to our work as they address the identification of correspondences
between schema entities; however, they do not directly generate
executable X3ML mapping specifications, including target paths
and structural links.

Moreover, there has been a growing interest in leveraging LLMs
for tasks related to Knowledge Graph construction and data trans-
formation. Several works explore the use of LLMs for generat-
ing RDF representations directly from input data. For instance,
LLM2KB [23] proposes a system for constructing knowledge bases
using instruction-tuned LLMs, while [3] introduces an iterative
prompting approach for Knowledge Graph construction. Other
approaches, i.e. [9], evaluate the ability of LLMs to generate RDF
graphs in specific serializations, such as Turtle syntax, or apply
LLMs to domain-specific transformations tasks, including relational
data conversion for the energy domain (i.e. SQLMorpher [28]), and
general-purpose data transformation workflows (i.e. [11]). In addi-
tion, LLMs have been used to support tasks related to Knowledge
Graph construction, such as entity resolution [16], entity alignment
[37], and ontology population [24].
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However, most of these approaches rely on directly generating
RDF outputs from input data, effectively treating the transforma-
tion as an end-to-end process. As a result, they lack an explicit
intermediate representation of the transformation logic, limiting
their interoperability, controllability, and reusability. These lim-
itations have been explicitly highlighted in recent work, which
argues for repositioning LLMs from black-box data transformers to
assistive generators of schema mappings, enabling more transpar-
ent and maintainable transformation workflows [20]. In contrast,
schema mappings provide a declarative and interoperable speci-
fication of how source data are transformed into ontology-based
representations, enabling validation, debugging, and reuse of the
transformation process.

The works most closely related to ours focus on the use of LLMs

for schema mapping generation and assistance. In [14], the authors
investigate the automatic generation of schema mappings using
RML [5] for semi-structured data, evaluating LLMs on their ability
to produce mappings based on a small ontology derived from DBpe-
dia resources. Similarly, [2] approaches LLMs as schema-mapping
assistants in dynamic environments with evolving data sources,
highlighting challenges such as output instability, the complex-
ity of expressive mappings, and the cost associated with repeated
model invocations. Another closely related work is [27], which
explores the generation of YARRRML [12] schema mappings in a
manufacturing context, proposing techniques such as ontology size
management and contextual reduction to address token limitations,
and evaluating results against manually created mappings and ex-
pert feedback. These works are the closest to ours, as they also
investigate LLM-assisted generation of declarative mapping speci-
fications. However, they target different mapping languages and
settings, such as RML and YARRRML, whereas our work focuses on
X3ML mappings against real-world CIDOC CRM mapping projects
and evaluates additional X3ML-specific requirements including
syntactic validity, target-resource correctness, and target-path con-
nectivity.
Positioning of our work. While prior work has demonstrated the
potential of LLMs in knowledge graph construction and schema
mapping tasks, existing approaches remain limited in at least one
of the following aspects: (i) they treat transformation as an end-to-
end generation problem without producing explicit and reusable
mapping specifications, (ii) they focus on simplified or synthetic
settings with limited evaluation scope, or (iii) they lack systematic
analysis of how LLM behavior is affected by structural constraints
and prompting strategies.

In contrast, our work explicitly frames schema mapping gener-
ation as a constrained structured generation problem, requiring
simultaneous satisfaction of syntactic, semantic, and ontological
constraints. Furthermore, we introduce a curated benchmark of
real-world, expert-validated mappings expressed in X3ML, enabling
a more realistic and rigorous evaluation setting. Finally, beyond re-
porting aggregate performance, we provide a systematic empirical
and qualitative analysis of LLM behavior under different prompting
strategies, offering insights into their strengths and limitations in
structured semantic generation tasks.
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3 Background: The X3ML Framework

The X3ML framework [19] provides the resources and technology
for transforming structured data into RDF [18]. One of the distinc-
tive characteristics of X3ML is that it decouples the schema map-
ping definition from the generation of URIs. This separation allows
domain and ontology experts to focus on defining the schema map-
pings (i.e. how the source fields are mapped to ontology classes and
properties), while technical experts handle the generation of URIs.
It includes the X3ML language, a declarative language and human-
readable language for defining schema mappings. Mappings are
described in terms of domains and links and can be reviewed and dis-
cussed by non-technical people as well. Moreover, X3ML language
supports rich mapping constructs (e.g. intermediate or additional
nodes) for constructing multi-step target paths, all without writing
any code. This is particularly important for CIDOC CRM, where a
simple source relation may correspond to a multi-hop target pattern.
For instance, a relation between a painting and its painter can be
represented through an intermediate E12_Production_Event con-
nected to the E21_Person who carried it out. X3ML supports such
cases through target paths with multiple nodes and relationships
within the same mapping link.

