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Abstract
Ontologies provide precise semantics and reliable
reasoning capabilities and are widely used in real-
world domains such as healthcare and finance. How-
ever, traditional ontology construction and reason-
ing face several limitations: ontology construction
typically requires substantial human effort, while
standard reasoning approaches struggle with incom-
plete or uncertain information. To address these
challenges, the use of large language models (LLMs)
in ontology construction and reasoning has gained
significant attention. Despite a growing body of
research, the field lacks a systematic review, which

hinders researchers from obtaining a comprehensive
understanding of recent advances. To bridge this
gap, we survey recent work, primarily since 2021,
and categorize the current research landscape into
three areas: Ontology Learning, Ontology Match-
ing, and Ontology-aware Complex Reasoning. We
examine how ontologies are integrated with LLMs
for knowledge extraction, interaction, and reasoning
through approaches such as prompting, fine-tuning,
and retrieval-augmented generation (RAG). Finally,
we discuss current challenges and outline promising
directions for future research.
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1 Introduction11

Ontologies [10], especially those expressed in the Web Ontology Language (OWL), offer a formal12

framework for representing domain knowledge through concepts, relations, and constraints. They13

enable knowledge sharing, automated reasoning, and explainable intelligent systems in domains such14

as biomedicine [7] and healthcare [29]. For instance, a medical ontology may define classes such as15

Disease, Pneumonia, and Lung, relations such as locatedIn, and axioms such as “pneumonia is a lung16

disease,” formalised as Pneumonia ⊑ Disease ⊓ ∃locatedIn.Lung. These representations support17

tasks such as consistency checking, inference, classification, and heterogeneous data integration.18

Although large language models (LLMs) have achieved substantial success, ontologies remain19

essential because they provide formal semantics, logical consistency, and machine-interpretable20

structure. They therefore complement, rather than replace, neural approaches.21

Traditionally, ontology construction has been a knowledge-engineering task performed by22

domain experts and knowledge engineers [64]. Although this expert-driven process can produce23
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high-quality and logically coherent ontologies, it is time-consuming, labour-intensive, and difficult24

to scale, particularly in large, complex, or rapidly evolving domains. To reduce this burden,25

ontology learning seeks to automatically or semi-automatically extract ontological components,26

including concepts, relations, and axioms, from text corpora [15, 8, 5]. A common line of work27

in ontology learning relies on linguistic patterns, statistical association measures, clustering,28

supervised classification, or rule-based and symbolic techniques to identify candidate concepts and29

relations from textual data. However, these approaches still face several limitations. First, their30

outputs often contain substantial noise and low-precision candidates, which may require further31

validation and curation. Second, supervised approaches require labelled training data and may32

have limited ability to generalise across different domains.33

The rapid development of Transformer-based language models has opened new opportunities34

for ontology learning and construction. Early encoder-based models, such as BERT [26] and35

RoBERTa [52], demonstrated that large-scale pre-training on unlabelled text can produce powerful36

contextual representations that are adaptable to a wide range of downstream tasks. Subsequent37

decoder-based and sequence-to-sequence models, including GPT-2 [72], T5 [73], and GPT-3 [18],38

enabled training at larger scales and on increasingly diverse corpora, leading to substantial39

improvements in language generation. In particular, models such as GPT-3 showed emerging40

capabilities in few-shot prompting and in-context learning. More recent frontier and open-41

weight LLMs, including GPT-5.5 [66], Gemini 3.1 Pro [35], recent Claude models such as Claude42

Fable 5, Claude Mythos 5, and Claude Opus 4.8 [4], Qwen3.6 [70, 71], DeepSeek-V4 [25], and43

Llama 4 [57], have further advanced long-context processing, multimodal understanding, tool use,44

agentic workflows, and complex reasoning. These developments suggest that generative LLMs45

are increasingly capable of supporting knowledge-intensive tasks, including knowledge elicitation,46

relation discovery, ontology enrichment, and cross-domain knowledge application.47

In this survey, we aim to provide a comprehensive analysis of recent studies on ontology48

construction and reasoning with large language models (LLMs). Specifically, we categorize existing49

work into three main areas:50

1. Ontology learning (Section 2), which focuses on studies that use LLMs to construct or51

complete ontologies either by extracting knowledge from various sources or by directly gen-52

erating ontological structures. This category includes taxonomy completion (Section 2.1)53

and taxonomy construction (Section 2.2), where a taxonomy can be regarded as a simplified54

ontology consisting only of concepts and their hierarchical relations. It also covers related55

tasks such as relationship learning (Section 2.3) and ontology population (Section 2.4).56

2. Ontology matching (Section 3), also known as ontology alignment, which aims to identify57

correspondences between concepts across two given ontologies for the purposes of integration58

and reuse. These correspondences may involve specific semantic relations, such as equivalence59

or subsumption. In this part, we discuss different types of approaches that employ LLMs in60

various ways, for example as matchers, agents, components in end-to-end ontology matching61

pipelines, or tools for semantic enrichment (Section 3.1).62

3. Ontology-aware complex reasoning (Section 4), which focuses on non-standard reasoning63

tasks. This includes LLM-based reasoning over natural language with the support of ontologies64

(Section 4.1), as well as the use of LLMs for ontology reasoning tasks such as deductive65

reasoning, abductive reasoning, and consistency checking (Section 4.2).66

At the end of each part, we provide a detailed discussion of existing challenges and potential67

directions for future research.68

To the best of our knowledge, this is the first survey that focuses specifically on methodological69

advances in ontology construction, ontology matching, and ontology-aware reasoning with LLMs. A70
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Table 1 Summary of papers discussed in Ontology Learning, ordered by publication year. Abbreviations:
Taxo. = taxonomy; comp. = completion; gen. = generation; Onto. = ontology; pop. = population.

Paper Task Method Models
GenTaxo [99] (Zeng et al. 2021) Taxo. comp. Prompting
TacoPrompt [89] (Xu et al. 2023) Taxo. comp. Prompting BERT

[60] (Nikishina et al. 2023) Taxo. comp. Prompting + fine-tuning
LLMs4OL [32] (Giglou et al. 2023) Taxo. gen.; relation learning Prompting + fine-tuning BERT T5

[30] (Funk et al. 2023) Taxo. gen. Prompting
[22] (Chen et al. 2023) Taxo. gen. Prompting + fine-tuning
SPIRES [20] (Caufield et al. 2023) Onto. pop. Prompting
ICON [80] (Shi et al. 2024) Taxo. comp. Prompting
OLLM [54] (Lo et al. 2024) Taxo. gen. Fine-tuning
CHIME [42] (Hsu et al. 2024) Taxo. gen. Prompting T5

[82] (Sun et al. 2024) Taxo. gen. Prompting
Chain-of-Layer [97] (Zeng et al.
2024)

Taxo. gen. Prompting

TaxoLLaMA [59] (Moskvoretskii et
al. 2024)

Taxo. comp. Fine-tuning

[28] (Dong et al. 2024) Concept placement Prompting + fine-tuning BERT T5

[56] (Mai et al. 2024) Taxo. gen.; relation learning Fine-tuning
[62] (Norouzi et al. 2024) Onto. pop. RAG
CodeTaxo [98] (Zeng et al. 2025) Taxo. comp. Prompting
GeTT [87] (Wu et al. 2025) Taxo. gen. Prompting SBERT

LITE [101] (Zhang et al. 2025) Taxo. eval. Prompting
[47] (Kollapally et al. 2025) Taxo. comp. Prompting
[9] (Ayad et al. 2025) Onto. pop. Prompting
OntoAxiom [11] (Bakker et al.
2025)

Onto. eval. Prompting

OntoTune [53] (Liu et al. 2025) Taxo. comp.; QA Fine-tuning
TaxoPro [90] (Xu et al. 2025) Taxo. comp. Fine-tuning BERT

COMI [91] (Xu et al. 2025) Taxo. comp. Prompting + fine-tuning BERT

[75] (Sadowski et al. 2026) Onto. pop. Prompting
Model icons: PLM; BERT BERT; SBERT SBERT; T5 T5/FLAN-T5; GPT/ChatGPT; LLaMA; Claude; Mistral;

Qwen; Falcon/TII; Gemini; DeepSeek; Kimi; GLM GLM; Phi Phi; Aya Aya; InternLM InternLM; DLM Domain.

related survey [48] also investigates the use of LLMs with ontologies; however, its focus is primarily71

on the application of LLMs across the ontology engineering lifecycle, including requirements72

specification, implementation, publication, and maintenance. In contrast, our focus is different:73

we concentrate on methodological advances in automated ontology construction and reasoning,74

while also covering broader topics such as ontology matching and complex reasoning with LLMs.75

2 Ontology Learning76

Ontology learning aims to automatically or semi-automatically acquire ontological knowledge from77

diverse sources, including texts, tables, existing taxonomies, knowledge graphs, and the parametric78

knowledge encoded in language models.79

This survey organizes LLM-based ontology construction work into four subtasks: taxonomy80

completion (Section 2.1), taxonomy construction (Section 2.2), relationship learning (Section 2.3),81

and ontology population (Section 2.4). These subtasks differ in both their input assumptions82

and the type of ontological knowledge they target. Taxonomy completion repairs or enriches83

an existing hierarchy of concepts, while taxonomy construction builds a new taxonomy directly84

using LLMs or from given sources such as documents and tables.1 Relationship learning extends85

1 E.g., a taxonomy can be represented by hierarchical relations such as Dog ⊑ Animal, meaning that every dog
is a type of animal.

