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Abstract

Ontology alignment (or ontology matching) is essential for knowledge integration, as many real-world appli-
cations rely on cross-domain knowledge. Effective alignment enhances data interoperability and facilitates
seamless knowledge sharing. With the rise of Large Language Models (LLMs) and their strong natural language
understanding, they offer promising potential to improve ontology alignment. While most existing approaches
utilize LLMs primarily in matching stage, their potential in the retrieval stage remains underexplored. In this
paper, we propose a novel approach that integrates LLMs into the retrieval process, investigating the feasibility of
using zero-shot prompting and the models’ built-in commonsense to augment traditional retrieval methods. We
evaluate our approach on several benchmark tasks from the Ontology Alignment Evaluation Initiative (OAEI). Re-
sults show that it can match or even outperform current state-of-the-art systems on certain datasets, underscoring
the promise of incorporating LLMs into the retrieval phase of ontology alignment.
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1. Introduction

In the Semantic Web, individual ontologies are often incomplete and context-dependent, yet real-
world applications increasingly demand integration across diverse knowledge domains. While entity
alignment in Knowledge Graphs has been well-studied, the related task of Ontology Alignment (OA) —
identifying semantic correspondences between entities (e.g., classes or properties) across ontologies —
remains comparatively underexplored [1]. Also known as ontology matching, OA plays a critical role
in resolving heterogeneity and enabling cross-domain interoperability in knowledge representation
and reasoning systems [2]. Traditionally reliant on expert manual work, OA remains a challenge, as
automated methods still lack the accuracy needed for broad industrial use [3].

Many automated OA approaches depend on domain-specific fine-tuning using large labeled datasets
[4, 5]. This reliance arises because ontologies are typically designed within narrow, implicitly defined
contexts, lacking the external background knowledge needed to infer semantic equivalence [6]. In
recent years, Large Language Models (LLMs) have shown strong potential to generalize across domains
by leveraging their pre-trained commonsense and linguistic knowledge. As a result, several studies have
explored the use of LLMs for ontology alignment, primarily focusing on the matching stage through
prompt engineering, task formulation, and model selection [7]. A common approach among state-of-
the-art LLM-based systems is the retrieve-then-prompt pipeline: first, the most relevant target classes are
retrieved; then, these are used to prompt the LLM to predict the most likely mapping correspondences
(8].

However, one critical stage in the OA pipeline remains underexplored: the retrieval phase, where
candidate alignments are selected before final matching. This stage plays a crucial role in determining
alignment quality, as the set of retrieved candidates directly constrains what can be matched [9]. Yet,
most current systems approach retrieval as a surface-level similarity task, using raw labels or structural
cues without optimizing how ontology classes are represented prior to retrieval. In particular, the
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challenge of concept translation, i.e., expressing ontology classes in a way that LLMs can accurately
interpret, remains an open problem [7]. We seek to extend the role of LLMs beyond the final matching
step by integrating them into the retrieval phase, to enrich the semantic representation of input classes
and improve the overall alignment process. We refer to this integration as infusion throughout the
paper. Furthermore, a precision-compensated refinement strategy is proposed to improve the resulting
mappings. Our hypothesis is that enriching ontology classes with contextual and commonsense
knowledge during the retrieval phase, combined with a precision-compensated refinement strategy,
enhances the quality and relevance of candidate matches and leads to more accurate and robust
alignment results.

To validate this hypothesis, we propose a novel infuse-retrieve-prompt framework that enhances
the conventional Retrieval-Augmented Generation (RAG) pipeline. In our approach, verbalized on-
tology classes are first infused with additional knowledge via an LLM to produce enriched textual
representations. These are then embedded using SBERT [10], enabling more semantically meaning-
ful candidate retrieval. The retrieved pairs are finally evaluated by prompting an LLM to generate
alignment decisions along with confidence scores. To further refine alignment outcomes, we employ a
precision-compensated strategy. By adjusting decision thresholds, the system can recover plausible
correspondences that might otherwise be discarded due to marginal similarity scores. This approach
improves recall while maintaining competitive precision on certain datasets. Our approach is built
entirely on open-source LLMs, ensuring full reproducibility and flexibility across different deployment
scenarios. We also evaluate the framework across multiple datasets from the 2023 Ontology Alignment
Evaluation Initiative.

