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Abstract 
Cross-domain knowledge integration is crucial for complex urban and architectural decision-making, with ontology engineering play-
ing a foundational role. To address limited automation and low interpretability in ontology alignment, this study proposes an LLM-pow-
ered agent framework to support ontology reuse across built environment domains. The performance of four LLMs and three prompt 
strategies is explored in alignment tasks. Three specialised agents, for context generation, expert validation, and explanation synthe-
sis, are proposed and integrated with retrieval and mapping agents. Together they form a closed-loop framework linking automatic 
alignment, expert review, and explanatory feedback. This agent-enhanced architecture improves the traceability and interpretability 
of alignment results and facilitates expert involvement and iterative refinement, offering a solid foundation for managing and reusing 
ontologies in complex urban-scale contexts.
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1 Introduction
Complex decision-making in the built environment increasingly relies on multi-source and heterogeneous data 
across domains (Li et al., 2022; Fadhel et al., 2024). Semantic data modelling has emerged as a key strategy to 
explicitly represent domain knowledge in a machine-interpretable and human-comprehensible format (Gruber, 
1993; Alexopoulos, 2020). Among various representation techniques, ontologies—formalized schemas of domain 
entities and their relationships—serve as the backbone of semantic integration. Powered by Semantic Web tech-
nologies (Berners-Lee, Hendler and Lassila, 2001), ontologies enable structured knowledge from different sys-
tems to be unified, queried, and reasoned over, bridging disciplinary boundaries.

Extensive efforts have been made to develop ontologies that capture different layers of spatial, physical, and op-
erational semantics across the built environment. These efforts span diverse areas including infrastructure sys-
tems (Nandini and Shahi, 2019; Du et al., 2023), smart city development (Qamar et al., 2019), healthy city planning 
(Pietra, De Lotto and Bahshwan, 2021), urban disaster response (Dutta and Sinha, 2023), building performance 
optimization (Utkucu and Sacks, 2025), facility operation and maintenance (F.H et al., 2025). 

While numerous ontologies have emerged across domains, their independent and purpose-specific develop-
ment has led to persistent semantic heterogeneity and limited interoperability. Ontology alignment remains a 
critical role in enabling scalable knowledge integration and system-level semantic reasoning, especially in large-
scale built environment systems like integrated digital twins and urban energy platforms. Ontology alignment, 
or matching, is the first step toward resolving semantic heterogeneity by generating correspondences between 
entities such as concepts, properties, or instances (Shvaiko and Euzenat, 2013; Algeria et al., 2015). By comparison, 
ontology mapping denotes the structured expression of alignment results, often stored as external documents 
or internal annotations.

Ontology alignment in practice remains heavily dependent on manual efforts (Elshani et al., 2025). It often re-
quires significant cross-domain expertise to interpret conceptual differences, resolve ambiguities, and vali-
date alignment decisions—making the process both time-consuming and difficult to scale. Moreover, the lack of 
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systematic validation and explanation mechanisms undermines the reliability and reuse of alignment results. 
Despite its critical role, alignment is rarely treated as a first-class concern in ontology engineering workflows. 
Mappings are often missing, informal, or undocumented, especially in domain-specific ontologies developed for 
isolated use (Ma et al., 2024). 

These issues severely restrict semantic interoperability across domains and impede the evolution of shared 
knowledge infrastructures in the built environment. Recent advances in LLMs have opened new possibilities for 
automation in various phases of ontology engineering (Li, Garijo and Poveda-Villalón, 2025). With their power-
ful capabilities in semantic understanding, contextual reasoning, and cross-domain generalization, LLMs have 
shown promising results in a range of ontology-related tasks, including ontology learning (Babaei Giglou, D’Souza 
and Auer, 2023) ontology generation (Doumanas et al., 2025), terminology annotation and entity completion (No-
rouzi et al., 2025), ontology evaluation (Tsaneva, Vasic and Sabou, 2024) , among others. However, their potential 
for application in ontology engineering of the built environment remains largely unexplored and unvalidated.