Figure 1 demonstrates some indicative X3ML mappings (part C)
for transforming some source data (part A) as ontology instances
(part B) with respect to CIDOC CRM. More specifically, the schema
mappings describe the transformation of all painting elements
from the source schema as instances of the class E22_Human-Made
Object (as shown in Domain part), and subsequently, Links are
used to connect these instances with additional information (e.g.
title, painter, etc.) using the appropriate properties and classes. The
illustrated schema mappings are designed using 3M Editor?, a user-
friendly web application that is used for defining and managing
X3ML mappings.

Based on the described schema mappings, users can specify how
the URIs of the transformed data will be formulated. This is achieved
through the generator policy, which uses patterns to define how
URIs and RDFS labels should be structured, using parameters de-
rived from source data or constant values. These parameters can
be populated with values extracted from the original data sources
or assigned fixed constants. Both schema mappings and generator
policy descriptions can be authored using tools such as the 3M Edi-
tor (i.e. shown in Figure 1), and exported as XML files conforming
to X3ML XSD schema.

Regarding supported formats, X3ML mappings and generator
policies are encoded as XML documents conforming to the X3ML
schema. In this work, the source records are provided in XML, which
is the native input format of the X3ML Engine; other structured
formats, such as CSV, JSON, or relational data, can be used only
after being transformed into an XML representation and are outside
the scope of the present benchmark. The target model is referenced
through URI-based ontology terms. Although this paper focused on
CIDOC CRM, X3ML mappings can refer to classes and properties
from other ontologies and vocabularies through proper namespace
prefixes.

Zhttps://demos.islics.forth.gr/3m/
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Figure 1: Demonstration of the schema mappings for transforming a source dataset (part A), into RDF instances with respect to

CIDOC-CRM (part B), using X3ML definitions (part C)

After the mappings have been defined, the process continues
with the transformation of data resources. This is carried out us-
ing X3ML Engine, a Java-based tool that executes the mappings
to produce RDF output. It takes as input: (a) the source data ex-
pressed in a structured manner (i.e. XML), (b) the X3ML map-
ping definition files, and (c) the generator policy definitions; It
traverses the elements of the source data, applies the mapping
rules defined in the X3ML files, and generates the corresponding
RDF triples. Below, we provide an indicative example of the XML
representation of the schema mappings in X3ML for the exam-
ple shown in Figure 1. For example, the generator LocalTermURI
used in the mapping below, may define a URI pattern such as
http://example.org/resource/hierarchy/term.If the mapping
passes the constant value painting as hierarchy, and the XPath
value id/text () as term, then a source painting with id 123, would

be assigned the URLhttp://example.org/resource/painting/123.

Thus, the X3ML mapping specifies which source values are passed
to a generator, while the generator policy specifies how these values
are converted into URIs or literals.

<x3ml>
<mappings>
<mapping>
<domain>
<source_node>/painting</source_node>
<target_node>
<entity>
<type>crm:E22_Human-Made_Object</type>
<instance_generator name="LocalTermURI">
<arg name="hierarchy" type="constant">painting</arg>
<arg name="term" type="xpath">id/text()</arg>
</instance_generator>

13 <label_generator name="CompositelLabel">

14 <arg name="terml1" type="constant">Painting with title:</arg>
15 <arg name="term2" type="xpath">title/text()</arg>
16 </label_generator>