Our main contributions are as follows:

1. Infuse-Retrieve-Prompt framework — a novel LLM-integrated approach that enriches concept
representations and advances beyond traditional LLM-only matching paradigms

2. Precision-Compensated Strategy — balancing precision with LLM confidence to recover corre-
spondences near similarity thresholds

3. Evaluation — comprehensive benchmarking against a baseline alignment system and OAEI
(Ontology Alignment Evaluation Initiative) benchmarks across multiple tracks.

2. Related Work

Ontology alignment has undergone significant development, evolving from conventional rule-based and
string similarity methods to the adoption of machine learning and language model-based techniques
[5]. In this section, we outline two primary strands of existing research: 1) conventional and pre-
trained model-based ontology alignment systems, and 2) recent systems that leverage LLMs to improve
alignment performance.

2.1. Traditional and Pre-trained Model-Based Alignment Systems

Extensive research has been devoted to OA, with the field evolving alongside advancements in computa-
tional techniques. Before the emergence of LLMs, OA systems generally fell into three main categories:
lexical matching, machine learning-based approaches, and pre-trained language model (PLM)-based
systems. Traditional systems such as LogMap [11] and AML [12] rely primarily on lexical similarity and
occasionally incorporate logical reasoning. While these systems remain widely used due to their robust-
ness and efficiency across diverse benchmarks, they are inherently limited to surface-level matching and
often struggle to capture deeper semantic relationships [5]. To address these limitations, subsequent
research introduced machine learning (ML) techniques, as seen in LogMap-ML [4] and DeepAlignment
[13]. These methods improved adaptability and alignment quality by learning from labeled data. How-
ever, they typically require extensive supervised training and manual feature engineering, making them
labor-intensive and less scalable across domains [1]. The emergence of pre-trained language models,
such as BERT, introduced a significant advancement by providing rich contextualized representations



learned from large, unlabeled corpora. This enabled systems like BERTMap [5] and KERMIT [14] to
outperform traditional ML models in certain alignment scenarios, while reducing reliance on hand-
crafted features. Despite their advantages, many PLM-based approaches still require fine-tuning on
domain-specific alignment data to reach optimal performance. This reintroduces some of the challenges
they were meant to alleviate, including manual data preparation and scalability constraints.

2.2. LLM based Ontology Alignment Systems

Recent advances in LLMs have significantly influenced the field of OA, prompting the development
of new strategies aimed at improving scalability and semantic accuracy. One widely adopted pipeline
is the retrieve-then-prompt framework, comprising four main steps: verbalization, candidate retrieval,
LLM-based matching, and postprocessing. In the verbalization step, source and target ontologies are
transformed into textual representations that capture the semantics of individual concepts, optionally
extended with hierarchical context such as parent—child relationships. These representations are then
preprocessed for clarity [15]. During candidate retrieval, embedding-based methods are used to generate
vector representations of concepts, allowing the model to retrieve top-k target candidates based on
similarity to source concepts [16]. In the LLM-based matching phase, retrieved concept pairs are
formatted into natural language prompts and processed by an LLM to assess semantic equivalence
through binary classification, producing a confidence score [7]. Finally, postprocessing refines the
alignment results by applying several filters, such as LLM confidence filtering, cardinality constraints,
and exact match detection, to improve overall precision and ensure consistent one-to-one mappings
[7, 15]. This strategy effectively reduces the computational cost of exhaustive comparisons while
maintaining competitive performance [8].

Prompt engineering has also played a central role in enhancing LLM-based OA systems. Studies have
explored various ways of presenting alignment tasks, including pairwise prompts 7, 17], full-ontology
prompts [18], and prompts enriched with handcrafted rules or in-context examples [16]. These have
been tested in both zero-shot and few-shot settings [19, 15, 16, 20], with findings showing that well-
designed zero-shot prompts, especially those providing explicit task instructions, can achieve alignment
quality comparable to few-shot methods [16, 20].

Several systems have also experimented with retrieval-augmented generation (RAG) techniques
[21], embedding ontologies into a vector space to support more semantically informed retrieval before
prompting LLMs for final decision-making [22]. Despite these innovations, most systems continue to
rely on conventional candidate representations and pre-retrieval filtering strategies. This often limits
the semantic depth of the retrieved candidates, particularly in cases involving sparse aligned ontologies.