To address the persistent challenges of low automation, missing alignment modules and mappings and limited 
interpretability in ontology alignment, this study aims to explore the potential of LLMs to enhance ontology align-
ment processes in the built environment domain. Specifically, it explores how different LLM types and prompting 
strategies perform in alignment tasks. Furthermore, this study proposes a dedicated LLM-powered agent frame-
work to improve the interpretability, traceability, and reusability of alignment process and results.

This study presents the first empirical exploration of using LLMs to support cross-domain ontology alignment 
in the built environment. It fills key gaps in existing frameworks by introducing verification and documentation 
capabilities, and pioneers a paradigm shift in ontology alignment—from mere result generation to semantic as-
set construction. Furthermore, it provides an agent-based toolchain that enables ontology experts to generate 
interpretable alignment comments and reusable documentation.

This paper is structured as follows. Section 2 reviews key challenges in built environment ontologies, the evo-
lution of ontology alignment methods, the integration of LLMs for semantic modelling and alignment, and re-
cent advances in LLM-enhanced documentation generation and interpretability. Section 3 presents a systematic 
evaluation of four representative LLMs and five prompting strategies across six ontology alignment datasets, 
highlighting their strengths and limitations under varying semantic complexities. Section 4 analyses the exper-
imental results. Section 5 introduces an enhanced agent-based framework that integrates semantic context 
construction, human-in-the-loop validation and explanation generation. Section 6 summarizes key findings and 
outlines future directions for extending ontology alignment as a traceable and interpretable semantic infra-
structure.

2. Related Work
2.1 Ontological Engineering Challenges and FAIR Bottlenecks in the Built Environment
Although a large number of urban and architectural ontologies have been proposed, their overall performance 
across the four dimensions of the FAIR principles, Findability, Accessibility, Interoperability, Reusability, which 
remains suboptimal. For instance, Mazimwe et al. (2021) evaluated 69 disaster management ontologies and iden-
tified significant deficiencies, particularly in interoperability and reusability. Specifically, the average FAIR score 
was only 19.54%, with ‘findability’ (or discoverability) scoring as low as 1.8%. Even urban ontologies constructed 
in recent years, such as city infrastructure ontologies (Du et al., 2023)the ground, roads, and buried pipes, Urban 
District Sustainability Assessment Ontology (Kuster, Hippolyte and Rezgui, 2020)factoring in environmental, social 
and economic requirements. However, the current assessment schemes are (a, and Smart City Services Ontology 
(Qamar et al., 2019)interconnected and intelligent. However, absence of a centralized system produces many 
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troubles for its stakeholders i.e. citizens and administration in order to perform their day-to-day actions. Seman-
tic web technologies, and in particular linked open data is a tool which allows sharing and merging of data of 
different systems. Consequently, this paper aims to propose a Smart City Services Ontology (SCSO, generally lack 
standardized alignment documents and readable annotation structures. While it is widely acknowledged that 
publishing an ontology should be accompanied by detailed documentation of its concepts and relationships, to 
reduce the prevalent tendency of researchers to create new ontologies rather than reuse existing ones (Farghaly, 
Soman and Zhou, 2023), this best practice is rarely implemented in practice. In addition, the resulting mappings 
are often difficult to interpret, making it challenging for non-ontology experts to understand their semantic in-
tent and the boundaries of their applicability (Mazimwe, Hammouda and Gidudu, 2021).

In recent years, several studies have explored automated and even semi-automated ontology alignment in the 
built environment (Schneider, 2019; Schlenger et al., 2025).  However, no research to date has investigated the use 
of large language models (LLMs) for ontology alignment within the built environment.

2.2 Extending the Semantic Capabilities of LLMs in Built Environments
With the breakthrough of LLMs in natural language understanding and generation, increasing researchers are 
trying to introduce them into semantic modelling tasks in built environments. Feng et al. proposed the CityGPT 
framework, which significantly improves the LLM performance in spatial cognition, path planning, and instruc-
tion comprehension by constructing an urban task dataset and an evaluation benchmark (Feng et al., 2024). Li et 
al. (2025)operation and maintenance (O&M further mapped the mapping relationship between urban tasks and 
language modelling capabilities, pointing out that it has a high potential for interfacing with urban perception, 
prediction, and interactive reasoning.