17 </entity>

18 </target_node>

19 </domain>

20 <link>

21 <path>

22 <source_relation>

23 <relation>title</relation>

24 </source_relation>

25 <target_relation>

26 <relationship>crm:P102_has_title</relationship>
27 </target_relation>

28 </path>

29 <range>

30 <source_node>title</source_node>

31 <target_node>

32 <entity>

33 <type>crm:E35_Title</type>

34 <instance_generator name="LocalTermURI">

35 <arg name="hierarchy" type="constant">title</arg>
36 <arg name="term" type="xpath">text()</arg>
37 </instance_generator>

38 <label_generator name="Literal">

39 <arg name="text" type="xpath">text()</arg>
40 </label_generator>

41 </entity>

42 </target_node>

43 </range>

44 </link>

45 </mapping>

46 </mappings>

47</x3m1>
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4 The Benchmark X3MLBench
4.1 Collection of Mappings.

We use a collection of schema mappings designed and stored in the
various 3M Editor deployments hosted by collaborating institutions.
This collection comprises schema mapping projects developed for
real-world use cases and datasets. All projects have been imple-
mented and validated by domain and mapping experts, spanning
multiple domains, including biodiversity, cultural heritage, and
others.

For the purposes of our study, we focus exclusively on schema
mappings related to the cultural heritage domain, specifically those
using the ISO 21127:2023 CIDOC CRM ontology. This restriction
narrows the scope of our collection but ensures domain consistency
and ontological uniformity, allowing a meaningful evaluation. We
consider this curated subset a gold standard for benchmarking LLM-
generated schema mappings. More specifically, the mappings we
use describe the transformation of diverse entity types such as
persons, locations, organisations, and events. They were developed
in the context of projects like RICONTRANS?, and ARIADNEplus*,
and the China Biographical Database Project (CBDB)>. In total,
our evaluation set includes 13 distinct schema mapping projects,
comprising 53 mapping domains and 308 mapping links, in total.

In our setting, the generated output is considered successful
only if it satisfies three complementary requirements: it must be
syntactically valid with respect to the X3ML schema, semantically
aligned with the target ontology, and structurally coherent as an
executable mapping specification. Accordingly, the evaluation cri-
teria below distinguish between syntactic validity, target-resource
validity, correspondence correctness, ontological connectivity, and
value generation validity.

Given a generated mapping project (May) and its correspond-
ing gold-standard mapping project (Mgs), the main criteria for
assessing mapping quality are:

(1) X3ML validity. This criterion assesses whether My con-
forms to the X3ML schema and can be parsed and executed
by the X3ML Engine.

(2) Target resource validity. This criterion assesses whether
the target classes and properties used in Myy exist in the
target ontology and are syntactically correct CIDOC CRM
resources.

(3) Valid mapping (class resources). This criterion assesses
whether each target class generated in My; corresponds to
the class used in Mgg for the same source node.

(4) Valid mapping (property resources). This criterion as-
sesses whether each target property generated in Myy cor-
responds to the property used in Mgg for the same source
relation or value-bearing element.

(5) Target resources connectivity. This criterion assesses
whether the generated target path is structurally valid with
respect to CIDOC CRM, i.e. whether the selected properties
connect compatible domain and range classes.

(6) Valid generation of values. This criterion assesses whether
the generator policy declarations in M,y are executable and

Shttps://ricontrans-project.eu/
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can produce valid URIs or literal values from source values
or constants.

4.2 Quality Metrics

To evaluate the accuracy of the different methods, we introduce a
set of quality metrics that quantify syntactic validity, exact corre-
spondence, and partial correctness between the mappings found
in the gold standard (Mgs) and the ones generated by an Al-based
algorithmic method (Mag).

To define the metrics formally, we first introduce a few notations
of X3ML schema mappings. The basic construct is the notion of
a mapping, which represents a semantic correspondence between
elements of a source schema and a target schema. Each mapping
is defined over what is called domain, which is used to map nodes
between the two schemata, and is associated with a set of links,
that are responsible for aligning the relations and their associated
nodes.