To ensure alignment quality, current approaches frequently employ fixed similarity thresholds to
control precision during the final mapping stage [7, 15, 8]. While effective in filtering noisy matches,
this practice can also lead to the exclusion of semantically valid correspondences that fall just below the
threshold, especially when LLM predictions involve nuanced or borderline decisions. Moreover, although
LLMs have demonstrated strong capabilities in understanding individual entity descriptions, their
potential for improving earlier stages, such as enriching candidate representation with commonsense
or contextual signals, remains underexplored.

These gaps point to several opportunities for advancement, particularly in developing more se-
mantically enriched candidate representations and incorporating refinement strategies that reconcile
precision with the probabilistic confidence of LLMs. Addressing these limitations holds potential for
enhancing the robustness and adaptability of LLM-based ontology alignment pipelines.

3. Methodology

Ontology alignment is the process of identifying semantic correspondences between entities in different
ontologies, typically involving relationships such as equivalence, subsumption, or more complex
semantic mappings [23]. In this work, we concentrate on identifying equivalence between classes
and focus on simple, pairwise alignments, that is, one-to-one correspondences between classes from



Prompt Prompt

v v

Precision-
LLM SBERT LLM Filters Compensation
os Cardinality
= % (¢4 e P(ci=ct)
PP . — . topk . Cs/coPlcs=ce Mapping Alignment
Verbalization Infusion Retrieval e Matching Refinement ~ ~  {A}

Ce -k Ct
5 f \ ‘top

Vector Knowledge Base

Figure 1: An overview of the infuse-retrieve-prompt framework.

two ontologies [24]. The alignment aims to determine whether two classes, ¢, € O and ¢; € O;, are
semantically equivalent, represented as the triple (c, ¢;, P(c;= ¢;)). Here, P € [0, 1] denotes the confidence
score, with higher values indicating a stronger semantic match between c; and ¢; [5]. To achieve this, we
propose a novel infuse-retrieve-prompt pipeline for ontology alignment. Figure 1 illustrates the overall
framework, which comprises five key components: verbalization, infusion, retrieval, matching, and
mapping refinement. The approach enriches the semantic representations of ontology classes using
LLMs, retrieves candidate matches based on embedding similarity, and refines the final alignments
through LLM-based matching supported by filtering mechanisms, including a precision-compensated
strategy. Each component is detailed in the following subsections with illustrative examples.

3.1. Verbalization

At the initial stage, matching candidates must be verbalized from the two input ontologies, O; and O,
to prepare them for processing by the LLM in later phases. This involves two steps: (1) extracting
ontology classes, and (2) verbalizing these classes into textual form.

First, the input ontologies are parsed to extract standalone classes. Structural information (e.g.,
hierarchical relations) is not considered at this point, as previous research has shown that incorporating
structural context in LLM prompts does not significantly improve ontology alignment performance [2].
Since both the LLM and the SBERT retriever operate exclusively on textual input, each class must be
converted into a natural language representation. To ensure that this representation remains focused
and avoids introducing noise that might mislead the retriever [15], we limit the verbalization to concise,
unambiguous textual elements, specifically, the class labels. Depending on the ontology format (OWL
or SKOS), these are extracted using properties such as skos:prefLabel or rdfs:label, while the class IRIs
are retained as unique identifiers.

3.2. Infusion

While evaluating existing ontology alignment pipelines, we identified a common limitation: concept
labels are often abbreviated, under-specified, or contextually sparse, which hinders accurate candidate
retrieval and poses challenges for LLMs to make correct decision during the matching stage. To mitigate
this, we introduce an LLM-based infusion module that enriches concept representations by leveraging
natural language understanding and commonsense knowledge.

The infusion process begins with source concept ¢; € Oy, which are submitted to an LLM to evaluate
their clarity and interpretability. If a label is found to be overly brief or ambiguous, the LLM generates a
more informative reformulation, such as expanding abbreviations into their full expressions, to provide
additional context for retrieval. To prevent noise, the LLM is guided to produce only minimal and



plausible changes, avoiding speculative elaboration. This process yields enriched candidate sets:
i =cUE

where E is a set of clarified or expanded expressions (can be empty). These enriched labels, in combina-
tion with the originals, are then passed to the retriever, offering a broader semantic surface, especially
in cases where the original labels lack context. Importantly, although the enriched variants are semanti-
cally close to the originals, the added clarity helps ensure that potentially relevant candidates are not
missed. Beyond retrieval, these enriched inputs also provide downstream benefits in the LLM-based
matching stage. Since the final alignment relies on prompting the LLM to assess semantic equivalence
between concept pairs, clearer and more descriptive labels facilitate better contextual understanding,
improving the reliability of the LLM’s mapping decisions.