In the context of building systems, Zhang et al (2025) constructed a chain of LLM-based energy simulation agents 
capable of directly transforming natural language descriptions into EnergyPlus model files. In addition, a control 
interpretation module incorporating the Shapley mechanism has been preliminarily validated to enhance the 
transparency of LLM in the field of semantic control of buildings (Zhang, Chen and Ford, 2024). The Shapley mech-
anism, originally developed in cooperative game theory, assigns credit to input features by quantifying their 
marginal contribution to a model’s output—thus making the decision logic of black-box models more interpre-
table (Lundberg and Lee, 2017).

However, most of the above studies focus on mid-level tasks, such as information extraction, semantic questions 
and answers, or operation execution, and there is still a lack of in-depth exploration of semantic alignment at the 
structural level. 

2.3 Evolution of Ontology Alignment Techniques and Trends in LLM Integration
Ontology alignment, as a key link to support ontology reuse, heterogeneous system integration and cross-do-
main semantic interoperability, has undergone three major stages in recent years. The first stage is represented 
by rule-based systems such as AML (Faria et al., 2013) and LogMap (Jiménez-Ruiz and Cuenca Grau, 2011), which 
mainly rely on manually set structural mapping rules with strong logical consistency but lack self-adaptation, 
which makes it difficult to apply to scenarios with variable contexts. The second stage introduces deep semantic 
embedding, such as BERTMap  (He et al., 2022), which improves the alignment accuracy by word vector training, 
but requires large training sets and the generalisation ability is limited, which makes it difficult to cover the 
semantic migration between multiple domains. The third phase is the current key trend: generative alignment 
methods centred on LLMs. Such approaches achieve zero/few-shot alignment through prompt engineering, with 
low sample dependency, high generality, and strong semantic generalisation (Hertling and Paulheim, 2023).
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Early studies on LLM-based ontology alignment primarily relied on prompt engineering to explore zero-shot and 
few-shot capabilities, often evaluated on benchmark datasets like Ontology Alignment Evaluation Initiative (OAEI) 
(Hertling and Paulheim, 2023; Norouzi, Mahdavinejad and Hitzler, 2023). These methods showed promise in terms 
of recall and generative flexibility, enabling the discovery of novel candidate alignments. However, they also 
revealed persistent limitations: low precision, unstable outputs, and poor structural consistency. Consequently, 
LLMs were often positioned as semi-automated tools requiring manual filtering by experts, rather than end-to-
end alignment systems.

In addition, LLMs research has gradually shifted focus from early-stage prompt engineering to the development 
of more autonomous and modular LLM agents. As illustrated in Figure 1, the core of an LLM agent lies in its plan-
ning module, which enables the decomposition of complex tasks and iterative improvement through self-reflec-
tion. It leverages modular tools (e.g., domain-specific software) to perform both internal reasoning and external 
actions, and employs short-term and long-term memory to retain contextual knowledge and enhance deci-
sion-making (L. Zhang et al., 2025). In contrast to traditional prompt-based LLM usage, which is often inefficient, 
stateless, and hard to control when handling complex tasks such as ontology matching, Agent-OM exemplifies 
a paradigm shift: transforming LLMs from reactive generators into proactive decision-makers equipped with 
planning, memory, and tool-use capabilities. Qiang, Wang and Taylor (2025) introduced the Agent-OM framework, 
where LLM-based agents are equipped with planning, memory, and tool-use capabilities to modularly execute 
retrieval and matching workflows. The framework demonstrated competitive performance with state-of-the-art 
systems in simple tasks and outperformed most baselines in complex and few-shot ontology alignment sce-
narios, showing particular strengths in handling domain-specific and cross-domain alignment tasks. It slightly 
underperformed only against a few deep learning systems such as Matcha.