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
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 7 = (mq, 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 m; is a partial function m; : r(S)xn(S) —
r(T) x n(T). Let cont(Ms 1) be the union of all the functions, i.e.
cont(Ms 1) = mg U m;. We can now define the following metrics:
e Syntactic Validity (SV). This metric examines the syntactic va-
lidity of the generated schema mappings. A mapping is considered
valid if it conforms to the X3ML schema and can be processed by
the X3ML engine without errors. It is defined as:

1 if My; conforms to the X3ML schema (XSD)

SV (Mar) = 0 otherwise
e ExactMatch (EM). This metric checks if two mapping projects
are exactly equal, thus it is a binary metric defined as:
EM(Map, Mgs) = 1 if (conthAI) == cont(Mgs))
0 otherwise
e Accuracy (A). It measures the proportion of correct mappings
among all generated mappings, and it is defined as:

_ |cont(Mar)Ncont(Mgs)|
A(Mar, Mgs) = lcont(Mar)] '

Syntactic validity (SV) is the baseline measure that ensures that
the generated schema mappings conform to the strict syntactic
constraints of the X3ML language and can be processed by down-
stream data transformation pipelines (e.g. using X3ML Engine). It
directly supports the assessment of X3ML validity and, to the extent
that generator declarations affect execution, valid value generation.
Since invalid mappings cannot be parsed and executed, SV consti-
tutes a prerequisite for any further evaluation. ExactMatch (EM) is
a strict binary metric requiring the generated mapping to be iden-
tical to the corresponding gold-standard mapping, thus capturing
complete agreement across target resources, structural organiza-
tion, and mapping components. In contrast, Accuracy (A) provides
a more fine-grained assessment by measuring the proportion of
correctly generated mapping elements that match those in the gold
standard. It therefore captures partial correctness with respect to
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Figure 2: A general overview of the benchmark framework
and the workflow

target-resource selection, class and property correspondences, and
target-resource connectivity as represented in the generated map-
ping paths. Accuracy is defined at the mapping-component level
rather than at the RDF triple level because the object of evaluation
is the generated X3ML specification itself, not the RDF graph pro-
duced after the transformation execution. Triple-level comparison
would also conflate mapping quality with source-data coverage, URI
generation choices, and alternative but valid modelling patterns.
While additional metrics, such as recall and F1-score, could pro-
vide further insights, this work focuses on a precision-oriented
evaluation to assess the correctness of generated mapping elements
under strict syntactic and semantic constraints. A more extensive
exploration of complementary metrics, including recall-oriented
measures and alternative valid mappings, is left for future work.

4.3 X3MLBench Software

To assess the ability of different LLMs to generate accurate X3ML
schema mappings, we developed a Python-based evaluation frame-
work that systematically measures the quality of the generated
mappings. Its primary purpose is to facilitate the comparison be-
tween automatically generated mappings and manually curated
ones from the gold standard.

X3MLBench is depicted in Figure 2. The software starts by reading
a structured directory containing gold standard mapping projects,
each comprising source data and manually created X3ML schema
mapping resources. It then invokes different LLMs to automatically
generate mappings for the same data sources. Once the mappings
are produced, the tool performs a detailed comparison between the
generated and gold standard mappings. This comparison is carried
out using the established evaluation metrics that were given in
the previous section. In addition to computing these metrics, the
tool generates detailed evaluation reports that include the actual
values of the metrics as well as visual plots. These outputs allow
users to visually interpret the performance of different models and
configurations. The source code, the gold standard datasets and the
detailed evaluation results can be found on GitHub®.

Beyond supporting the experiments reported here, X3MLBench
is intended as an extensible evaluation testbed for future schema

Shttps://github.com/ymark/x3ml_comparator
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mapping generation methods, including retrieval-augmented gen-
eration [15], fine-tuned smaller language models, and hybrid ap-
proaches that combine LLM generation with formal validation and
feedback mechanisms.

5 Evaluation

5.1 Evaluated LLMs

For this study, we employed a diverse set of state-of-the-art LLMs
to automatically generate X3ML schema mappings. Specifically, we
used:

OpenAl’s GPT 5.3 Instant’ [30] is a widely adopted family of
models known for their strong general-purpose understanding
and generation capabilities across diverse tasks;

Gemini 3 Flash 8 [31] is a multimodal AI model, designed for
frontier-level reasoning and agentic workflows at high speed and
low cost.