To reduce computational overhead, only source concepts undergo enrichment. The module operates
in a zero-shot setting using a structured prompt template, without any fine-tuning or in-domain
examples. To provide the LLM with clearer guidance, we explicitly include two concrete examples (e.g.,
chemical symbols or technical shorthand), following prior work showing that explicit task instructions
can improve LLM-generated outputs [16, 20]. The template presents input labels and task instructions
in a controlled format, as detailed below:

You are a domain-aware assistant specialized in {context}. When given an input of a text or
phrase, your task is to:

Evaluate and check the length of the following text: {concept}

1. If the input length is 3 characters or fewer, treat it likely as abbreviation (e.g. chemical symbol
or technical shorthand) and expand it to its exact full form.

2. If the input length is more than 3 characters, evaluate if it is a clear and valid word or phrase;
if so, return it unchanged; if not, return its exact and clear form.

3. If the meaning is unknown, return the original text.

Respond with only the word or phrase — no explanations.

3.3. Retrieval

Due to the limited context window that LLMs can process [18], it is not feasible to analyze entire
ontologies at once. A common solution is to focus on each concept individually and retrieve a set of
potentially related concepts as alignment candidates. At this stage, the primary objective is to maximize
recall, the ability to include as many correct matches as possible, regardless of precision.

To accomplish this, we use a Sentence-BERT (SBERT) embedding model to encode all target ontology
concepts ¢, constructing a searchable vector-based knowledge base. Each source concept ¢ is also
embedded, and cosine similarity is computed between it and all ¢; embeddings. The top-k most similar
target concepts are retrieved for each source concept, yielding a candidate set of alignment pairs, each
associated with a similarity score.

This embedding-based retrieval is crucial for handling large ontologies that exceed the input size
limits of current LLMs. Unlike traditional lexical approaches that depend on surface-level textual
overlap, SBERT enables semantic similarity matching, capturing related terms even when terms have
no textual similarity [25]. As a result, this step generates a high-recall pool of candidates, which lays
the foundation for more accurate alignment in downstream matching stages.

3.4. Matching

In this stage, LLMs are employed to assess the plausibility of each candidate alignment. There are
two main strategies for presenting candidates to LLMs: (1) evaluating each candidate correspondence
independently (binary decision), and (2) presenting all candidate target classes for a given source class
simultaneously, allowing the model to choose the best match (multiple-choice decision) [7]. In our



work, we adopt the binary decision strategy. Although the multiple-choice approach can reduce the
number of LLM queries, it has been shown to degrade alignment quality [8].

Each retrieved candidate pair (c;, ¢;) retrieved in the previous step is verbalized into natural language
and embedded into a prompt template designed for binary classification. Using established prompting
techniques [26], the LLM is asked whether the pair refers to the same concept. The model’s output is
interpreted using predefined label words, with yes, correct, true... indicating positive alignments, and no,
incorrect, wrong... representing negatives.

To optimize performance, we adopt the prompt template that previously achieved the best F1 score
[7], tailoring it to our use case by adding relevant context information. The final prompt format is as
follows:

Classify if the following two concepts are the same in the context of {context} (answer only yes
Or Nno).

### First concept:
{source}

### Second concept:
{target}

### Answer:

J

Incorporating confidence scores is essential in LLM-based alignment to mitigate hallucination, filter
unreliable mappings, and support thresholding for high-related outputs. To compute a confidence score
P(c{, ¢;), we analyze the output distribution of the LLM by extracting generation probabilities for a set
of predefined label words (e.g., “Yes” or “No”). After applying a softmax over the full vocabulary, we
normalize the highest probability among positive labels by the sum of the top positive and negative
label probabilities, following a previous method [7]:

maX(P positive)

max(P, positive) + max(P, negative)

Confidence =

If the resulting confidence score exceeds a predefined threshold (e.g., 0.5), the candidate pair is accepted
as a valid alignment. This probabilistic scoring approach improves alignment quality by filtering
out semantically weak matches, especially those that might have been incorrectly prioritized by the
embedding model due to superficial lexical similarity.

