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Abstract:

Knowledge interoperability across heterogeneous systems poses a fundamental challenge to the predominantly knowledge-driven world, where semantic consistency directly affects data integration and knowledge exchange. Ontology alignment plays a pivotal role in facilitating semantic interoperability by identifying meaningful correspondences among concepts exemplified in different ontologies. 

This study investigated a probabilistic

framework for ontology correspondence discovery using Hidden Markov Models (HMMs). In the proposed approach, each ontology was transformed into an HMM through Resource Description Framework (RDF) triple extraction using SPARQL (an RDF query language standardized by W3C) queries, where concepts were represented as hidden states and relationships as observation symbols. Both transition probability matrices and observation probability matrices were computed to characterize structural and semantic information embedded within the ontology. Concept vectors were then generated and compared by cosine similarity to identify potential correspondences among ontology concepts. Experimental evaluation was conducted using benchmark datasets from the Ontology Alignment Evaluation Initiative (OAEI). The results revealed that the proposed HMM-based framework achieved high precision and satisfactory recall, particularly for ontologies containing intricate relational structures. In addition, probabilistic modeling could effectively accommodate semantic variability and incomplete annotations without relying heavily on lexical resources or complex structural heuristics. The framework in this paper provides a superior mechanism for supporting semantic interoperability and contributes to knowledge integration across heterogeneous information. 
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With the rapid advancement of web technologies, modern applications acceleratingly prioritize knowledge over raw data to complement the breakthrough. A substantial portion of this knowledge was formalized through ontologies. 

An ontology O could be formally defined as a quadruple (C, R, A, and I), where C denotes a finite set of concepts serving as a proxy for entities within a specific domain. R ⊆ C × C is a finite set of relationships capturing interactions among concepts, A is a finite set of axioms specifying constraints governing concepts and relationships, and I is a finite set of individuals depicting concrete instances of these concepts [1]. 

Ontologies are commonly embodied by Resource Description Framework (RDF) triples [2], expressed as (Subject, Predicate, and Object), where Subject corresponds to a concept or individual. Object may be a concept, an axiom, or an individual whereas Predicate denotes the relationship linking the two. These triples could be queried using SPARQL (an RDF query language standardized by W3C) [3]. For the sake of clarity, the term “triple” refers to an RDF triple, and an ontology (O) can be formally characterized as:

O = {(s, p, o) | s ∈ C ∪ I, p ∈ R, o ∈ C ∪ A ∪ I}

(1)
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Ontologies are typically classified according to their levels of abstraction: Upper-level, core, and domain-specific ontologies. Prior to their construction, authors often employed techniques such as mapping, fusion, and reuse. Mapping aligns the concepts of one ontology with those of another; fusion merges multiple ontologies to create a new one whereas reuse imports some or all concepts from an existing ontology into a new ontology. 

Post-construction ontology alignment is performed to identify potential correspondences between concepts, usually through comparative analysis to determine a suitable target ontology. 

Ontology alignment is fundamental for enhancing interoperability, knowledge reuse, data integration, and semantic search [4]. It enables collaboration across heterogeneous systems and domains, thus providing coherence and added value in environments where data is distributed and diverse. According to the Ontology Alignment Evaluation Initiative (OAEI) [5], ontology alignment not only promotes interoperability and knowledge reuse but also supports the evaluation and evolution of ontologies, thereby improving information systems. 

The gradual integration of algorithmic techniques is targeting ontology manipulation alongside the advancement of artificial intelligence. Notably, Hidden Markov Models (HMMs) have demonstrated substantial effectiveness, as their inherent structural organization aligns naturally with the hierarchical and relational characteristics of ontologies [6]. 

Alignment approaches can be broadly classified into four categories: Those based on lexical resources [7–

16], structural similarity [17–22], machine learning [23–35], and hybrid approaches [36–44]. 

Despite their

effectiveness, these methods exhibit obvious limitations, including high computational complexity, incomplete information regarding ontology concepts, and challenges arising from diverse representation formats [45]. 

For ontologies that are rich in both concepts and relationships, a combination of multiple alignment strategies is often required. Within this context, the Hidden Markov Model (HMM) approach provides a probabilistic and sequential framework capable of capturing complex interdependencies among abstract concepts, while incorporating observable data. This approach is particularly well-suited to domains characterized by evolving and semantically intricate concepts. 