TGDK



42:4 2 ONTOLOGY LEARNING

beyond hierarchical structure to extract non-taxonomic relations and richer axiom types.2 Ontology86

population, by contrast, aims to instantiate a given ontology schema by generating ABox assertions,87

namely the assertional component of an ontology that describes individuals, their class memberships,88

and their relationships.389

Across these subtasks, recent LLM-related studies commonly adopt three methodological90

paradigms, either individually or in combination (Section 2.5): (1) prompting, which guides LLMs91

through carefully designed input instructions; (2) fine-tuning, which adapts pretrained models to92

specific tasks or domains using additional training data; and (3) retrieval-augmented generation93

(RAG), which incorporates external knowledge retrieved from relevant sources into the generation94

process.95

Table 1 summarizes the surveyed studies according to the subtask addressed and the LLM-based96

method employed.97

2.1 Taxonomy Completion98

A taxonomy can be regarded as a simple ontology consisting only of atomic concepts and their99

hierarchical relations. It can also be modeled as a Directed Acyclic Graph (DAG), where each100

node represents a concept and each edge A → B denotes a hierarchical relation in which B is a101

subclass of A, formally represented as B ⊑ A in the syntax of Description Logics [10].102

Existing taxonomy completion methods can be broadly categorised into two classes: (1) concept103

subsumption completion, which aims to identify missing parent or child concepts for a given concept;104

and (2) concept placement, which focuses on inserting new concepts into an existing taxonomy to105

complete or enrich its structure.106

2.1.1 Concept Subsumption Completion107

Concept subsumption completion aims to identify subsumption relations for given concepts. In108

previous studies, this problem has also been formulated as hypernym/hyponym Discovery, which109

focuses on identifying parent or child concepts of a given concept.110

Nikishina et al. [60] is one of the early works that attempts to solve hypernym and hyponym111

discovery given a concept and relevant background information. The authors explore both in-112

context learning, such as zero-shot and few-shot learning, and the fine-tuning of LLMs. As a113

follow-up work, TaxoLLaMA [59] extends this line of research by constructing a new fine-tuning114

dataset based on WordNet, a general-domain taxonomy. It also broadens the task scope to include115

taxonomy construction and Lexical Entailments, i.e., discovering subsumption relations between116

phrase pairs.117

OntoTune [53] further extends these ideas by proposing a domain-specific LLM fine-tuning118

method that enhances domain-specific capabilities while preserving general-domain abilities. The119

main idea is to use domain ontologies, such as SNOMED CT in the healthcare domain, to construct120

fine-tuning datasets. These datasets are obtained by collecting domain information provided121

by the ontology, including concept definitions, hypernyms, and synonyms. The resulting data122

is then used to fine-tune the model through methods such as supervised instruction fine-tuning123

(SFT), direct preference optimization (DPO), or combinations of both. This improves the model’s124

performance on domain-specific tasks, including hypernym discovery and more complex tasks such125

2 For example, the axiom Parent ⊑ ∃hasChild.Person states that every parent has a child who is a person.
3 For example, an ABox assertion such as City(Paris) states that Paris is an instance of the class City; an

assertion such as locatedIn(Paris, France) states that Paris is located in France.
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as question answering over the corresponding domain, without substantially compromising its126

general capabilities.127

2.1.2 Concept Placement128

Concept placement aims to insert a new concept into an appropriate position in an existing129

taxonomy. Early work, such as TaxoExpan [79], primarily addressed the hypernym-only setting,130

in which the new concept is added as a leaf node and only its parent needs to be identified.131

By contrast, this survey focuses on more recent formulations of the task, first introduced by132

TMN [100], where the concept may be inserted into an internal position of the taxonomy, requiring133

consideration of both its hypernym and hyponym relations.134

We first discuss methods that assume the new concept is given in advance, and then review135

approaches that additionally aim to discover missing concepts.136

Given New Concept. Formally, given a new concept A, the goal is to identify all existing137

taxonomy edges “Parent → Child” such that replacing each edge with “Parent → A → Child”138

yields valid hierarchical relations.139

Earlier studies on taxonomy enrichment mainly rely on neural representation learning. These140

methods learn embeddings for query concepts, candidate edges, and their structural or textual141

contexts, and then estimate the compatibility between a query concept and a candidate insertion142

position through task-specific scoring functions [100, 45, 6, 61]. More recently, geometric-based143

methods have been proposed to encode hierarchical structure more explicitly through geometric144

relations, especially box-based inclusion relations, which provide a natural way to model parent-145

child semantics in taxonomy space [46, 92, 58]. Since this survey focuses on LM-based methods,146

we only briefly position these non-LM approaches here and do not provide a detailed discussion.147

In contrast to embedding-based neural methods above, LM-based methods employ language148

models more directly as scoring, prediction, or adaptation modules. For example, TacoPrompt [89]149

formulates edge scoring as a probability estimation problem with prompt learning based on150

pre-trained BERT, where the query concept and candidate edge are jointly encoded in the input151

context. COMI [91] follows the general vector-based paradigm, but uses prompt learning to directly152

encode textual information into fixed vector representations, which are then used for subsequent153

LLM fine-tuning on the taxonomy enrichment task. TaxoPro [90] focuses on the low-resource154

setting and transfers knowledge from high-resource taxonomies through a plug-in LoRA-based155

strategy, demonstrating the effectiveness of model adaptation when target-domain supervision156

is limited. CodeTaxo [98] represents concept taxonomies as code and leverages code-oriented157

language prompts to improve taxonomy completion. Similarly, Dong et al. [28] apply LLMs158

through either fine-tuning or prompt learning to select plausible candidate edges. Unlike most159

existing studies, however, their work considers complex EL ontology concepts and incorporates160

contextual information beyond concept names. They further construct a new benchmark for this161

setting using clinical records and the widely used healthcare ontology SNOMED CT.162

Unknown New Concept. We consider a more general setting in which the target concept is163

not provided in advance and must instead be discovered by the model. Given a taxonomy, the164

model is required to first identify a missing concept and then insert it into the appropriate position165

within the taxonomy. Two main semantic-based strategies have been studied, as summarized166

below.167

GenTaxo [99] proposes a three-stage framework for this task. First, for each taxonomy edge, it168

learns a fused embedding that captures both structural and semantic information from neighboring169

concepts using PLMs and GNNs. Second, a position classifier is trained on these fused embeddings170

to determine whether a valid missing concept exists between the connected nodes. Finally, when171

the classifier predicts the presence of a missing concept, a concept generator produces candidate172

TGDK



42:6 2 ONTOLOGY LEARNING

concepts using the fused embedding as input.173

In contrast, ICON [80] follows the reverse order: it first identifies missing concepts and174

then inserts them into the taxonomy. Specifically, ICON detects potential missing concepts175

using clustering methods and employs prompt learning to generate candidate class names and176

definitions. The newly identified concepts are then inserted into their appropriate positions within177

the taxonomy.178

2.2 Taxonomy Construction179

Taxonomy construction aims to build a complete taxonomy either from a given set of concepts,180

with the support of external sources, or directly through LLM generation. Based on the source of181

taxonomic information, we categorize existing approaches into three types as follows.182