DeepSeek-V3-0324° [17] is a model optimised for code programming-
related tasks, with a focus on code understanding, generation
and technical reasoning;

Mistral-Medium-2505' is a family of open-source and commer-
cial LLMs recognized for their enhanced multilingual support,
code generation and reasoning performance;

Grok-3!! is a conversational Al assistant developed by xAl, with
emphasis on providing real time information.
Llama-4-Scout-17B-16E-Instruct!? [32] is a family of open-weight
transformer-based LLMs designed for efficient training and per-
formance across a range of natural language processing tasks.

This diversity of LLMs enables us to investigate how differences

in model architectures, training objectives, and design philosophies
impact the quality of automatically generated schema mappings.
By including both proprietary and open-weight models, we aim
to capture a broad range of capabilities and behaviors. For each
mapping project, we use an identical prompt across all models,
ensuring that the evaluation of the generated mappings is based
on consistent input (e.g. the source data and the prompt). This
controlled setup allows us to isolate the effect of the model itself on
mapping quality. Moreover, the comparison of the outputs helps
identify strengths and weaknesses particular to certain models,
informing future model selection or prompt design in similar tasks.

In our experiments, we evaluate the impact of different prompt-

ing strategies on the quality of the generated schema mappings.
All prompts provide the same sample input data in XML format,
and instruct the LLM to produce schema mappings using X3ML as
the mapping language, and CIDOC CRM as target ontology. The
three prompt types vary in the amount and type of the guidance
provided as follows:

Zero-Shot prompt includes only the XML source data and a
brief instruction to implement the schema mappings in X3ML
targeting the CIDOC CRM ontology. No additional examples

"https://openai.com/index/gpt-5-3-instant/
8https://deepmind.google/models/gemini/flash/
“https://huggingface.co/deepseek-ai/DeepSeek-V3-0324
Ohttps://docs.mistral.ai/getting-started/models/models_overview/
https://x.ai/grok
2https://huggingface.co/meta-llama/Llama-4-Scout-17B- 16E-Instruct
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or context is given. This prompting strategy is used to test the
model’s ability to infer the mapping structure and syntax.

o Syntax-Aware prompt includes a small indicative X3ML snippet
as an example. The snippet is syntactically correct but irrelevant
or limited in scope serving as guidance for understanding the
structure and format of X3ML.

e In-Context Mapping prompt includes a complete domain-
relevant mapping project alongside the XML source data. This
prompt offers both syntactic and semantic guidance by illus-
trating real mapping definition in the context of similar source
data. It is used to assess the model’s ability to generalize schema
mapping in a guided manner.

The actual prompts that were used for the evaluation for different
tasks can be found at X3MLBench GitHub repository.

5.2 Lexical Baseline Approach

To provide a point of reference for evaluating the performance of
LLM-based schema mapping generation, we implement a simple
heuristic baseline based on lexical similarity. The baseline focuses
on the mapping selection task, i.e. the identification of appropriate
ontology classes and properties for elements of the source schema.
Specifically, for each element in the input XML data, the baseline
selects candidate classes and properties from the CIDOC CRM on-
tology by computing lexical similarity between the element name
and the labels of the ontology resources. The resource with the
highest similarity score is selected as the mapping target. This pro-
cess is applied independently for each element, without considering
structural relationships or contextual information. This approach
is inspired by the traditional schema matching techniques based
on lexical similarity [29].

For the implementation of the baseline, we developed a light-
weight Python script that extracts the element names from the XML
input, normalizes them (e.g., tokenization and lowercasing), and
matches them against CIDOC CRM classes and properties using
lexical similarity. For each element, the most similar class and prop-
erty are selected and compared against the gold-standard mappings.
Lexical similarity is computed using normalized string similarity
between the XML element name and the ontology resource label.
We use this simple baseline intentionally as a lower-bound refer-
ence for the mapping selection subtask, since more sophisticated
ontology matching systems typically produce correspondences be-
tween schema entities but do not directly address the complete
X3ML generation task considered here.