3.5. Mapping Refinement

After retrieving a set of scored candidate alignments (c;, ¢;, P(ci= ¢;)), we refine the results through a
multi-stage filtering process. First, we apply three standard filters commonly used in state-of-the-art
alignment systems. The thresholds are informed by related studies that define the similarity scores
corresponding to exact matches and low-confidence predictions for LLMs [7, 15].

« a cardinality filter to enforce one-to-one mappings by removing the mapping with the lower
similarity score when multiple candidates share the same source concept,

« a high-precision filter to retain only exact matches with similarity scores above a threshold, and

« a confidence filter to eliminate low-confidence predictions based on LLM output.

In addition to these traditional filters, we introduce a precision-compensated strategy designed to
balance precision and recall. Specifically, if an alignment has a high LLM confidence score but a relatively
low retrieval similarity score, it may still be accepted. This is particularly useful when the retrieval
process fails to capture relevant matches due to limited textual overlap, even though semantically
meaningful matches exist. For example, synonyms, paraphrases, or domain-specific terminology may
result in low similarity scores, but the LLM’s confidence can still indicate that the alignment is correct.



By allowing such alignments to pass through, this strategy helps recover plausible matches that would
have otherwise been discarded, ensuring that potentially valuable alignments are not overlooked.

By incorporating this confidence-aware adjustment, the refinement step becomes more robust
against shallow or surface-level retrieval errors. This enables the pipeline to recover semantically
valid correspondences that would otherwise be filtered out, thereby increasing recall without severely
compromising precision. The final alignment output benefits from this multi-faceted filtering logic,
which combines the complementary strengths of both retrieval models and LLMs, producing a final
alignment set with enhanced accuracy, coverage, and resilience to noise.

4. Experiments

To assess the proposed infuse-retrieve-prompt pipeline combined with precision-compensated strategy,
we conducted a series of experiments on multiple ontology alignment benchmarks. This section outlines
the baseline systems for comparison, the datasets used, the experimental settings, and the evaluation
results.

4.1. Baselines

To evaluate the performance of our proposed approach, we compare it against several representative
baselines. These include:

« LLMs4OM[15]: This baseline follows a standard retrieve-then-prompt pipeline and serves as the
technical foundation for our implementation of the proposed approach. It employs Sentence-
BERT embeddings to compute cosine similarity between source and target classes, selecting
candidate alignments based solely on the top-k most similar pairs. No LLM-based enrichment or
transformation is applied prior to retrieval. This baseline serves to isolate and assess the added
value of the proposed infuse-retrieve-prompt pipeline.

« Two Strong Baselines from OAEI 2023[27]: As competitive baselines, we include two of the top-
performing systems from the OAEI 2023 campaign, Matcha and OLaLa, both of which achieved
the highest F1 scores on one or two of the datasets used in our experiments. Matcha was selected
for its strong overall performance and broader coverage, as it participated in more tracks and
includes all the datasets we evaluate. OLaLa, while not attending all tracks, integrates LLMs
into its alignment process, making it a relevant point of comparison. Together, these systems
represent strong recent advancements in ontology alignment.

Together, these baselines allow us to quantify the improvements contributed by incorporating LLM-
supported retrieval and hybrid filtering strategies in our proposed pipeline.

4.2. Datasets

To evaluate our approach, we selected four tracks comprising a total of eight datasets from the OAFEI
2023 edition, focusing specifically on the equivalence matching task. The 2023 edition was chosen over
2024 due to the limited public availability of some datasets (e.g., Biodiv datasets) in the latest release.
Table 1 provides an overview of the datasets, including the number of classes in the source (¢,) and
target (¢;) ontologies, as well as the number of available reference mappings (Refs).

The datasets used in this study were selected based on several criteria to ensure a comprehensive
and meaningful evaluation. We prioritized cases that met one or more of the following conditions:

1. low performance from both the baseline model LLMs4OM and OAEI systems, indicating inherently
difficult alignment tasks;

2. significant performance gaps between LLMs4OM and existing OAEI systems, suggesting potential
for improvement;



Table 1
Numbers of source and target classes and reference mappings.

Tracks Datasets c c Refs
ENVO-SWEET 6566 10239 | 806
Biodiv FISH-ZOOPLANKTON | 145 56 15
ALGAE-ZOOBENTHOS | 108 128 18
Nell-DBpedia 134 137 129
CommonKG | yrGo-Wikidata 304 | 304 | 304
Bio-ML OMIM-ORDO(disease) | 9642 | 8838 3721
SNOMED-FMA(body) | 24182 | 64726 | 7256
MSE MI-MatOnto 545 825 302

3. diversity in domain, ontology size, and serialization format (e.g., OWL, SKOS), to test generaliz-
ability across different contexts.