Type 1: Constructing a taxonomy over given concepts. Chain-of-Layer [97] proposes183

an iterative method that uses LLMs to construct a taxonomy from a given set of concepts in a184

layer-by-layer manner. Specifically, the method prompts an LLM to generate parent–child relations185

and then applies an ensemble-based ranking filter, built on SciBERT, to filter and repair the186

generated edges. The method can also operate in a zero-shot setting by using an LLM-generated187

taxonomy as an in-context example.188

Chen et al. [22] provide a systematic comparison of taxonomy construction methods based189

on prompting and fine-tuning. Both types of methods follow the same preprocessing pipeline190

to generate the final taxonomy. The results show that prompting-based approaches outperform191

fine-tuning-based approaches, and that the performance gap becomes larger when the training192

dataset is small, with F1-score improvements ranging from 2% to 20%. However, fine-tuning-based193

approaches can be more easily post-processed to satisfy structural constraints, such as requiring194

each node to have exactly one parent. This remains more challenging for prompting-based methods,195

where 1.75%–4.39% of nodes in the WordNet dataset fail to satisfy this constraint.196

Bakker et al. [11] present a systematic evaluation of LLMs for ontology learning, including the197

prediction of subclass axioms, which tests whether LLMs can recover a taxonomy from a given set198

of concepts. Based on evaluations over nine medium-sized ontologies, the study finds that LLMs199

achieve satisfactory performance on general-domain ontologies, such as FOAF, with F1-scores of200

up to 0.642. However, performance drops substantially in more specialized domains. For example,201

on an ontology focused on railways, the F1-score decreases to approximately 0.055.202

Type 2: Taxonomy extraction or learning from external resources. OLLM [54]203

proposes constructing ontologies from documents by fine-tuning LLMs to generate taxonomy paths204

conditioned on input documents. The generated paths from different documents are subsequently205

merged and pruned using heuristic rules to obtain the final ontology. Notably, OLLM assumes206

that multiple documents containing relevant information are provided as input, and it aggregates207

information across these documents into a unified ontology. Unlike Funk et al. [30], whose208

evaluation relies largely on human experts, OLLM evaluates the generated taxonomies using209

automatic metrics, including fuzzy, continuous, and graph-based F1 scores, as well as Motif210

Distance, thereby better capturing both structural and semantic quality. It also demonstrates211

transfer learning ability by training the model on Wikipedia and evaluating it on the ArXiv212

dataset. Other studies, such as Zhang et al. [101], have proposed alternative metrics for more213

sophisticated analysis of taxonomy quality, aiming to make evaluation more efficient, faithful, and214

consistent.215

LLMs4OL [32] provides a systematic evaluation of LLMs’ capabilities for ontology learning216

from three perspectives: (1) term typing, (2) taxonomy discovery, and (3) non-taxonomic relation217

extraction. However, its evaluation mainly focuses on the ability of LLMs to determine whether218

given pairs satisfy specific ontology-related relations across these three tasks. For example, in219
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the taxonomy discovery task, positive and negative pairs (A, B) are constructed such that A220

is, or is not, a subclass of B, and standard classification metrics such as F1-score are used221

to evaluate performance. The results show that models such as GPT-4 and GPT-3.5 exhibit222

reasonable taxonomy discovery capabilities, with F1-scores ranging from 67.8 to 78.1. Moreover,223

after fine-tuning, smaller open-source models can outperform larger proprietary models in some224

cases; for instance, on the schema.org dataset, a fine-tuned model achieves an F1-score of up to225

91.7, compared with 74.4 for GPT-3.5. Mai et al. [56] conduct a similar evaluation, but focus on226

different domains. They report a similar observation: in specific domains, the performance of LLMs227

on ontology learning drops significantly, but fine-tuning can substantially improve performance.228

For example, on the gibberish WN-Sweets dataset, Falcon-7B improves from an F1-score of 0.352229

to 0.655 after fine-tuning.230

In addition, several other works aim to construct taxonomies from different data sources or231

for specific domains. For example, GeTT [87] constructs taxonomies by prompting LLMs to232

generate paths, followed by path merging and pruning. However, instead of using documents,233

GeTT learns taxonomies from table repositories. Specifically, given a set of tables, it first identifies234

the corresponding concept of each table and then constructs a taxonomy over these concepts.235

CHIME [42] investigates the task of generating taxonomies of scientific studies for literature review236

reports. Given a collection of studies on a research topic, CHIME first generates top-level root237

categories and then constructs a taxonomy for each root category, both through LLM prompting.238

Finally, Kollapally et al. [47] investigate taxonomy generation in the Social Determinants of Health239

domain by extending an existing taxonomy to SOHOv2 through the extraction of fact triples from240

PubMed articles.241

Type 3: Direct generation by LLMs. Funk et al. [30] investigate the task of directly242

generating a taxonomy using LLMs, with only a given seed root concept as input. Their method243

follows an iterative procedure: for each selected concept, the LLM first determines whether244

subconcepts exist, then generates candidate subconcepts and inserts them into the taxonomy.245

However, their evaluation relies primarily on human experts, and the overall evaluation scale246

remains relatively limited. Sun et al. [82] study a related question from an application perspective247

by evaluating whether LLMs can replace curated taxonomies. Their analysis is useful for ontology248

learning because it suggests that LLMs can provide flexible semantic signals, but they do not yet249

provide the stable, explicit, and reusable structure offered by taxonomies.250

2.3 Relationship Learning251

Unlike taxonomy construction or completion, which primarily focuses on hierarchical “is-a” re-252

lations, relationship learning aims to discover broader semantic relations between concepts. A253

relation can be represented as a triple such as (Drug, treats, Disease), where relation r = treats254

indicates that a drug may treat a disease. In description logic, such a relation can also be expressed255

as axioms of the form A ⊑ ∃r.B. For example, Course ⊑ ∃taughtBy.Instructor with relation256

r = taughtBy means that every course is taught by at least one instructor. Therefore, relationship257

learning goes beyond “is-a” relations and captures richer semantic connections between concepts.258

LLMs4OL [32] investigates the performance of LLMs on this task, which it frames as non-259

taxonomic relation extraction. Compared with taxonomy discovery, discussed in Section 2.2,260

relation learning appears to be more challenging. On a dataset constructed from UMLS [16]261

containing 53 non-taxonomic relation types, zero-shot performance is limited, with a maximum F1262

score of 49.5. Fine-tuning yields only modest improvements, increasing the F1 score to 53.1. Mai263

et al. [56] consider a more constrained generation setting by extending hypernymy relations to264

holonymy, that is, partOf relations.265

Bakker et al. [11] extends the evaluation to additional relation types, including disjointWith,266

TGDK
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subPropertyOf, property domain, and property range. Their results show that extracting subClassOf267

relations is comparatively easier, achieving an F1 score of 0.359, whereas predicting domain and268

range relations is substantially more difficult, with F1 scores below 0.04.269

2.4 Ontology Population270

An ontology is typically divided into two components: a TBox and an ABox. The TBox captures271

conceptual knowledge, including class definitions and hierarchical structures, whereas the ABox272

contains assertions about individual instances. These assertions include class membership state-273

ments, such as C(a), and relation assertions, such as r(a, b), which specify relationships between274

instances a and b. In this section, we focus on ontology population, the task of automatically gen-275

erating ABox assertions, typically assuming that the TBox has already been defined. Approaches276

that operate without an explicit TBox are generally studied under the broader task of knowledge277

graph completion, where an assertion r(a, b) is represented as a triple (a, r, b), and are therefore278

outside the scope of this survey.279

Most existing approaches perform ontology population by extracting knowledge from external280

sources. For example, SPIRES [20] introduces a schema-guided extraction framework in which a281

knowledge schema, consisting of classes, attributes, and value constraints, is incorporated into282

prompt instructions. Given textual documents and the schema specification, an LLM iteratively283

extracts facts and outputs them in a structured format. The approach achieves performance284

comparable to domain-specific fine-tuned models; for example, it attains an F1-score of 43.8285

on the chemical–disease relation extraction task, compared with 44.98 achieved by BioGPT.286

Similarly, Norouzi et al. [62] employ a schema-guided extraction process but augment it with287

retrieval-augmented generation (RAG) to reduce irrelevant context. Specifically, documents are288

first segmented into chunks, and a summary of the ontology schema is generated. A RAG system289

then retrieves potentially relevant chunks, from which candidate ABox assertions are extracted.290