Figure 1. Architecture of an LLM-powered Agent with Prompt, Memory, and Tool Modules

Meanwhile, integration attempts between LLMs and traditional algorithms are also emerging. Taboada et al. 
(2025)but it remains challenging due to the need for large training datasets and limited vocabulary processing 
in machine learning approaches. Recently, methods based on Large Language Model (LLMs proposed the MILA 
framework, which incorporates a Prioritized Depth-First Search (PDFS) strategy to optimize LLM-driven ontology 
matching. This method significantly reduced the number of LLM queries required for complex alignment tasks. 
In multiple OAEI tracks, MILA outperformed existing unsupervised and some supervised systems without re-
quiring fine-tuning. Sampels, Efeoglu, and Schimmler (2024) presented a hybrid approach that combines graph-
based search algorithms (random walk and tree traversal) with prompt engineering. Their method extracts local 
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contextual information of candidate entities and verbalizes it into natural language prompts. This approach 
achieved an F1-score of 0.7147, outperforming zero-shot methods such as GPT and OLaLa, and highlighted the 
effectiveness of contextualization and verbalization in improving both precision and recall.

2.4 Documentation Generation and LLM-enhanced Interpretability
Recent advances in ontology engineering highlight a growing emphasis on human-readability and interpret-
ability, particularly through documentation generation. While LLMs have demonstrated initial potential in gen-
erating ontology-related texts, this area remains underexplored. Only a few studies have addressed ontology 
publication via documentation generation (Li, Garijo and Poveda-Villalón, 2025). Existing work primarily focuses 
on generating Competency Questions (CQs) (Rebboud et al., 2024, 2025) and transforming ontology structures into 
user-facing documentation. In biomedical domains—often more mature than the built environment, researchers 
have developed specialized tools to enhance accessibility. For example, Giri et al. (2024)Gene Ontology (GO pro-
posed GO2Sum, a model that converts complex lists of Gene Ontology (GO) terms into human-readable functional 
summaries, improving both usability and interpretability. Complementing this, Norouzi et al. (2023) introduced 
alignment explanation generation as a novel use of LLMs, enabling experts to provide feedback that informs 
model refinement through prompt tuning or few-shot updates. These approaches collectively point toward the 
future of ontology systems that are not only machine-readable but also meaningfully explainable to human 
users.

3. Performance Comparison of LLMs and Prompting Strategies in Ontology Matching
To explore the adaptability of existing LLM-powered ontology alignment in the context of architectural and urban 
ontologies, we designed two complementary experiments. Experiment 1 isolates the effect of model version by 
keeping the prompt fixed, examining whether newer or instruction-tuned models improve semantic alignment. 
Experiment 2 fixes the model and varies the prompt strategy, evaluating the influence of prompt design on 
alignment performance. The experimental protocol is presented in Table 1. 

Table 1. Overview of Experimental Design

 Objective Variable 
Tested

Experi-
ment 1

Explore impact of different LLMs 
on ontology alignment tasks

Type of 
LLMs

Experi-
ment 2

Explore impact of different prompt 
strategies on complex alignment 
tasks

Type of 
prompt 
strategies

Most existing experiments utilize large-sample OAEI datasets and primarily focus on exploring equivalence rela-
tionships between ontology entities. However, in real-world engineering applications, subclass and superclass 
relationships are more prevalent. Therefore, this experiment centres on non-equivalent inclusion relationships, 
covering the types summarized in Table 2. These relationship types are used to classify semantic mappings in 
ontology alignment tasks, especially when identifying non-equivalent inclusion relationships.

Table 2 Semantic Relationship Types Between Ontology Entities
Symbolic Form Description
a ≡ b a is equivalent to b
a ⊑ b a is a subclass or subproperty of b
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Symbolic Form Description
a ⊒ b b is a subclass or subproperty of a
a ⊥ b a and b are unrelated or disjoint