In this study, we proposed a probabilistic ontology alignment approach based on Hidden Markov Model, in which concepts and relationships were modeled as hidden states and observation symbols [46]. Unlike prevailing lexical, structural, and conventional machine learning methods for ontology alignment, the proposed framework captured sequential and relational dependencies within ontologies, hence improving robustness to heterogeneous and incomplete representations. A similarity assessment mechanism grounded in HMM parameter estimation was proposed and experimentally validated. 

The remainder of this manuscript is organized as follows: Section 2 introduces the formal definition of HMMs and reviews relevant works within the aforementioned categories of alignment approaches. Section 3 details the proposed methodology by outlining each procedural step. Section 4 details the experimental setup, results, and discussion, while Section 5 concludes the paper and highlights potential directions for future research. 

2 State of Art

2.1 Definition

HMM is a stochastic model λ = {N, M, A, B, π} [46] where:

• N ∈ N, finite, is the number of HMM states; 

• M ∈ N, finite, is the number of HMM symbols; 

• A = [aij], 1 ≤ i, j ≤ N, is the states transition probabilities distribution matrix of the model, where aij is the probability of transitioning from state i to state j and ∀ i ∈ [1...N ], PN

a

j=1

ij = 1; 

• B = [bjk], 1 ≤ j ≤ N, 1 ≤ k ≤ M, is the observation symbols probabilities distribution matrix of the model, bjk is the observation probability of symbol k at the state j and ∀ j ∈ [1...N ], PM b k=1

jk = 1; 

• π = [πi], 1 ≤ i ≤ N, is the initial states probabilities distribution of the model, and PN π

i=1

i = 1. 

The authors associated ontologies with HMM for building or populated ontologies and constructed systems based on knowledge; in [46], an approach was proposed to transform ontology into HMM. 

2.2 Related Works

Ontology alignment constitutes a challenging task focused on establishing semantic correspondences between concepts across distinct ontologies. To address the inherent complexities of this process, a variety of methodologies has been developed, each offering particular advantage depending on the specific context. These methodologies can be broadly classified into four categories: Approaches based on lexical resources, methods relying on structural similarity, machine learning–driven techniques, and hybrid strategies. 

2.2.1 Lexical resources-based approaches

These methods leverage lexical resources, such as WordNet or BabelNet, to analyze semantic correspondences between terms across ontologies. 

The underlying methodology involves comparing the terms or descriptions 192

associated with concepts using these lexical databases. Semantic relationships, including synonyms and hypernyms, are exploited to assess whether two distinct concepts refer to the same entity. While such approaches are effective in domains with a controlled vocabulary, their applicability is constrained by the coverage and completeness of the available lexical resources. Notable contributions in this category span a wide range of strategies. Alhassan et al. [7] extended an existing alignment system with a lexical database to improve the resolution of terminological ambiguities between heterogeneous ontologies. Similarly, Xue and Wu [8] optimized biomedical ontology alignment in lexical vector space, to illustrate that vector-based term representations enhanced alignment precision in specialized domains. In a related vein, Real et al. [9] leveraged domain-specific lexicons and grammar formalisms to constrain the matching process and reduce alignment errors, while Patel and Jain [10] combined terminological analysis with conceptual similarity measures to propose a computationally tractable alignment discovery method. Building on these foundations, Ibrahim et al. [11] responded to multilingual ontology matching and assessment, while Peng et al. [12] investigated ontology matching using textual class descriptions. More recently, Schneider et al. [13] have advocated Natural Language Focused Ontology Alignment (NLFOA), a system that interpreted concept descriptions using Natural Language Processing (NLP) techniques to extend applicability to loosely formalized ontologies. 

Along the same line, Guo et al. [14] advanced EventOA, a benchmark for event ontology alignment grounded in FrameNet and Wikidata, thus providing a rigorous evaluation framework for event-oriented alignment systems. 

Complementing these efforts, Silva et al. [15] boosted ontology matching through lexical and syntactic standardization when customized lexical analyzers were incorporated. Last but not least, Sharma et al. [16] proposed LSMatch, a large-scale ontology matching system designed in anticipation of high-volume alignment scenarios. Further related works are surveyed in current academic literature by [47]. 