Structured decomposition [75] further strengthens this schema-guided direction by injecting TBox291

and SWRL rules into the extraction process and then using symbolic checking to verify or repair292

generated ABox assertions.293

Other studies generate ABox assertions directly from the knowledge encoded within LLMs,294

without relying on external documents. For instance, Ayad and Khelifa [9] investigate ontology295

population in the asbestos domain. In this approach, the ontology schema is transformed into296

a CSV-based representation and provided to the LLM as input. The model is then prompted297

to populate the ontology using its parametric knowledge, generating ABox assertions that are298

subsequently converted back into a standard ontology format.299

2.5 Ontology Learning Methods300

Table 1 shows that LLM-based ontology learning is currently dominated by prompting-based301

methods. Prompt-only approaches constitute the largest group and have been applied to taxonomy302

completion, taxonomy construction, relationship learning, and ontology population [99, 80, 97, 87,303

42, 20, 11]. Fine-tuning is also widely used, either as a standalone strategy [54, 59, 53, 90] or in304

combination with prompting [32, 22, 91]. By contrast, explicit RAG remains relatively rare and is305

mainly employed for ontology population or evidence-grounded ontology construction [62].306

This distribution reflects the characteristics of ontology learning tasks. Many such tasks can be307

naturally formulated as relation judgment, concept placement, path generation, or schema-guided308

extraction, making prompting an intuitive and low-cost solution. Prompting can also exploit309

label names, definitions, and schema descriptions, aligning well with the few-shot and instruction-310

following capabilities of LLMs [18, 67]. However, prompting alone is often brittle in specialized311



2.6 Discussion and Perspectives 42:9

domains or when richer relation types are required. In these settings, domain adaptation through312

fine-tuning or ontology-derived supervision is often necessary [53, 59, 11]. RAG, by contrast, is313

most useful when ontology elements must be grounded in external evidence, such as documents,314

tables, or literature collections [62].315

2.6 Discussion and Perspectives316

The studies reviewed above demonstrate the substantial potential of LLMs for ontology learning.317

LLMs can flexibly interpret labels, definitions, documents, tables, and schemas, and can serve318

as semantic generators, candidate rankers, or schema-aware extractors. However, they still face319

important limitations when they are expected to produce complete and formally reliable ontologies320

without additional structural guidance or verification. We identify several promising directions for321

future research.322

From generation to generate–rank–verify pipelines. Many successful approaches already323

move beyond pure one-shot generation. For example, Chain-of-Layer filters LLM-generated324

edges, OLLM merges and prunes document-level paths, ICON separates missing-concept325

discovery from concept insertion, and ontology-population systems use schema summaries or326

retrieval-augmented generation to constrain the extraction context. These results suggest that327

future ontology learning systems should be designed as multi-stage pipelines. In such pipelines,328

LLMs can generate or verbalize candidate concepts, relations, and axioms; embedding models329

can rank and contextualize these candidates; and ontology reasoners or constraint checkers can330

verify whether the resulting hierarchy and assertions are structurally and logically acceptable.331

Integration with hierarchy embeddings. Hierarchy embedding methods, including box332

embeddings and hyperbolic representations, provide a promising direction for taxonomy333

construction and completion because they model asymmetric and transitive hierarchical334

structures more directly than text-only encoders. Although box embeddings have already been335

used for taxonomy completion, they are rarely integrated deeply with LLM-based methods.336

A promising research direction is to use LLMs to provide semantic evidence, explanations,337

and candidate parent or child concepts, while hierarchy embeddings provide global structural338

priors and uncertainty estimates for concept placement.339

Domain adaptation and low-resource transfer. Comparisons across LLMs4OL, the340

approach of OntoTune, TaxoLLaMA, and TaxoPro indicate that general-purpose LLMs can341

perform reasonably well in broad or lexical domains, but their performance often degrades342

substantially in specialized domains. Fine-tuning, ontology-driven self-training, and cross-343

domain transfer can improve performance, yet current evaluations remain fragmented across344

datasets, ontology types, and task formulations. Future work should therefore study how LLMs345

can be adapted using ontology-derived supervision, while evaluating not only downstream346

F1 scores but also whether the adapted models preserve domain constraints, avoid spurious347

general-domain associations, and transfer robustly to unseen ontology modules.348

Toward richer formal semantics. Current LLM-based approaches mainly focus on concepts,349

taxonomic relations, and simple relational assertions. In practice, ontologies often require350

richer semantics, including equivalence, disjointness, property hierarchies, domain and range351

restrictions, existential restrictions, and cardinality constraints. The results of OntoAxiom and352

recent work on complex concept placement suggest that these axiom types remain substantially353

more challenging than subclass prediction. Future systems should therefore move beyond direct354

axiom generation and develop reasoner-in-the-loop methods, in which LLMs propose candidate355

axioms and formal tools assess their consistency, entailment impact, and compatibility with356

existing modelling patterns.357
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Table 2 Summary of Papers of LLM-based OM. Simple and Complex refers to whether the matching
involves only named concepts or complex concepts.

Paper Task Method Models
He et al. (He’23) [38] Simple LLM as Matcher T5

OLaLa (Hertling’23) [40] Simple LLM as Matcher SBERT

Norouzi et al.
(Norouzi’23) [63]

Simple LLM for End-to-End OM

Zamazal et al.
(Zamazal’24) [83]

Complex LLM as Matcher

LLMs4OM (Giglou’24) [33] Simple LLM as Matcher
HybridOM
(Totoian’24) [85]

Simple LLM for Semantic Enrichment

Agent-OM (Qiang’24) [69] Simple LLM as Agent
Amini et al. (Amini’24) [3] Complex LLM for End-to-End OM
Taboada et al.
(Taboada’25) [84]

Simple LLM as Matcher SBERT

OntoAligner
(Giglou’25) [34]

Simple LLM as Matcher SBERT

Hu et al. (Hu’25) [43] Simple LLM for Semantic Enrichment,
LLM as Matcher

SBERT

Diallo et al. (Diallo’25) [27] Simple LLM as Matcher
GenOM (Song’26) [81] Simple LLM as Matcher, LLM for Semantic

Enrichment
Lushnei et al.
(Lushnei’26) [55]

Simple LLM as Matcher

Model icons: PLM; BERT BERT; SBERT SBERT; T5 T5/FLAN-T5; GPT/ChatGPT; LLaMA; Claude; Mistral;
Qwen; Falcon/TII; Gemini; DeepSeek; Kimi; GLM GLM; Phi Phi; Aya Aya; InternLM InternLM; DLM Domain.

Overall, future ontology learning systems should not rely solely on free-form LLM generation.358

A more robust and scientifically convincing direction is to develop neuro-symbolic architectures359

in which LLMs contribute linguistic and domain knowledge, embedding models capture latent360

hierarchical structure, retrieval mechanisms provide grounded evidence, and formal reasoners361

enforce consistency, validity, and explainability.362

3 Ontology Matching363

Ontology matching (OM), also known as ontology alignment, aims to find correspondences364

between concepts with some specific relationship like equivalence and subsumption across two365

given ontologies for their integration and reuse. Such a correspondence between two concepts is366

usually called mapping. Researchers in the OM community mostly focus on mappings between367

named (atomic) concepts, but there is also an increasing attention to mappings involving complex368

concepts which are defined with logic constructs in Description Logic like conjunction, disjunction369

and existential restriction. For simplicity, in this paper we regard the former OM tasks as simple370

matching, and the latter OM tasks as complex matching.371

Due to the emergent capabilities of text understanding and natural language inference, LLMs372

have been very widely investigated for OM as for ontology learning. As in previous OM research,373

most of the recent LLM-based research and systems aim at simple matching with the equivalence374

relationship between named concepts [38, 40, 63, 69, 33, 85, 84, 27, 43, 34, 81, 55], and only375

very few consider complex matching involving equivalence between named and complex concepts376

[3, 83]. The majority of all these works evaluate their methods using datasets from the Ontology377
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Alignment Evaluation Initiative (OAEI)4 including the tracks of Conference by [63, 69], Bio-378

ML by [38, 33, 85, 84, 81, 43], Anatomy by [40, 33, 34, 55], Biodiversity and Ecology (biodiv)379

by [40, 33, 34, 43], Disease and Phenotype by [33, 34], Material Sciences and Engineering by380