This selection strategy ensures that our method is tested across a broad range of realistic and difficult
alignment scenarios, enabling a robust assessment of its generalizability and performance. Notably,
for the ENVO-SWEET dataset, the original version used during the OAEI campaign was not accessible
at the time. To ensure reproducibility and data completeness, we instead employed the original full
SWEET ontology. While this may introduce slight differences in statistics, it guarantees that all required
data are consistently available for future experiments. Additionally, even within the same OAEFI edition,
multiple versions of a dataset may exist. As a result, the statistics reported in our study may differ
slightly from those in other works, depending on the dataset variant used. Such variation can lead to
inconsistencies that potentially affect the fairness of direct comparisons with OAEI-reported results or
top-performing systems.

4.3. Experiment Settings

Performance was assessed using standard evaluation metrics: Precision (P), Recall (R), and F-measure (F1)
[28]. The technical implementation builds upon the LLMs4OM framework [15], which follows a standard
retrieve-then-prompt architecture for ontology alignment using LLMs. For the final configuration, several
key parameters were fixed to ensure consistent and reproducible results. The top-k parameter, which
determines the number of candidate correspondences retrieved per source concept, was set to 5. This
value was chosen based on prior work [15] to as a compromise between maintaining high recall and
controlling computational overhead. For candidate generation, we employed the SBERT retriever model
multi-qa-mpnet-base-dot-v1, which showed the highest recall at k = 5 according to the findings in a
prior study [7].

For the LLM-related stages, we employed LLaMA-3.3-70B-Instruct [29], as previous studies have shown
that models of this size provide strong performance and improved task understanding in ontology
alignment tasks [20]. To ensure a fair comparison, we re-executed the baseline model LLMs4OM
using the same, updated version of LLaMA employed in our approach. During the refinement stage,
candidate pairs with a similarity score above 0.9 were directly retained as high-precision matches.
Alignments were further filtered using LLM confidence, with only those scoring above 0.7 considered
for final inclusion. These thresholds were chosen based on best practices reported in previous studies.
Additionally, to balance precision and recall, candidate pairs with very high LLM confidence (greater
than 0.9) were also accepted if their retrieval similarity score exceeded 0.8.

Experiments were conducted using two Ubuntu servers: one equipped with 320 GB RAM, an Xeon
w5-3435X CPU, and dual 6000 Ada GPUs; the other with 272 GB RAM, an 7402P/24core CPU, and four
A6000 GPUs. Tasks were distributed across the servers to optimize workload and resource utilization.
Each dataset was executed five times to account for variability in LLM outputs, except for the three
largest datasets, ENVO-SWEET, OMIM-ORDO (disease), and SNOMED-FMA (body), which were run
once or twice due to their high computational demands. Across all repeated runs, the variance in results



Table 2
Retrieval results

Tracks Datasets Our Approach | LLMs4OM
ENVO-SWEET 75.56 75.19

Biodiv FISH-ZOOPLANKTON 93.33 93.33
ALGAE-ZOOBENTHOS | 83.33 83.33
Nell-DBpedia 100 98.45

CommonKG | yxGo-Wikidata 98.36 97.37

Bio-ML OMIM-ORDO(disease) | 72.10 71.51
SNOMED-FMA(body) | 79.89 79.84

MSE MI-MatOnto 90.40 49.34

was minimal, indicating that the outcomes are stable and representative.

4.4. Results

This section presents the experimental results, highlighting the performance of the proposed approach
in comparison with baseline methods. The evaluation is organized into three parts: (1) retrieval
performance following LLM-based infusion, (2) alignment results with the precision-compensated
filtering, and (3) an ablation study.

4.4.1. Retrieval Performance.

As recall is the primary metric of interest in the retrieval phase, we report recall values for both our
approach and the LLMs4OM baseline. Table 2 summarizes the retrieval recall scores across all datasets.
The results show that our method achieves equal or superior recall in all cases, with particularly strong
improvements observed in challenging datasets.