2.2.2 Structural similarity-based approaches

Structural approaches emphasize the organization of concepts within ontologies. In these methods, ontologies are typically exemplified as graphs, where nodes correspond to concepts and edges denote the relationships between them. By comparing the graph structures, similarities between concepts can be inferred based on their hierarchical positions or their connections to other concepts. Such approaches are particularly well-suited to formal ontologies; however, they may encounter difficulties when significant structural divergences exist between the ontologies. Notable contributions in this category are ordered as follows: Chu et al. [17] optimized ontology alignment in vector space by exploiting the geometric properties of concept representations to refine correspondence identification. Subsequently, Xiang et al. [18] proposed Ontology-Guided Entity Alignment (OntoEA) via joint knowledge graph embedding. In a complementary effort, Guo et al. [19] investigated the improvement of knowledge graph embeddings for entity alignment. Furthermore, Hnatkowska et al. [20] advocated a fuzzy logic framework for ontology instance alignment, in order to offer a principled mechanism to handle uncertainty in partial or imprecise concept correspondences. 

Building upon structural embeddings, Hao et al. [21] combined semantic and structural representations for ontology alignment, while S¸entürk and Aytac¸ [22] suggested a graph-based ontology matching framework, particularly catered for formal ontologies with complex relational structures. 

2.2.3 Machine learning-based approaches

Machine learning-based approaches employ algorithmic models to facilitate ontology alignment. 

In these

methods, a model is trained on annotated datasets to predict correspondences between concepts. Techniques such as neural networks and embedding models, including Bidirectional Encoder Representations from Transformers (BERT), are utilized to analyze concepts and their interrelations. This paradigm has demonstrated remarkable performance, particularly when substantial and high-quality training data are available. However, it could entail considerable computational demands. Notable contributions related to machine learning in ontology alignment originated from a body of literature [31–35]. The machine learning category encompasses a broad spectrum of techniques that merit individual acknowledgment. Iyer et al. [23] presented VeeAlign, a supervised deep learning approach that learnt concept correspondences from annotated data, hence achieving competitive performance on standard alignment benchmarks. In contrast, Chakraborty et al. [24] introduced OntoConnect, an unsupervised recursive neural network-based system that aligned ontologies without labeled data by exploiting the graph hierarchical structure. Establishing upon evolutionary strategies, Xue et al. [25] applied linkage learning on entity correspondences to frame alignment as a search over the space of candidate mappings. Furthermore, Chen et al. [26] augmented ontology alignment by combining semantic embeddings with distant supervision, to mitigate dependence on manually annotated training data. In the biomedical domain specifically, Hao et al. [27] brought medical data to the field of ontology (MedTO), a hybrid graph neural network system for matching medical data to ontologies. Shifting toward generative approaches, Xue and Huang [28] applied generative adversarial networks to alignment optimization, hence improving robustness against noisy concept descriptions. With respect to annotation cost reduction, VersaMatch, a weakly supervised system upheld by Fürst et al. [29], demonstrated that automatically labeled data could yield quality comparable to fully supervised approaches. Subsequently, Norouzi et al. [30]

explored conversational ontology alignment with extensive language models, to formulate an interactive paradigm 193

guided by natural language dialogue. Cotovio et al. [31] developed Matcha-DL, a supervised alignment tool, while Touati and Kemmar [32] applied deep reinforcement learning to the ontology matching problem. Sangeetha and Vidhyapriya [33] conceptualized a MapReduce-based approach for biomedical ontology alignment, and Gupta et al. [34] converged to suggest an ontology alignment method based on machine learning for the integration of patient health data. To offer a fresh perspective, Giglou et al. [35] leveraged large language models for ontology matching through their LLMs4OM framework. 

2.2.4 Hybrid approaches

Hybrid approaches integrate multiple techniques to enhance the accuracy and robustness of ontology alignments. 