[33, 34, 43, 43], Knowledge Graph by [40, 33, 34, 43] and Large BioMed by [55], as well as other381

OM datasets such as the GeoLink complex alignment benchmark [104] used by [3]. The real-world382

ontologies used for evaluation are mostly from the life science domains especially biomedicine but383

also include material, engineering, earth and environment. Different from ontology learning, the384

tasks of OM are quite homogeneous, and therefore this survey focuses on the categorisation of385

these LLM-based works from the dimension of methodology as in the following sub-section, where386

more details of each work will be discussed.387

3.1 LLM-based OM Methods388

Some early studies explore end-to-end OM via directly feed the ontology into LLM-powered389

conversation systems for output mappings, while most of the other studies combine LLMs with390

other technologies for composing some pipelines with different steps for OM. According to the role391

of LLM, this survey categorizes the LLM-based OM methods into four types: LLM for end-to-end392

OM, LLM as matcher, LLM for semantic enrichment, and LLM as agent.393

LLM for End-to-End OM. Norouzi et al. [63] are one of the earliest explorations of using394

LLMs for OM, by directly feeding two ontologies into ChatGPT with a prompt composed of395

problem definition, ontology triples that are transformed into formatted text following the pattern396

Predicate(Subject, Object), and objective. After an exploration of prompt variants, this end-to-end397

method with ChatGPT (v4.0) achieves higher recall but much lower precision than many classic398

OM systems on the OAEI conference track. Besides the matching inaccuracy, the limited context399

length of ChatGPT will also impact the usage of such a conversational solution for larger ontologies.400

Amini et al. [3] test matching the GeoLink Base Ontology (GBO) with the GeoLink Modular401

Ontology (GMO) for mappings involving complex concepts on ChatGPT. They first upload GMO’402

.ttl file, and then send a set of GBO concepts and ask for providing related pieces in GMO. They403

also provide relevant module information in GMO and use chain-of-though prompt for higher404

precision and recall over the baseline, but the quantitative results are still moderate.405

LLM as Matcher. Instead of asking LLMs to deal with all the processing and directly406

output mappings of two original ontologies, most other studies prefer to use LLMs for matching407

concepts, combining them with other OM technologies or augmenting existing OM methods, for408

more applicable and more accurate pipeline style OM systems. These works often first extract409

a limited number of candidate concept correspondences by e.g., the lexical similarity between410

concept labels, and the Cosine similarity between concept embeddings based on Sentence-BERT,411

and then apply LLMs for assessing the equivalence of these correspondences, using different412

prompts based on the concepts’ meta information like labels and synonyms, and their context413

like parent and child concepts either with or without few-shot examples. OLaLa [40] uses two414

LLM-based marking solutions: (i) binary decision which feeds one correspondence to the LLM415

and calculates the score as a positive mapping according to the appearance of positive terms416

like “true” and “yes” in the LLM output, and (ii) multiple choice decision which feeds one source417

concept and its multiple candidate target concepts into the LLM, and asks the LLM to select one418

target concept or returns “none”. LLMs4OM [33], OntoAligner [34] which adopts LLMs4OM use419

a similar binary decision solution as OLaLa. He et al. [38], Hu et al. [43] and GenOM [81] also420

adopt binary decision but prompt the LLM for only a “yes” or “no” answer, and calculate the421

4 https://oaei.ontologymatching.org/
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score based on the output logits of the “yes” and “no” tokens in the final layer of the LLM. Note422

that the mapping scores enable the ranking of candidate correspondences, allowing more flexible423

post-processing and adoption to different system requirements like a bias to precision or recall.424

LLM-based matching often leads to higher accuracy, but is more costly, especially by calling425

APIs of proprietary LLMs. Both Taboada et al. [84] and Lushnei et al. [55] further optimise the426

pipeline for reducing the time of using LLMs beyond normal solutions of calculating candidate427

concept correspondences. In particular, [84] selects those bidirectional correspondences whose428

source and target concepts rank each other in the top position based on embedding-based similarity,429

while [55] only uses the LLM to validate the correspondences that the classic OM system LogMap430

is very uncertain. Both [84] and [55] prompt LLM to directly answer a binary label for each431

correspondence without calculating the score as in [83, 27].432

LLM for Semantic Enrichment. Inspired the text generation capability and large knowledge433

memorisation by LLMs, some OM studies use LLMs to extend the concept information before434

taking the normal OM steps like candidate retrieval and concept matching. Both HybridOM435

[85] and GenOM [81] prompt an LLM to generate textual descriptions of concepts in biomedical436

ontologies. HybridOM inputs a concept, which is a medical product, a medical disease or an437

anatomical human body concept, and asks the LLM to generate descriptions of some attributes438

selected from definition, chemical structure, cause and so on. Instead, GenOM feeds the concept439

as well its meta information and context like parent concepts to generate one single description440

as its definition. Hu et al. [43] introduce an LLM prompting-based infusion module that first441

checks the clarity and interpretability of a concept label and then generates a more informative442

reformulation for the concept with minimal and plausible changes if the label is found to be overly443

brief or ambiguous.444

LLM as Agent. Besides knowledge memorisation, natural language reasoning and generation,445

recent LLMs also show impressive performance on planning, searching and calling external446

tools, which are all known as important features of agentic AI. Agent-OM [69] uses an LLM to447

automatically combine and use different tools for OM with a shared memory. It plans and calls448

different retrieval tools such as metadata retriever, semantic retriever and embedder, as well as449

different matching tools such as similarity search, metadata matcher, matching validator and450

merger.451

3.2 Discussion and Perspectives452

Like many areas in data and knowledge engineering, the adoption of LLMs in OM has revolutionized453

the existing methods, leading to substantial performance gains. The current LLM-based OM454

studies primarily leverage LLMs to improve the matching of named concepts, and give rise to two455

emerging OM paradigms: conversational (or dialogue-based) systems and generative approaches456

for enriched textual concept representation. Based on the above review of these studies, we have457

the following discussion and perspectives on both task and methodology:458

Complex Matching. The current exploration is limited to simple matching between named459

concepts, with only two preliminary studies on matching involving complex concepts — [83]460

which tests a zero-shot prompt on the small OAEI conference ontologies with only 8 positive461

mappings, and [3] which tests the conversational approach with zero-shot, few-shot and chain-462

of-thought prompts on 108 mappings between two GeoLink ontologies. LLM-based OM for463

complex matching lacks systematic evaluation on more data and more approaches of applying464

LLMs.465

None Equivalence Matching. Matching concepts with other relationships beyond equi-466

valence such as subsumption, as benchmarked by OAEI tracks of Bio-ML [39] and Beyond-467
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Equivalence [51], has not been considered by these existing LLM-based OM studies. Given468

the success of LLMs in natural language inference, as demonstrated by studies on ontology469

subsumption inference and complex reasoning reviewed in this survey, we believe that LLMs470

have the potential to achieve even more performance gains over existing methods on none471

equivalence matching than on equivalence matching. Note that real-world ontology integration472

and reuse require not only equivalence matching between named concepts, but also more473

complex matching involving complex relationships and/or complex concepts, as well as other474

tasks like concept resolution where potential conflicts need to be addressed.475

LLM Training for Adaption. Ontologies often represent domain-specific knowledge, while476

the LLMs adopted in the existing OM studies are all of general purpose, lacking an exploration477

of LLM training for an adaption to both domain-specific knowledge and reasoning.478

LLM for Agentic AI. Although there is one OM study that explores LLMs for calling tools479

(i.e., Agent-OM [69]), more features of LLMs for agentic AI can be further investigated, such as480

memory utilisation, planning and task decomposition, think-and-act, multi-agent collaboration,481

coding and structured output generation. All of these capabilities can further enhance the role482

of LLMs in enabling more automated and accurate ontology integration and reuse.483

4 Ontology-aware Complex Reasoning484

This section examines complex reasoning tasks involving LLMs and ontologies that go beyond485

ontology learning and ontology matching. To structure the discussion, we divide this section into486

two parts, each corresponding to one of the following research questions:487

RQ1: How are ontologies used to support LLM-based reasoning and generation?488

RQ2: How are LLMs used to support ontology reasoning tasks?489

The answers to these questions are presented in Sections 4.1 and 4.2, respectively. The surveyed490

papers are summarized in Table 3. Since the research tasks covered under this topic are diverse,491

we organize this part according to how ontologies are used. In Section 4.1, which addresses492