It should be noted that the baseline does not guarantee complete
X3ML mapping files and therefore does not guarantee syntactic
validity with respect to the X3ML schema. As a result, it is evaluated
only with respect to mapping accuracy, and not on syntactic validity.
This distinction highlights the added complexity of LLM-based
approaches, which must simultaneously address both semantic
alignment and structured output generation. While simplistic, this
baseline captures a purely lexical mapping strategy based solely on
surface-level lexical resources. As such, it provides a lower bound
for performance, allowing us to assess whether LLMs can go beyond
straightforward name-based matching when generating schema
mappings.
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5.3 Evaluation Results

Before analyzing mapping accuracy, we first examine the syntactic
validity of the generated X3ML mappings. This is a prerequisite
for usability, as invalid mappings cannot be parsed and executed
by the X3ML engine. We evaluate this aspect using a Syntactic
Validity (SV) rate, which measures the proportion of generated
mappings that conform to the X3ML schema. We observe that the
validity rates vary significantly across prompting strategies. Zero-
shot prompting results in a high proportion of invalid mappings,
as the models fail to adhere to the required X3ML structure. In con-
trast, syntax-aware and in-context prompting substantially improve
validity, indicating that explicit structural guidance is essential for
generating well-formed outputs. Since invalid mappings are treated
as incorrect, syntactic validity directly impacts the overall accuracy
of the generated mappings.

To evaluate the effectiveness of our prompting strategies, we
conducted a quantitative analysis based on the quality metrics.
Specifically, we conducted experiments using the three different
prompting strategies across the evaluated LLMs, utilizing resources
from the gold standard (Mgs). In addition, we compare the LLM-
based approaches against a lexical baseline, which relies solely on
surface-level string similarity for mapping selection and does not
consider structural or contextual information.

We computed the average accuracy of each prompting method
by aggregating the accuracy scores obtained per LLM and dataset.
The results are depicted in Figure 3. As expected, Zero-Shot prompt
achieved the lowest accuracy (i.e. very close to zero) primarily due
to the lack of contextual information about the X3ML syntax. In
many cases, this resulted in invalid or incorrectly structured X3ML
schema mappings. The Syntax-Aware prompt, which includes sam-
ple X3ML mappings, improved the models’ ability to generate syn-
tactically valid outputs and thus increased the overall accuracy.
Finally, the In-Context Mapping prompt slightly improved the av-
erage accuracy score, mainly due to the provision of contextual
information in the form of a relevant X3ML mapping file. This
additional context enabled the LLMs to better understand the do-
main, identify key concepts and generate more accurate schema
mappings.

Compared to the lexical baseline, which relies solely on name-
based matching, LLM-based approaches achieve higher accuracy
across most datasets (see Table 1). While the lexical baseline ap-
proach performs reasonably well on datasets with descriptive ele-
ment names, its performance degrades significantly in more com-
plex or ambiguous cases that require contextual interpretation. This
highlights the limitations of purely lexical matching approaches. On
average, the lexical baseline achieves substantially lower accuracy
than all LLM-based approaches, with scores ranging from 0 to 0.36
and an average of 0.14. This reinforces its role as a lower-bound
reference for this benchmark. In contrast, LLM-based approaches
are able to leverage contextual and structural information, enabling
them to capture semantic relationships beyond surface-level sim-
ilarity and produce more accurate mappings. Notably, the lexical
baseline does not generate full X3ML mappings and therefore is
evaluated only with respect to mapping accuracy, whereas LLM-
based approaches address both mapping selection and X3ML syntax
compliance.



SETN 2026, September 9-11, 2026, Chania, Greece

0.6

0.5

0.

»

0.

w

0.

N

0.

=

0 ANy

N Zero-shot il Syntax-Aware i In-Context

Figure 3: Average accuracy score using different prompting
methods
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Figure 4: Average accuracy score for the evaluated LLMs (us-
ing in-context prompt) and the lexical baseline approach

Table 1 presents the accuracy scores achieved by each model
and the lexical baseline across the evaluated datasets. The highest-
scoring model for each dataset is highlighted in bold. From that
table and the aggregated values per LLM depicted in Figure 4, we
observe that GPT 5.3 and Mistral outperform others, followed by
DeepSeek-V3, and Llama. The one with the lowest accuracy score
is Grok-3.