Typically, these methods may initiate the process using a lexical strategy to identify potential correspondences, which are then refined through structural comparisons or machine learning models. By combining the strengths of diverse methodologies, hybrid approaches are particularly effective in solving the inherent limitations of individual techniques. High-performing tools such as LogMap and Agreement Maker Light (AML) exemplify hybrid methods and frequently participate in initiatives like the OAEI. The OAEI is an annual benchmark designed to evaluate the performance of ontology alignment systems across various domains by providing a standardized framework for comparison. Notable contributions in the category of hybrid approaches encompass the works of Javed et al. [40], Xue [41], Amini et al. [44], Hartendorp et al. [43], and Snijder et al. [42]. The following contributions further elucidate the diversity of hybrid strategies in ascending order of reference. 

Bento et al. [36] applied

convolutional neural networks to ontology matching, via integrating lexical and graph-topological features within a unified deep learning architecture. Along the same line, Neutel and de Boer [37] demonstrated that BERT-based contextual embeddings effectively encoded ontological concept labels, in a way outperforming conventional string-based similarity measures. Extending this line of work, He et al. [38] applied domain-adaptive BERT pre-training to biomedical ontology alignment. They substantially enhanced accuracy in medically specialized knowledge bases. He et al. [39], building further on transformer-based methods, presented BERTMap, which combined BERT embeddings with logical reasoning modules to achieve robust and interpretable ontology alignment. Subsequently, Javed et al. [40] proposed a deep ontology alignment approach using BERT INT applied to industrial IoT systems. In an attempt to tackle complex ontology alignment for autonomous systems, Xue [41] adopted a compact co-evolutionary optimization algorithm, while Snijder et al. [42] combined large language models with domain knowledge to advance ontology alignment in the labor market. Furthermore, Hartendorp et al. [43] initiated a self-alignment BERT model for biomedical entity linking in Dutch. Complex ontology alignment using large language models was explored in the study of Amini et al. [44], in order to extend the applicability of transformer-based methods to structurally intricate ontologies. 

Ontology alignment, a continuously evolving field, encompasses a diverse range of techniques, from lexical resources to machine learning–based methods. Among these, hybrid approaches that integrate multiple strategies tend to yield the most robust results, owing to their flexibility and adaptability across different domains. The OAEI serving as a platform for benchmarking alignment systems, plays a pivotal role in the assessment and continuous improvement of these methodologies by providing standardized datasets and evaluation frameworks. Through the combination of these approaches, ontology alignment continues to advance toward increasingly precise and adaptable solutions to meet the demands of modern semantic systems [48]. 

The application of HMMs in ontology integration characterizes an apparent advancement, as HMMs could capture complex interrelationships among concepts, while preserving the underlying data structure. Several existing studies, as outlined in [46], have demonstrated the effectiveness of associating ontologies with HMMs, particularly in handling semantic variability and advancing integration tasks. Unlike conventional approaches, HMMs learn directly from input data without relying on pre-established lexical resources; therefore, they were more appropriate for domains that are sparsely documented. Their probabilistic framework enables flexible modeling of interactions among concepts to facilitate precise term-to-term alignments. Furthermore, HMMs exhibit advantages over traditional machine learning techniques by effectively tackling the uncertainty inherent in semantic relationships. Besides, they could provide a more nuanced understanding of contextual dependencies. This sophisticated approach could leverage both supervised and unsupervised learning paradigms and is adaptable to a variety of datasets, including those that are partially annotated. 

3 Proposal Approach

All steps of this proposal are illustrated in Figure 1 and described with Algorithm 1. 

Algorithm 1: HMM-based ontology concept correspondence

Input: Source ontology Os = (Cs, Rs, As, Is), Target ontology Ot = (Ct, Rt, At, It) Output: Set of correspondences M = {(cs, ct, σ(cs, ct))}

M ← ∅

Step 1: HMM-based ontology learning
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• Extract RDF triple sets Ts and Tt from Os and Ot; 

• Construct concept label set L = Cs ∪ Ct and N = |L|; 

• Label triples with integers: T ls and T lt; 

• Generate HMM vector representations:
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Step 2: Vector similarity computation

For each vs ∈ V

i

s do:

• Compute distances dij = ∥vs − v ∥ for all v ∈ V

i

tj

tj

t; 

• Determine optimal match: j∗ = arg minj dij; 

• Compute similarity score: σ(cs, ct) ← f(dij∗); 

• Add correspondence to M: M ← M ∪ {(cs , c , σ(c , c ))}. 

i

tj∗

si

tj∗

Return M. 