Note: a refers to entity1, and b refers to entity2

3.1 The Selection of LLMs and Prompting Strategies
To systematically compare LLMs for ontology alignment, we selected four models based on two criteria: (1) 
demonstrated performance in recent studies on semantic alignment and reasoning, and (2) diversity across 
commercial and open-source paradigms. Prior work has evaluated models including GPT-3.5/4, LLaMA, BLOOMZ, 
FLAN-T5, and Falcon-7B (Hertling and Paulheim, 2023; Li, Garijo and Poveda-Villalón, 2025). Among these, the lat-
est high-performing models from the GPT series have achieved state-of-the-art results in zero- and few-shot 
alignment tasks involving complex semantics (Macilenti, Stellato and Fiorelli, 2024; Qiang et al., 2025)Stellato and 
Fiorelli, 2024; Qiang {\\i{}et al.}, 2025. GPT-4.1—the most capable publicly available model in the GPT series during 
the study period—was selected for its semantic reasoning strength and reliable performance. Claude Sonnet 4, 
a commercial model from the Claude family, was selected for its balanced trade-off between semantic perfor-
mance and response latency. LLaMA3.1–8B served as a widely adopted open-source baseline, while DeepSeek-R1 
was chosen for its emerging benchmark strength and reasoning-oriented design. Table 3 summarizes all model 
configurations. The four models were evaluated under a unified prompt and task setup in Experiment 1.

Table 3. Test model version and base information
Model 
Name

Version Type Source / 
API Access

GPT-4.1 gpt-4.1-2025-
04-14

Commer-
cial

OpenAI

Claude Son-
net 4

claude-son-
net-4-20250514

Commer-
cial

Anthropic

Deepseek deepseek-ai/
DeepSeek-R1

Open 
source

Siliconflow

llama3.1 llama3.1:8b Open 
source

Local Deploy-
ment

In Experiment 2, we designed five prompt types with progressively increasing levels of contextual and semantic 
richness, as summarized in Table 4. This categorization was developed with reference to recent classification 
schemes in prompt engineering research (Macilenti, Stellato and Fiorelli, 2024; Amini et al., 2025; Dang et al., 2025), 
aiming to evaluate model behaviour under varying degrees of input complexity. Prompt 1 served as a minimal 
baseline, using only basic instructions to assess the model’s default generalization ability. Prompt 2 introduced 
ontology-level background information, such as the ontology’s name, domain, and intended purpose. Prompt 3 
incorporated few-shot examples to provide more explicit behavioural guidance. Prompt 4 added syntactic and 
semantic attributes—including domain and range—to test the model’s ability to leverage structured information. 
Finally, Prompt 5 further enriched the input by integrating lexical features extracted from the ontology’s entity 
structure, namely the comment, definition, and example fields, to support fine-grained semantic reasoning and 
enhance robustness under potentially adversarial conditions.
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Table 4. Overview of Prompt Types Used in Experiment 2
Prompt 
Type

Description

Prompt 1 Minimal instructions to test default generalization
Prompt 2 Adds ontology background (name, domain, purpose)

Prompt 3 Includes few-shot examples to guide model behaviour

Prompt 4 Combines syntactic cues (e.g., labels) with semantic attributes (e.g., domain, range)
Prompt 5 Further enriches input with lexical features (comment, definition, example) for fine-grained 

semantic understanding

3.2 Experiment Data
This study employs two types of cross-domain ontology alignment datasets: a series of author-curated align-
ment modules cantered on the Occupant Feedback Ontology (OFO) (Donkers, de Vries and Yang, 2024); and a set of 
alignment cases derived from Building Topology Ontology (BOT). The former refers to the alignments between the 
Occupant Feedback Ontology (OFO) and several external ontologies, including the Building Performance Ontolo-
gy (BOP), Friend of a Friend Ontology (FOAF), Smart Appliances REFerence ontology for Wearables (SAREF4WEAR), 
Ontology for Property Management (OPM), and the Semantic Sensor Network Ontology (SOSA/SSN) (Donkers et al., 
2021). The latter refers to the alignments between the Building Topology Ontology (BOT) and both the Industry 
Foundation Classes (IFC) and the Brick ontology.

To introduce varied levels of alignment difficulty, we selected entity pairs from the database where the source 
and target names are non-equivalent and grouped them into distinct subsets according to their semantic com-
plexity. 