In the following, we present detailed accuracy results for each
LLM and dataset from Mggs. These results are visualized in Figure 5.
We observe that, for certain datasets, all LLMs achieved consistently
high accuracy scores. This can be attributed to the characteristics
of the datasets themselves; the corresponding XML files contained
element names that were sufficiently descriptive and recognizable,
allowing the LLMs to correctly interpret their semantics and gen-
erate accurate schema mappings aligned with the CIDOC CRM
ontology.

For instance Dataset #3, contains XML elements titled Person
providing a clear indication of the type of resource and the corre-
sponding target class in CIDOC CRM (i.e. E21_Person). Further-
more, the child elements are similarly descriptive, including element
names such as IdentificationNumber, suggesting a unique iden-
tifier for the person, Appellation indicating the person’s name,

Y. Marketakis et al.

[ “ Baseline [ GPT [ Gemini [ DeepSeek [ Mistral [ Grok [ Llama ]

#1 0.0 0.45 033 0.45 0.4 0.39 0.35
#2 0.27 058 033 04 0.6 0.0 052
#3 026 0.9 05 0.9 038 038 0.73
#4 0.12 0.7 055 0.12 0.57 031 0.07
#5 0.07 04 0.29 0.79 0.86 0.0 0.0
#6 023 0.9 0.6 0.82 0.85 0.0 0.74
#7 0.36 0.94 0.38 071 0.71 0.8 0.71
#8 0.22 0.9 0.7 0.65 038 0.65 0.71
#9 0.15 038 0.67 0.93 0.8 0.6 0.79
#10 0.15 0.61 055 059 0.73 0.0 0.95
#11 0.0 03 0.23 036 0.5 0.25 0.27
#12 0.08 053 0.57 0.57 043 0.24 0.36
#13 0.0 0.15 0.1 0.09 0.12 0.08 0.1

[avg [[ 014 [ o063 ] 045 [ 057 [ 063 [ 032 [ 048

Table 1: Accuracy scores using the In-Context Mapping
prompt and the lexical baseline across all datasets

Type denoting a categorization, and Description. These semanti-
cally rich labels help guide the LLMs toward identifying the proper
classes from the target ontology and eventually generating relevant
schema mappings. A similar pattern is observed in datasets #7, #8,
#9, and #10 which include elements with names Person, Location,
Collection, and Event respectively, each directly aligning with
well-defined CIDOC CRM classes. Also in several cases the ac-
tual values (i.e. text nodes) of those elements were also descriptive
enough.

In contrast, dataset #13 presents a more challenging case due
to its lack of descriptive element names, which forced the LLMs
to make more arbitrary assumptions. This dataset contains infor-
mation about ancient Chinese kingdoms, yet the core elements
are labelled generically as KIN_DATA, offering little semantic clar-
ity. Without additional contextual or descriptive information, it
becomes significantly more difficult for the models to infer the
intended meaning of the elements and produce accurate mappings.
Nevertheless, some of the evaluated LLMs were still able to gen-
erate partially meaningful schema mappings. In these cases, the
lexical baseline also performs poorly, further confirming that sim-
ple name-based matching is insufficient when semantic cues are
weak or ambiguous.

It is worth noting that there are a few experiments that failed to
generate meaningful mappings; in these cases, the accuracy score
is 0. The reason for failure in all these cases is the construction of
an X3ML mapping file that is structurally not valid with respect to
the definition of the X3ML mapping language. We consider those
cases as invalid, considering that they cannot be directly used for
transforming data using X3ML Engine, towards automating the
data transformation process.

To better understand model behavior, we conducted a qualita-
tive analysis of common error patterns observed in the generated
schema mappings. We found that errors frequently arise from: (i)
incorrect selection of ontology classes or properties, particularly
when source element names are ambiguous; (ii) improper struc-
tural connections between target entities, leading to invalid or
semantically inconsistent mappings; and (iii) missing or inconsis-
tent generator policy references. In addition, some models produce
syntactically valid mappings that violate ontological constraints.
These observations indicate that the errors are not entirely random,
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Figure 5: Accuracy per dataset for the evaluated LLMs (using in-context prompt) and the lexical baseline

but are influenced by source-schema clarity, prompt richness, and
the structural complexity of the target CIDOC CRM pattern.