Figure 1. Hidden Markov Model (HMM)-based Alignment Process

3.1 Input

Ontology alignment constitutes a critical step in the ontology construction process [4]. During this phase, ontology developers seek existing definitions in other ontologies to minimize redundancy and promote reuse. 

Consequently, the source ontology, which may be the one currently under development, serves as the input for the alignment procedure, as illustrated in Figure 1. The set of target ontologies is selected from those emerging from the same domain, yet the number of these target ontologies is not inherently limited. It should be noted that a single ontology may be aligned with multiple target ontologies simultaneously. 

3.2 Learning with Hidden Markov Models

The learning phase with HMMs aims to embody the structural and semantic characteristics of ontologies with probabilistic modeling. Each ontology described in Section 3.1 was transformed into an HMM following the methodology proposed by Warda et al. [46]. In this framework, HMM states correspond to ontology concepts, while observation symbols correspond to ontology relationships. 

Initially, a series of SPARQL queries were executed on an ontology, excluding axioms, and the results were signified as RDF triples. These triples were subsequently labeled and employed to initialize the HMM parameters, including the state transition probability matrix A, the observation probability matrix B, and the initial state distribution vector π, in accordance with the formulations presented in [46]. The labeling process involved replacing each entity identified by its IRI (Internationalized Resource Identifier, a chain of characters used to identify an identity within ontology) with a numeric identifier to facilitate subsequent computational manipulations (comparing numbers is easy than comparing too long chains of characters). 

Let T = {(x, y, z) | x, z ∈ C′, y ∈ R′} denote the set of labeled triples, where C′ and R′ are the sets of labeled concepts and relations, respectively. The HMM parameters were initialized based on Eqs. (2)–(4). 

|{(a, b, c) | (a, b, c) ∈ T, a = i, c = j}|

Aij =

(2)

|{(d, e, f ) | (d, e, f ) ∈ T, d = i}|

The element Aij represents the probability that the concept labeled i serves as the subject while the concept labeled j serves as the object in a triple. 

|{(a, b, c) | (a, b, c) ∈ T, a = i, b = j}|

Bij =

(3)

|{(d, e, f ) | (d, e, f ) ∈ T, d = i}|
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where, Bij denotes the probability that the concept labeled i is the subject and the relation labeled j is the predicate of a triple. 

|{(a, b, c) | (a, b, c) ∈ T, a = i}|

πi =

(4)

N

πi represents the probability that the concept labeled i appears as the subject of a triple. 

3.3 Vectors Comparison

Once the HMM parameters were computed using Eqs. (2)–(4), the output of this step was generated, including source and target vectors (associated with the corresponding ontologies) as well as labeled concepts. The vectors correspond to the rows of the state transition probability matrix A of the HMM, where each row Ai, i ∈ [1, N ]

represents the probability of a relationship between the concept labeled i and all other concepts as well as corresponding to vs or v . 

i

tj

Vector comparison involved evaluating the similarity between each source vector and all target vectors. During this process, the index of the concept was retained to identify the one yielding the highest similarity. Various similarity measures could be employed for this comparison. Labeled concepts, automatically included in the alignment results, were used to identify common concepts across the ontologies. 

3.4 Concept of Correspondences

The output of this approach consisted of establishing, whenever possible, correspondences between concepts from the source and target ontologies. At this stage, the highest similarity scores obtained from the vector comparison step were identified and included as part of the alignment results. Moreover, a subset of results derived from the previous labeling step was integrated with the best computed similarities to form the final set of correspondences. 

4 Experiments

Ontology alignment approaches were commonly validated using the OAEI, which provided standardized ontologies for benchmarking. In 2024, several ontology packages were made available to facilitate experimentation with alignment methods. In this work, we utilized a selection of these ontologies. 

Two repositories were downloaded from https://dwslab.github.io/melt/track-repository to conduct the experiment. 

Each repository contained four XML files: parameters (specifying the entities to be matched), reference (listing the expected correspondences), source (the ontology to be aligned), and target (the ontology to which the source will be aligned). In the present approach, only concepts were considered for alignment. 

The validation of an ontology alignment method involves computing evaluation metrics such as precision, recall, and F-measure [49], which were defined by Eqs. (5)–(7). TP, FP, and FN denote true positives, false positives, and false negatives, respectively. 