RQ1, we examine three main directions: 1. ontology-augmented generation (Section 4.1.1), where493

ontological knowledge or logical constraints are integrated into LLM generation through fine-tuning494

or training; 2. ontology-augmented retrieval (Section 4.1.2), where ontologies are used as schemas,495

rules, or external knowledge retrieval and directly provided as input to LLMs; and 3.neuro-symbolic496

pipelines (Section 4.1.3), which integrate ontology-based reasoning processes or reasoning results497

into LLM-based systems.498

In Section 4.3, we classify the methodologies for using LLMs into prompting, fine-tuning,499

retrieval-augmented generation (RAG), and their combinations. The overall classification of tasks500

and methods are summarized in Table 3.501

4.1 Ontology for LLM Reasoning and LLM Generation502

In the existing literature, three main approaches integrate ontologies into LLM reasoning and gen-503

eration: ontology-augmented generation, ontology-guided retrieval, and neuro-symbolic pipelines.504

4.1.1 Ontology-Augmented Generation505

By ontology-augmented generation, we refer to approaches that integrate ontology-derived know-506

ledge into model training, representation learning, or prompting so that LLMs produce more507

domain-grounded responses. For example, OntoTune [53] fine-tunes LLMs using query–response508
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Table 3 Summary of papers discussed in Complex Reasoning.

Paper Task Method Models
PrOntoQA [77] (Saparov
et al. 2022)

Ontology-style formal QA Prompting

[12] (Baldazzi et al. 2023) Enterprise-domain generation Fine-tuning T5

[74] (Ronzano et al. 2024) Representation learning Fine-tuning BERT

[2] (Allemang et al. 2024) Text-to-SPARQL QA repair Prompting
[86] (Wang et al. 2024) Evaluation on DL-Lite Prompting
[13] (Baldazzi et al. 2024) Soft ontological reasoning Prompting + RAG
ORAG [88] (Xiao et al.
2024)

Fine-grained entity typing RAG

OntoTune [53] (Liu et al.
2025)

Domain-specific QA Fine-tuning

OntoURL [102] (Zhang et
al. 2025)

Ontological understanding,
reasoning, and learning

Prompting Phi Aya InternLM DLM

OG-RAG [78] (Sharma et
al. 2025)

Ontology-grounded QA RAG

OL-KGC [36] (Guo et al.
2025)

KG completion Prompting GLM

[23] (Cruz et al. 2025) RAG over ontology-enhanced
KGs

RAG

ORT [50] (Liu et al. 2025) KG question answering RAG
[31] (Giglou et al. 2025) Ontology-constrained

generation
Prompting

CyberRAG [103] (Zhao et
al. 2025)

Cybersecurity QA Prompting + RAG

OntoRAG [17] (Bran et al.
2025)

Scientific discovery RAG

NeurOWL [94] Abductive reasoning Prompting SBERT

[24] (Damiano et al. 2025) OWL Lite reasoning Prompting
[75] (Sadowski et al. 2026) ABox extraction and

validation
Prompting

LLM4Proof [93] (Yang et
al. 2026)

OWL proof generation Prompting

[1] (Ali et al. 2026) QA on Clinical KG Prompting
SCAIR [21] (Chaturvedi et
al. 2026)

QA on Enterprise KG Prompting + RAG

Model icons: PLM; BERT BERT; SBERT SBERT; T5 T5/FLAN-T5; GPT/ChatGPT; LLaMA; Claude; Mistral;
Qwen; Falcon/TII; Gemini; DeepSeek; Kimi; GLM GLM; Phi Phi; Aya Aya; InternLM InternLM; DLM Domain.

pairs constructed from information contained in the target ontologies, such as definitions, hy-509

pernyms, and synonyms. These pairs are then used as training data for techniques including510

supervised fine-tuning (SFT) and direct preference optimization (DPO), with the goal of encour-511

aging the model to generate responses that more accurately reflect ontology-derived knowledge.512

Through this process, the fine-tuned models are expected to acquire domain-specific ontological513

knowledge. Evaluations on medical-domain-specific QA datasets show that OntoTune achieves a514

0.8–6.8% improvement in Mean Reciprocal Rank (MRR) over existing methods across various515

datasets. The results also indicate that such domain-specific improvements do not compromise516

the models’ general capabilities.517

Other studies enrich the training or representation space with ontology-derived information.518

Ronzano and Nanavati [74], for example, investigate ontology-enhanced representation learning, in519

which domain ontologies provide semantic information and support the construction of additional520

training samples to improve the quality of LLM-generated embeddings in the relevant domains.521

Specifically, these samples are derived from the ontology’s “is-a” hierarchy, together with LLM-522
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generated definitions of the corresponding concepts.523

Baldazzi et al. [12] adopt a related but more reasoning-oriented approach. They apply ontology-524

based reasoning with Vadalog to domain-specific enterprise data in order to derive additional525

facts that are not explicitly stated. They then fine-tune LLMs on training data that include526

both the inferred facts and the corresponding reasoning traces. Their proof-of-concept evaluation527

demonstrates the potential benefits of this approach.528

4.1.2 Ontology-Augmented Retrieval529

Ontology-augmented retrieval aims to retrieve relevant information, evidence, or reasoning paths530

that are either drawn directly from an ontology or constructed with its guidance, and then provide531

them as input to LLMs to support response generation. These approaches can be broadly divided532

into two categories:533

1. Ontology-based data construction or enhancement. Sharma et al. [78] use an534

ontology as a schema (e.g., pre-defined entities types and attributes) to extract and formalize535

information from documents, and then use RAG to retrieve query-relevant evidence from the536

ontology-grounded representation to improve answer quality.537

Furthermore, Cruz et al. [23] provide a more detailed comparison of ontology-enhanced RAG.538

Specifically, they compare standard RAG, the more advanced GraphRAG method, and ontology-539

enhanced RAG. In the ontology-enhanced setting, ontologies generated from text or induced from540

databases are used to enrich the knowledge graph, which is then employed as the retrieval source541

in subsequent RAG steps. Their results [23] show that incorporating both ontologies and the542

original text chunks can substantially reduce time costs (30%) while preserving nearly the same543

QA accuracy as GraphRAG. This efficiency gain arises because ontology extraction only needs to544

be performed once and does not need to be repeated whenever new documents are added, unlike545

in the GraphRAG setting.546

Related work also applies ontology-enhanced generation beyond QA. For instance, Guo et547

al. [36] study ontology-enhanced knowledge graph completion, while OntoRAG [17] uses ontology548

retrieval to support scientific discovery tasks.549

2. Ontology-guided data retrieval or search. Ontologies can also be used to guide550

the data retrieval or search process. ORAG [88] introduces an ontology-guided RAG system551

for fine-grained entity typing (FET), a task that assigns entities to their corresponding classes552

(i.e., concepts in ontologies). Specifically, ORAG first enriches the class ontology with additional553

information from external sources, such as definitions, synonyms, and class instances, thereby554

improving retrieval performance for a given query. After retrieving candidate classes, the system555

further searches for their parent and child nodes, and then provides all retrieved information to the556

LLM to support the final classification decision. Experiments on two constructed datasets—one557

focused on redox-active organic electrode materials and the other on online posts about Genshin558

Impact—show that ORAG consistently improves F1 scores by 10%–24% compared with a vanilla559

RAG system.560

ORT [50] uses the ontology associated with a knowledge graph (KG) to guide the retrieval561

component of a RAG system. Specifically, given a query over KG, the method first identifies the562

class label of the target entity, as well as the class labels of related entities, which are referred to as563

condition labels. It then traces possible reasoning paths over the ontology starting from the target564

class and prunes these paths according to the condition labels. The authors focus on a simple form565

of ontology that can be represented as triples of classes and relations. For instance, A ⊑ B can be566

represented as (A, isSubClassOf , B), while A ⊑ ∃r.B can be represented as (A, r, B). Accordingly,567

ontology-level reasoning paths can be viewed as paths composed of edges represented by such568

triples. Finally, the method extracts KG paths that satisfy the corresponding class-level reasoning569
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paths and feeds these paths into an LLM to generate the final answer. Experiments on commonly570

used datasets, such as WebQSP and CWQ, show that ORT achieves better performance than571

classical KG-RAG methods such as RoG.572

Similarly, SCAIR [21] uses ontologies to guide the recursive search performed by an LLM agent573

over an underlying KG. In particular, SCAIR uses a schema—which can be viewed as a lightweight574

ontology consisting of entity types, relations, and attributes—to guide retrieval over the KG. Its575

approach adapts the standard LLM-agent framework ReAct [96] in two ways. First, it introduces576

a lightweight planning stage to identify consistent relation paths in the KG. Second, during the577

iterative agentic search process, the schema is used to filter and select possible subsequent paths,578

thereby constraining the search space and improving retrieval relevance.579

4.1.3 Neuro-symbolic Pipelines580

The central idea of neuro-symbolic pipelines is to address reasoning tasks expressed in natural581

language by first translating the query, context, or premises into a symbolic representation, and582

then deriving the answer using standard reasoners, solvers, or provers.583

Representative neuro-symbolic systems include Logic-LM [68], LINC [65], and LogicLLaMA [95].584