In datasets where baseline performance is already relatively high such as FISH-ZOOPLANKTON,
ALGAE-ZOOBENTHOS, and SNOMED-FMA, the gains are marginal or non-existent. This suggests
that for well-aligned or less complex cases, standard embedding-based retrieval is already sufficient,
and the added value of LLM-based infusion is limited. Another possible reason is that, in these cases,
we deliberately avoided introducing additional information during concept infusion in order to preserve
the original semantics as much as possible, which may have constrained the potential for noticeable
retrieval improvements.

However, in more challenging or specialized datasets with lower baseline recall, the improvements are
substantial. Notably, in the MI-MatOnto dataset, our method improves recall from 49.34 to 90.40, a gain
of over 40 percentage points. This highlights the strength of our approach in handling domain-specific
or low-resource scenarios, where standard embedding-based retrieval struggles due to limited training
data, specialized vocabulary or sparse reference mappings.

4.4.2. Alignment Results.

Table 3 presents alignment performance (P, R, F1) for our approach compared to the LLMs4OM baseline
and two strong systems from the OAEI 2023 campaign. For Matcha and OLaLa, we report only their F1
scores due to space constraints. To ensure a fair comparison, we bold the higher F1 score between our
approach and the baseline model (LLMs4OM), and underline the best F1 score across all systems. The
results highlight the potential of our pipeline, particularly in challenging or low-resource scenarios
where traditional systems struggle.

Most notably, our method yields improved recall in several cases, leading to higher F1 scores in multi-
ple datasets. For instance, on the YAGO-Wikidata dataset (CommonKG track), our recall increases from
47.37 (LLMs4OM) to 82.57, boosting F1 from 64.29 to 90.13, surpassing OLaLa (81.00) and approaching
Matcha’s top F1 of 94.00. Similarly, in MI-MatOnto (MSE track), our recall rises from 20.86 to 56.62,
increasing F1 from 33.96 to 68.67, more than doubling the Matcha benchmark of 33.90. These results



Table 3
Alignment results

Tracks Datasets Our Approach LLMs4OM Matcha | OLala
p R F1 p R F1 F1 F1
ENVO-SWEET 57.14 | 51.61 | 54.24 | 81.40 | 43.92 | 57.05 | —' —
Biodiv FISH-ZOOPLANKTON 100 73.33 | 84.62 | 100 53.33 | 69.57 | 41.90 92.80
ALGAE-ZOOBENTHOS | 83.33 | 27.78 | 41.67 | 83.33 | 27.78 | 41.67 | 28.50 50.00
CommonKG Nell-DBpedia 100 87.60 | 93.39 | 100 79.07 | 88.31 93.00 96.00
YAGO-Wikidata 99.21 | 82.57 | 90.13 | 100 47.37 | 64.29 | 94.00 81.00
Bio-ML OMIM-ORDO(disease) 72.47 | 5399 | 61.88 | 88.68 | 43.38 | 58.26 | 61.70 64.90
SNOMED-FMA(body) 23.09 | 27.89 | 25.27 | 4297 | 16.68 | 24.03 | 64.10 30.40
MSE MI-MatOnto 87.24 | 56.62 | 68.67 | 91.30 | 20.86 | 33.96 | 33.90 —2

suggest that LLM-based infusion and enrichment are likely beneficial in domains where concepts are
loosely defined or training data is sparse.

On Nell-DBpedia (CommonKG), our F1 improves from 88.31 to 93.39, narrowing the gap with OLaLa
(96.00). In FISH-ZOOPLANKTON, our approach also delivers an F1 of 84.62, considerably outperforming
Matcha (41.90) but still behind OLaLa (92.80). In contrast, for smaller or simpler datasets such as ALGAE-
ZOOBENTHOS, both our method and LLMs4OM perform identically (F1 = 41.67), suggesting limited
room for improvement where alignments are already straightforward.

Our method does lag behind existing systems in some cases. For example, on SNOMED-FMA, we
achieve an F1 of 25.27, slightly higher than LLMs4OM (24.03) but lower than both Matcha (64.10) and
OLaLa (30.40). This points to areas where domain-specific adaptation may still offer benefits.

Overall, while our system does not outperform all baselines across every dataset, it remains competi-
tive without relying on domain-specific tuning or training. In particular, the integration of LLM-based
concept enrichment appears to contribute positively in cases involving loosely defined concepts or
limited training data. Although performance varies by domain, these results suggest that LLMs can
help bridge semantic gaps that traditional alignment methods may miss, offering a complementary
approach in complex or under-resourced scenarios.