T P

P recision =

(5)

T P + F P

T P

Recall =

(6)

T P + F N

P recision × Recall

F -measure = 2 ×

(7)

P recision + Recall

The experimental evaluation of the proposed approach was conducted under a controlled hardware and software configuration. All tests were performed on an HP EliteBook Folio 9480m laptop equipped with an Intel® Core™

i5-4210U processor (4 cores, base frequency 1.70 GHz up to 2.4 GHz in turbo mode), 16 GB of RAM, and running Windows 10 Professional 64-bit. The implementation was carried out in Python 3.11.2 with the use of several specialized libraries: Owlready2 for ontology processing and querying whereas NumPy for matrix manipulation. 

4.1 Results

Table 1 presents the metrics of the ontologies adopted in this study and they were derived from the RDF triples extracted from each ontology. Case 1 corresponds to the Cmt-conference repository, while Case 2 refers to the Ce-crack-ce-crack repository. 

The approach proposed in this work facilitated the discovery of correspondences beyond those explicitly referenced by the OAEI. Specifically, the similarity scores of valid correspondences ranged from 0.7 to 1. In Case 1, twenty-five correspondences were identified, of which sixteen matched entries in the reference set, while the remaining nine correspondences exhibited similarity scores below one. In Case 2, out of the fourteen identified correspondences, ten corresponded to thirteen referenced correspondences. These validation results are summarized in Table 2. 
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The selected ontologies (Cmt-conference and Ce-crack-ce-crack) were representative as they covered different domains and structural complexities, including both hierarchical and interconnected-concept networks. This allowed the method to be tested on varied semantic relationships. Despite using only two repositories, the HMM-based approach was expected to generalize larger or structurally different ontologies, since it modelled probabilistic dependencies among concepts rather than relying on ontology size or specific topology. This could ensure robust performance across diverse scenarios. 

Table 1. Ontology metrics

Ontologies

Concepts

Relationships

Cmt-conference

Source

29

50

Target

59

47

Source + target

82

95

Ce-crack-ce-crack

Source

208

57

Target

485

64

Source + target

678

84

Table 2. Validation metrics of ontology alignment

Case

TP

FP

FN

Precision

Recall

F-Measure

Case 1

16

0

9

1.00

0.64

0.78

Case 2

10

3

1

0.77

0.91

0.83

Note: TP = true positives; FP = false positives; FN = false negatives. 

4.2 Discussion

The alignment approach proposed in this study leveraged both the lexical and structural characteristics of the ontologies under consideration. Initially, concepts were compared at the lexical level, primarily based on the similarity of their labels or terms. This lexical comparison was subsequently complemented by an analysis of the structural organization of concepts within the ontology. The final similarity score between two concepts was determined based on the highest similarity value obtained across both levels. 

For the computation of lexical similarity, the cosine similarity metric was employed. 

This measure was

particularly well-suited for comparing concept vectors with small numerical values, as it remained sensitive to fine-grained distinctions in terms of usage and distribution. The structural component of the comparison accounted for the hierarchical position of each concept and its relationships within the ontology. Table 1 presents metrics regarding the number of concepts and their relationships extracted from the ontologies with targeted SPARQL

queries. These metrics offered an indication of the complexity and semantic richness in the ontologies. 

As shown in Table 2, the quality of the alignment improved significantly when ontologies contained a greater number and diversity of semantic relationships. In other words, the richer the relational structure of an ontology, the more accurate and meaningful the resulting alignments tend to be. This observation underscored the importance of well-modeled ontologies with detailed semantic networks, particularly for tasks that demanded high-precision ontology mapping. 

A brief examination of alignment errors showed that false positives mainly occurred when concepts shared semantic similarity but differed syntactically, while false negatives arose from ambiguous labels or sparse structural connections. For instance, in Case 2, a source concept related to authornotreviewer was incorrectly matched to meta-reviewer, and in Case 1, several valid correspondences were missed due to limited relational context. These observations indicated that enhancing structural and semantic features, such as logical axioms or property restrictions, could further minimize alignment errors. 