However, these systems mainly target general symbolic logic settings, in particular first-order logic585

or solver-based logical reasoning, rather than ontology-based formalisms considered in this survey.586

We therefore do not discuss them in detail; broader coverage can be found in existing surveys on587

logical reasoning with language models [49].588

In the following, we restrict our discussion to works that are directly related to, or primarily589

focused on, ontology-based approaches.590

1. Text2SPARQL. A first line of work incorporates ontologies by converting natural-language591

questions into structured SPARQL queries, so that answers are retrieved from an explicit knowledge592

base rather than generated directly by LLMs. Ali et al. [1] address question answering in a specific593

clinical domain with the aim of reducing LLM hallucinations. They construct a domain-specific594

Resource Description Framework (RDF) ontology and knowledge graph from clinical and hospital595

data collected across multiple Egyptian institutions. Their neuro-symbolic pipeline first translates596

user questions into SPARQL queries and then executes these queries over the RDF ontology597

to retrieve the corresponding answers. This substantially improves answer accuracy (from 52%598

with DeepSeek-R1 to 98%) and greatly reduces hallucinations (from approximately 63% with599

ChatGPT-4 and 48% with DeepSeek-R1 to only 1.7%).600

Other studies in this category focus less on building the underlying ontology and more601

on improving the quality of generated SPARQL queries. Allemang and Sequeda [2] propose an602

ontology-guided error detection and repair framework. Their method first checks whether generated603

SPARQL queries conform to ontology-based constraints, and then feeds the corresponding error604

messages back into LLMs to repair invalid queries. This substantially improves query-generation605

accuracy (from 54% to 72%).606

Jiang et al. [44] also study the text-to-SPARQL task, but incorporate ontology information607

directly into the prompt. They decompose query generation into two stages: first generating the608

query structure and then filling in the concrete content to obtain the final SPARQL query. This609

strategy achieves strong performance on some datasets, such as SciQA (up to 0.9919 F1), but610

shows limited performance on others, such as DBLP-QuAD (0.6619 F1).611

CyberRAG [103] follows a similar ontology-informed prompting direction, but focusing on612

the sepcific cybersecurity education domain. Rather than using ontology reasoners to formally613

verify generated answers, CyberRAG injects ontology information directly into the LLM prompt614

through prompt learning.615
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2. Others. Baldazzi et al. [13] introduce a soft reasoning process to augment ontological616

reasoning with real-world semantic flexibility. They achieve this by mapping natural language617

sentences into the Vadalog [14] Datalog format and reasoning over a set of Vadalog rules. This618

process can be further improved by a RAG system that adds extra facts. It is worth noting that619

the Vadalog-based ontological reasoning procedure in this work differs from standard ontology620

reasoning tasks, such as subsumption inference. Instead, it focuses more on deriving new facts621

through a chase procedure [19].622

Sadowski and Chudziak [75] investigate the extraction and generation of ABox data from623

documents by directly incorporating TBox rules into the prompt and applying SWRL rules [41]624

to populate and verify the final results. On average over all 33 model-task combinations, their625

method improves the F1 score by 0.046 compared with few-shot learning. In particular, the626

symbolic checking step plays an important role, contributing an additional 0.097 to the F1 score.627

4.2 LLMs for Complex Ontology Reasoning628

Recently, the analysis of the logical reasoning capabilities of Large Language Models (LLMs) has629

attracted substantial attention [49]. In this survey, we focus on the use of LLMs for standard630

ontology reasoning tasks. Most existing studies concentrate on evaluating the reasoning abilities of631

LLMs [77, 86, 102, 24, 93], while only a few attempt to develop new ontology reasoning methods632

based on LLMs [94].633

1. Reasoning Ability Evaluations. Wang et al. [86] evaluate the capabilities of LLMs in634

understanding DL-Lite ontologies along multiple dimensions, including ontology content, ontology635

formats, and reasoning ability. Specifically, they consider two groups of reasoning tasks: (1)636

derivation tasks, including concept subsumption (C ⊑ D), role subsumption (r ⊑ t), and instance637

assertions (C(a)); and (2) consistency checking, which focuses on detecting logical conflicts. For638

example, the axioms A ⊑ B and A ⊑ ¬B imply that A must be an empty concept and therefore639

cannot have any instances. Their results show that LLMs perform well on subsumption tasks, but640

their performance can drop substantially as the dataset size increases. For instance, on larger641

datasets, no derived instance assertions were found. Wang et al. also show that LLMs can perform642

consistency checking to some extent, but still struggle with complex datasets. However, this work643

primarily focuses on analysing the correctness and completeness of the final answers, without644

providing a detailed evaluation of the reasoning process itself.645

Other benchmarks broaden this evaluation perspective. PrOntoQA [77] evaluates formal646

reasoning in synthetic ontology-like QA settings, OntoURL [102] tests symbolic ontological647

understanding, reasoning, and learning, and Damiano and Orciuoli [24] focus on OWL Lite648

reasoning. Together, these benchmarks show that LLM-based ontology reasoning should be649

assessed not only by final-answer accuracy, but also by logical setting, ontology expressiveness,650

input representation, and robustness to incomplete or noisy knowledge.651

In contrast to answer-only evaluations, LLM4Proof [93] proposes a benchmark for evaluating652

the proof-generation capabilities of LLMs over ontologies by examining the reasoning process653

in greater depth. The work highlights both the promise of LLMs for providing explanations654

grounded in rigorous logics and the remaining challenges in supporting robust reasoning under655

complex or imperfect conditions. The benchmark is based on the notion of justifications, namely656

inclusion-minimal subsets of an ontology that entail a given subsumption5. Specifically, Yang et657

al. [93] introduce three tasks of increasing complexity to evaluate proof abilities: (1) extraction,658

5 That is, if M ⊆ O is an inclusion-minimal sub-ontology of a given ontology O such that M |= α, then M is a
justification for α over O.
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which requires extracting justifications from a given set of axioms and a target subsumption; (2)659

simplification, which assesses whether LLMs can simplify complex axioms into a weaker form660

that is still sufficient for deriving the conclusion; and (3) explanation, which requires generating a661

step-by-step proof. Building on existing justification-computation algorithms, they further propose662

an automated dataset-generation method. By evaluating different LLMs on the generated dataset,663

they report several observations:664

relatively advanced LLMs, such as GPT-4o-mini and Qwen3-32B, achieve strong overall results665

but still struggle with complex cases;666

the representation format, i.e., whether axioms are expressed in a formal logical language or in667

natural language, appears to have limited impact on LLM performance; and668

LLM performance is sensitive to noise and incomplete data, with performance reductions of669

40–50% observed in settings with substantial noise or missing axioms.670

2. Abductive Reasoning. Here, we focus on abductive reasoning over ontologies with LLMs,671

a relatively underexplored area. For broader work on abductive reasoning with LLMs, please refer672

to [76] and [37].673

In NeurOWL [94], the authors propose an LLM-based method for a generalized abductive674

reasoning task. Standard abductive reasoning aims to identify missing axioms that explain675

observed facts, and typically assumes a predefined set of candidate axioms from which the missing676

axioms can be selected. NeurOWL generalizes this setting in two ways. First, it allows the given677

conclusion to be a hypothesized statement rather than a confirmed observation; consequently, the678

conclusion may be incorrect and should be verified by the system. Second, it does not require a679

predefined set of candidate missing axioms. Instead, given an incomplete ontology and a target680

subsumption, the method attempts to identify a missing intermediate concept that naturally681

induces the missing axioms. For example, if the ontology cannot derive a correct subsumption682