6 Concluding Remarks

In this paper, we investigated the extent to which LLMs can support
the generation of X3ML schema mappings that specify correspon-
dences between structured source schemata and ontology-based
target representations. We formulated schema mapping generation
as a structured output task under strict syntactic and semantic con-
straints, and introduced a curated benchmark of real-world schema
mapping projects expressed in the X3ML language to enable sys-
tematic evaluation. Using this benchmark, we evaluated multiple
state-of-the-art LLMs under different prompting strategies, provid-
ing an empirical assessment of their ability to generate valid and
semantically meaningful schema mappings. The empirical evalua-
tion conducted using the X3MLBench reveals several key insights
into the performance of LLMs for schema mapping generation:

(1) Impact of Prompting Strategies: Prompt design was the most
critical factor for success. Zero-shot prompting proved ineffec-
tive, yielding accuracy scores near zero due to a lack of structural
context. Syntax-aware prompting significantly improved the
models’ ability to generate well-formed X3ML code, while In-
Context Mapping (few-shot) achieved the highest performance
by providing both syntactic and semantic guidance.

(2) LLM Performance Comparison: Under optimal in-context
prompting, GPT 5.3 Instant and Mistral-Medium-2505 emerged
as the top performers, both achieving an average accuracy of
0.63. They were followed by DeepSeek-V3 (0.57), Llama-4-Scout
(0.48), and Gemini 3 Flash (0.45). Grok-3 demonstrated the lowest
performance with an average accuracy of 0.32.

(3) Superiority Over Lexical Baselines: All evaluated LLMs con-
sistently outperformed the lexical similarity baseline, which

averaged only 0.14 accuracy. This confirms that LLMs are capa-
ble of capturing complex semantic relationships and structural
constraints that surface-level name matching cannot address.

(4) Semantic Clarity and Data Quality: Accuracy was highly de-
pendent on the descriptive quality of the source data. Datasets
with semantically rich labels (e.g., "Person,’ "Location") saw ac-
curacy scores as high as 0.95 (e.g., Llama on Dataset 10), whereas
datasets with opaque labels (e.g., "KIN_DATA" in Dataset 13)
resulted in significantly lower scores across all models (ranging
from 0.08 to 0.15).

(5) Syntactic and Semantic Integrity: While LLMs achieved an
overall average accuracy of 0.53 with in-context prompting,
failures typically occurred due to the generation of invalid X3ML
structures or violations of ontological constraints (improper
class/property connectivity).

These results provide broader insights into the behavior of LLMs
in structured semantic generation tasks. In particular, they indi-
cate that, while LLMs can assist in producing formal represen-
tations, their effectiveness depends heavily on explicit structural
patterns and contextual grounding. This suggests that fully end-
to-end approaches may be insufficient for reliable data integration,
and supports the use of intermediate, interpretable representations
(i.e., schema mappings), that enable validation, control, and repro-
ducibility within the transformation pipeline.

The experimental findings suggest that because LLMs can pro-
duce a substantial portion of mapping specifications automatically,
the primary role of domain experts will shift from construction to
the refinement and validation of initial drafts. This transition to
semi-automated workflows has the potential to significantly reduce
the labor-intensive effort and high costs traditionally associated
with semantic data integration while maintaining the necessary
reliability for real-world applications. Although our experiments
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focus on CIDOC CRM, X3ML has also been used with other domain
ontologies, such as MarineTLO [33], MINGEI ontology [36], SeaLiT
ontology [7], AO-Cat ontology [8]. This suggests that our work
may be transferable to other ontology-based mapping scenarios,
provided that sufficient contextual information about the target
mapping language and ontology is included in the prompt.

As future work, we plan to investigate iterative self-verification
and reflection-based prompting, where generated mappings are
checked and revised against criteria such as completeness, ontolog-
ical connectivity, and semantic precision. We also plan to explore
fine-tuning, constrained decoding [10], or hybrid symbolic-neural
methods [13]. Moreover, future versions could distinguish accuracy
at different granularity levels, for example by reporting separate
scores for correctly generated target classes and properties.
Acknowledgments: This work was supported by the ECHOES
project, funded by the European Union under the Horizon Europe
programme, Grant Agreement No. 101157364.
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