The proposed approach was restricted by several key limitations that warrant careful consideration. First, it did not consider logical axioms or property restrictions (e.g., owl:allValuesFrom, owl:someValuesFrom, or disjointness constraints), which might carry significant semantic and syntactic information and thus affect the depth and precision of the alignments. Second, the study could incur considerable computational cost as the number of concepts increased, since each concept was represented by a vector whose dimensionality grew alongside the ontology’s size and relational complexity. This could lead to longer pairwise comparison times. Third, the method was sensitive to sparse relational structures, where limited connections between concepts constrain the information available for 197

alignment, potentially resulting in false negatives or uncertain correspondences. To address these methodology challenges, future work should focus on incorporating additional semantic features, optimizing vector computation and comparison strategies to save overheads, as well as exploring hierarchical, sampling-based, or probabilistic aggregation techniques to improve scalability and robustness across large and structurally diverse ontologies. 

5 Conclusions

A novel ontology alignment approach was proposed in this study and its emergence was based on machine learning, specifically utilizing HMMs. The method involves transforming each ontology into an HMM to capture its structural organization in terms of concepts and relationships. RDF triples were extracted via targeted SPARQL

queries. The state transition probability matrix of each HMM was interpreted as a set of vectors denoting individual concepts; cosine similarity was applied to these vectors to assess the degree of similarity between concepts. Under this evaluation, concepts exhibiting similarity scores approaching 1 were considered aligned. 

Experimental evaluation conducted on datasets provided by the OAEI demonstrated that the proposed approach effectively identified correspondences with appreciable accuracy. It should be noted that the current method aligned concepts only but did not handle axioms; consequently, its performance was influenced by the richness of the ontology in terms of relationships. Future work should address these few limitations by incorporating axioms to elevate alignment quality and exploring the contribution of extra HMM parameters. 
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Abstract: Knowledge interoperability across heterogeneous systems poses a fundamental challenge to the
predominantly knowledge-driven world, where semantic consistency directly affects data integration and knowledge
exchange. Ontology alignment plays a pivotal role in facilitating semantic interoperability by identifying meaningful
correspondences among concepts exemplified in different ontologies. This study investigated a probabilistic
framework for ontology correspondence discovery using Hidden Markov Models (HMMs). In the proposed approach,
each ontology was transformed into an HMM through Resource Description Framework (RDF) triple extraction
using SPARQL (an RDF query language standardized by W3C) queries, where concepts were represented as hidden
states and relationships as observation symbols. Both transition probability matrices and observation probability
matrices were computed to characterize structural and semantic information embedded within the ontology. Concept
vectors were then generated and compared by cosine similarity to identify potential correspondences among
ontology concepts. Experimental evaluation was conducted using benchmark datasets from the Ontology Alignment
Evaluation Initiative (OAEI). The results revealed that the proposed HMM-based framework achieved high precision
and satisfactory recall, particularly for ontologies containing intricate relational structures. In addition, probabilistic
modeling could effectively accommodate semantic variability and incomplete annotations without relying heavily
on lexical resources or complex structural heuristics. The framework in this paper provides a superior mechanism
for supporting semantic interoperability and contributes to knowledge integration across heterogeneous information.

Keywords: Interoperability; Ontology alignment; Semantic; Hidden Markov Models (HMMs); Knowledge
1 Introduction

With the rapid advancement of web technologies, modern applications acceleratingly prioritize knowledge over
raw data to complement the breakthrough. A substantial portion of this knowledge was formalized through ontologies.
An ontology O could be formally defined as a quadruple (C, R, A, and I), where C' denotes a finite set of concepts
serving as a proxy for entities within a specific domain. R C C' x C'is a finite set of relationships capturing
interactions among concepts, A is a finite set of axioms specifying constraints governing concepts and relationships,
and [ is a finite set of individuals depicting concrete instances of these concepts [1].

Ontologies are commonly embodied by Resource Description Framework (RDF) triples [2], expressed as (Subject,
Predicate, and Object), where Subject corresponds to a concept or individual. Object may be a concept, an axiom,
or an individual whereas Predicate denotes the relationship linking the two. These triples could be queried using
SPARQL (an RDF query language standardized by W3C) [3]. For the sake of clarity, the term “triple” refers to an
RDF triple, and an ontology (O) can be formally characterized as:

O ={(s,p,0)|s€eCUI, pe R,oe CUAUI} )
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