A ⊑ B, NeurOWL aims to find an intermediate concept C such that A ⊑ C ⊑ B should hold, and683

then regards the corresponding bridge axioms, namely A ⊑ C, C ⊑ B, or both, as missing axioms.684

To achieve this goal, NeurOWL leverages ontology embeddings to filter possible intermediate685

concepts C, and then uses LLMs to assess their correctness. It also develops a progressive686

reasoning process that exploits existing knowledge as much as possible when searching for suitable687

intermediate concepts. In evaluations on real-world ontologies, the method achieves high accuracy688

in determining the correctness of given subsumptions, with F1 scores ranging from 0.84 to 0.97689

across different datasets. It also achieves strong performance in identifying correct missing690

axioms on simpler datasets, with F1 scores between 0.74 and 0.89. However, its performance691

decreases on more complex cases, where F1 scores drop to 0.46–0.49, and under stricter evaluation692

settings, where the F1 score can be as low as 0.176 when all predictions are required to be correct.693

This degradation is mainly attributed to the extremely large candidate space and the limited694

performance of embedding models in such settings.695

4.3 Complex Reasoning Methods696

As shown in Table 3, complex reasoning studies mainly use LLMs through prompting, RAG, or697

their combinations. Prompting is the most common mode: LLMs are asked to answer ontology-698

style questions, judge entailments or consistency, generate SPARQL/Datalog-like symbolic forms,699

repair erroneous queries, produce proof steps, validate extracted assertions, or assess candidates700

produced by embeddings or symbolic filters [77, 2, 86, 102, 94, 24, 75, 93, 1]. In these cases, the701

ontology is often included in the prompt or used before or after the LLM call, but the LLM usage702

method remains prompting.703
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Fine-tuning appears less frequently and is mainly used for domain or representation adaptation.704

Baldazzi et al. [12] fine-tune models on enterprise-domain data enriched by ontology-based705

reasoning, while OntoTune [53] uses ontology-derived supervision for domain-specific QA. Ronzano706

and Nanavati [74] similarly use ontology-derived signals for representation learning. These studies707

differ from prompt-only work because ontology knowledge is incorporated into model parameters708

or learned representations rather than only being supplied at inference time.709

RAG is the other major LLM usage pattern, especially when the task requires grounding710

answers in external documents, ontology-enriched knowledge graphs, or ontology-constrained711

paths. Some works [88, 78, 50, 23, 17] retrieve ontology-relevant evidence before generation, while712

others [103, 21] combine prompting with retrieval or agentic search. The important distinction is713

between the LLM usage method and the auxiliary role of ontologies: ontologies may guide retrieval,714

constrain generation, or validate outputs, but the corresponding LLM method is still prompting,715

RAG, fine-tuning, or a combination of these methods. Overall, complex reasoning currently relies716

more on hybrid pipelines than on standalone LLM reasoning, with retrieval modules, embeddings,717

ontology constraints, and symbolic reasoners providing grounding and verification around the718

LLM.719

4.4 Discussion and Perspectives720

Recent studies show that ontologies can make LLM-based reasoning more grounded, and that721

LLMs can in turn provide useful semantic signals for ontology-related reasoning tasks. However,722

the evidence reviewed in this section also suggests a clear boundary: LLMs are helpful as generators,723

translators, retrievers, validators, and explanation assistants, but they do not yet provide the724

soundness, completeness, and traceability expected from formal ontology reasoning. We identify725

several challenges and future directions.726

From answer accuracy to faithful reasoning processes. Most evaluations still focus on727

final answers, while ontology reasoning requires knowing why an answer follows, which axioms728

are used, and whether each step is logically valid. Benchmarks such as DL-Lite evaluation,729

OntoURL, and OWL proof generation show that LLMs can handle some ontology syntax730

and simple entailments, but performance drops with larger ABoxes, harder logical patterns,731

noise, and incompleteness [86, 102, 93]. Future work should therefore evaluate proof traces,732

justifications, counterexamples, and repair actions rather than only final labels. A useful target733

is a reasoning assistant that can expose its evidence, produce checkable intermediate steps,734

and explicitly distinguish entailed facts from plausible but unverified statements.735

Reasoner-in-the-loop architectures. LLMs are strong at interpreting natural language736

questions, producing candidate axioms, and proposing intermediate concepts, while symbolic737

reasoners remain necessary for entailment checking, consistency detection, and proof validation.738

Existing work already points in this direction: ontology-based query repair checks generated739

SPARQL against ontology constraints [2], structured decomposition verifies extracted ABox740

assertions with TBox and SWRL rules [75], and NeurOWL combines embeddings and LLM741

judgments for abductive ontology reasoning. Future systems should make this division of labor742

explicit: LLMs propose, verbalize, and prioritize; reasoners verify, reject, explain, and repair.743

Ontology-aware retrieval beyond adding context. Ontology-enhanced RAG systems744

demonstrate that schemas, class hierarchies, and relation constraints can improve retrieval and745

reduce hallucination [78, 50, 1, 103]. However, many systems still treat ontologies mainly as746

extra context. A stronger direction is to use ontologies as active retrieval controllers: selecting747

candidate entity types, constraining relation paths, detecting missing evidence, and checking748

whether generated answers respect domain constraints. This also requires provenance-aware749
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retrieval, because an ontology-derived answer should indicate which concepts, relations, axioms,750

and source documents support it.751

Reasoning under incompleteness and inconsistency. Real ontologies and knowledge752

graphs are often incomplete, partially inconsistent, or evolving. Current LLM-based reasoning753

methods remain much stronger in clean deductive settings than in abductive reasoning, ontology754

repair, inconsistency-tolerant reasoning, or open-world explanation. Future work should study755

how LLMs can help generate candidate repairs, rank alternative explanations, and communicate756

uncertainty, while formal methods maintain clear semantics about what is entailed, assumed,757

contradicted, or merely plausible.758

Overall, future work should move from “LLM as a reasoner” toward auditable neuro-symbolic759

reasoning systems. The most promising systems will combine the linguistic flexibility of LLMs,760

the grounding power of retrieval, the integration support of ontology matching, and the formal761

guarantees of ontology reasoners.762

5 Conclusion763

This survey reviewed recent work on ontology construction and reasoning with LLMs across three764

connected areas: ontology learning, ontology matching, and complex reasoning. Across these areas,765

a common pattern emerges. LLMs are most effective when they are used as semantic interfaces:766

they can verbalize sparse labels, generate candidate concepts or axioms, rank or validate difficult767

correspondences, translate natural language into structured queries, and provide explanations768

that are easier for users to inspect. At the same time, they are much less reliable when they769

are expected to produce complete, consistent, and reusable ontological artifacts without external770

structure.771

The central challenge is therefore not whether LLMs should replace ontology reasoning or772

engineering methods, but how they should be combined with them. Ontology learning still773

struggles with noisy generation, limited domain adaptation, and evaluation beyond local edge774

accuracy. Ontology matching remains concentrated on equivalence between named concepts, while775

complex matching, non-equivalence relations, conflict resolution, and scalable validation are still776

underexplored. Complex reasoning shows the strongest need for formal guarantees: LLMs can777

propose reasoning steps or missing knowledge, but symbolic reasoners are still required to check778

entailment, consistency, and proof correctness.779

A promising direction for future work may be to explore auditable generate–rank–verify780

architectures. In such systems, LLMs could be used to generate candidate outputs and natural-781

language explanations, while retrieval modules provide supporting evidence, embedding and782

matching models rank alternatives, and ontology reasoners help enforce explicit constraints. This783

line of work would also benefit from benchmarks that assess not only task performance, but784

also process faithfulness, provenance, robustness to incomplete or inconsistent ontologies, and785

downstream usefulness. A potentially valuable avenue is the joint development of ontologies,786

knowledge graphs, alignments, and RAG systems, where learned or matched ontologies can inform787

retrieval and reasoning, and reasoning outcomes may help reveal missing concepts, weak mappings,788

or opportunities for ontology repair.789

In summary, LLMs bring powerful linguistic and commonsense capabilities to ontology con-790

struction and reasoning, but their value is greatest when paired with the explicit semantics,791

constraints, and verification mechanisms of ontologies. The next stage of research should focus792

on building reliable, explainable, and maintainable neuro-symbolic systems rather than treating793

LLMs as standalone ontology engineers or reasoners.794
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