4.4.3. Statistical Significance Testing

To assess whether the observed performance differences are statistically significant, we conduct signifi-
cance testing on the alignment results, a paired t-test comparing our method to the baseline, which
yielded t = 2.15, p = 0.068. While not statistically significant at the conventional 5% level, the result
indicates a positive trend favoring our method. To assess practical relevance, we also computed Cohen’s
d = 0.76, indicating a substantial effect size. This suggests that our method provides a meaningful
performance gain, even if statistical significance is marginal.

4.4.4. Ablation Study.

Table 4 presents an ablation study assessing the impact of the precision-compensation strategy on
alignment performance. Here, P, R, F1 represent results with the strategy applied, while P’, R’, F1’
refer to results without it.

The results show that precision-compensation often boosts recall, leading to improved F1 scores,
especially in challenging or low-resource settings. For example, in YAGO-Wikidata, recall increases
from 73.36 to 82.57, improving F1 from 84.63 to 90.13. In Nell-DBpedia, a similar trend is observed,
with F1 rising from 88.79 to 93.39 due to enhanced recall. The strategy proves particularly helpful
in difficult domains like SNOMED-FMA, where recall increases from 16.76 to 27.89, despite a drop in

Instead of using the test case subset provided by OAEI for the SWEET ontology (which is not available), we utilized the full
version of the ontology. Therefore, a direct comparison with the OAEI-reported values is not entirely meaningful, as they are
based on a different dataset scope.

*OLaLa didn‘t attend the MSE track alignment.



Table 4
Performance without applying the precision-compensated filtering

Tracks Datasets P R F1 P R F1’
ENVO-SWEET 57.14 | 51.61 | 54.24 71.22 | 48.51 | 57.71
Biodiv FISH-ZOOPLANKTON 100 73.33 | 84.62 | 100 53.33 | 69.57
ALGAE-ZOOBENTHOS | 83.33 | 27.78 | 41.67 83.33 | 27.78 | 41.67
CommonKG Nell-DBpedia 100 87.60 | 93.39 | 100 79.84 | 88.79
YAGO-Wikidata 99.21 | 82.57 | 90.13 | 100 73.36 | 84.63
Bio-ML OMIM-ORDO(disease) 72.47 | 53.99 | 61.88 | 84.90 | 43.54 | 57.56
SNOMED-FMA(bOdy) 23.09 | 27.89 | 25.27 | 42.02 | 16.76 | 23.96
MSE MI-MatOnto 87.24 | 56.62 | 68.67 94.89 | 55.30 | 69.87

precision, resulting in a higher F1 (23.96 — 25.27). This demonstrates its utility in boosting coverage
in semantically complex biomedical ontologies. On the other hand, in already high-precision settings
like MI-MatOnto, the strategy offers little benefit, slightly reducing F1 (69.87 — 68.67), possibly due to
marginal over-alignment.

In summary, the precision-compensation strategy effectively improves recall and F1 in complex or
sparse alignment scenarios, while having minimal or mixed impact in already well-performing cases.

5. Conclusion and Outlook

In this work, we proposed an LLM-enhanced infuse-retrieve-prompt pipeline for ontology alignment.
The pipeline first enriches ontology concepts with contextual information using zero-shot LLMs (infuse),
then retrieves candidate alignments based on the enriched representations (retrieve), and finally validates
or re-ranks these candidates through prompting (prompt). Additionally, we incorporated a precision-
compensation strategy to further refine the alignment results. Our experiments show that the proposed
approach consistently outperforms the baseline, particularly in recall, leading to improvements in
F1 scores. Notably, significant improvements were observed in challenging domains, such as the
MI-MatOnto dataset, where both recall and F1 scores showed considerable gains.

Despite these encouraging results, the method presents several limitations, including high compu-
tational cost, occasional hallucinations, and reduced precision in certain datasets. These issues are
especially pronounced in large-scale or semantically complex ontologies, such as those in the biomedical
domain.

To address these challenges, future work will explore techniques for hallucination mitigation, com-
putational efficiency improvements, and integration of structure-aware methods to enhance scalability.
While refinement is still needed, our results suggest that LLM-based enrichment offers a promising
direction for ontology alignment, particularly in settings where traditional methods fall short.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT in order to: Grammar and spelling
check, Paraphrase and reword. After using this tool, the authors reviewed and edited the content as
needed and take full responsibility for the publication’s content.
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