Table 5 provides a comparative overview of all alignment datasets used in this study. Among them, OFO-BPO 
represents the most challenging set, especially due to its inclusion of abstract and dynamic concepts related to 
communication and sensing. Similar levels of complexity are observed in the OFO-SAREF4WEAR and OFO-SOSA/
SSN subsets, which also involve cross-domain and behaviour-oriented semantics. BOT-BRICK and OFO-OPM are 
categorized as medium-difficulty datasets. These alignments remain largely within the architectural domain and 
do not exhibit substantial conceptual shifts across domains, though they still involve structural and functional 
abstraction. Finally, the BOT-IFC dataset is considered the easiest. In this set, many target entity names contain 
the source entity name as a substring (e.g., IfcBuildingStorey vs. Storey), without being strictly equal. These name-
based cues make the alignment more straightforward compared to the others. 

Table 5.Ontology Alignment Datasets Overview
Dataset Classes Proper-

ties
Example Pair

OFO-BOP 0 4 monitors Feedback ↔ per-
forms Execution

OFO-SOSA/
SSN

1 2 Wearable ↔ System

OFO-SAREF-
4WEAR

2 2 Result ↔ Measurement

OFO-OPM 1 0 Result ↔ Property State
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BOT-IFC 5 0 Space ↔ IfcSpace
BOT-BRICK 2 3 contains Zone ↔ has Part

Note: The numbers of Classes and Properties refer to aligned pairs

3.3 Experiment Procedure
The experiment consists of three main stages: (1) environment setup and configuration, (2) data preparation and 
gold-standard alignment generation, and (3) ontology matching execution. All experiments were conducted in 
an Anaconda virtual environment. Model variants and prompt strategies were specified via the configuration file, 
and necessary API keys (e.g., OpenAI) were securely initialized.

This study partially adopts the retrieval module and configuration setup from Agent-OM by Qiang et al. (2025), 
particularly for extracting syntactic, lexical, and semantic features. To address the high semantic heterogeneity 
across ontologies and the limited number of reference alignments, we implemented a full-retrieval strategy that 
exhaustively generates all possible candidate pairs and evaluates them individually to ensure comprehensive 
coverage. On top of this, we customized the prompt templates and extended the explanation module to support 
more interpretable and task-specific alignment outputs.

Each experiment run relied on three input files: the source ontology, the target ontology, and a reference align-
ment file. The ontologies were retrieved from publicly accessible repositories and provided in RDF/XML format. 
Reference alignments, originally authored by ontology developers, were standardized into Alignment API-com-
pliant XML files and subsequently parsed to generate gold-standard alignment pairs, from which subclass and 
superproperty mappings were explicitly extracted. We began by applying a baseline prompt (Prompt 1) to evalu-
ate the ontology alignment performance of four representative LLMs. Based on the results, GPT-4.1 demonstrat-
ed the most favourable trade-off among accuracy, efficiency, and cost, and was therefore selected for down-
stream experiments. Subsequently, we conducted a systematic evaluation of five distinct prompt types across 
six benchmark datasets, allowing for a fine-grained analysis of how prompt design impacts ontology matching 
performance.

4. Results
This section presents the results of two ontology alignment experiments and discusses the comparative perfor-
mance of different LLMs and prompting strategies. 

4.1 Performance Comparison of Different Models
Across all alignment tasks, GPT-4.1 consistently outperformed other models in terms of F1 score, demonstrating 
superior robustness in both semantic generalization and relation directionality detection. Claude exhibited com-
parable precision to GPT yet suffered from reduced recall in structurally divergent pairs such as OFO-OPM and 
OFO-SOSA. DeepSeek-R1, while capable of identifying general subclass relations, frequently hallucinated sym-
metric alignments, especially in BOT-IFC and OFO-SAREF4WEAR, where it confused ⊑ with ≡. LLaMA, though light-
weight, showed competitive recall in BOT-BRICK, but struggled in abstract property mappings across OFO-centric 
scenarios.

Notably, precision-recall trade-offs were observed across all models. For instance, Claude exhibited high preci-
sion on BOT-BRICK but missed multiple legitimate subclass mappings, leading to low recall. Conversely, Deep-
Seek’s aggressive recall yielded inflated false positives, lowering precision. The OFO-BOP and OFO-OPM tasks 
proved most challenging, as they required semantic bridging across distinct conceptual layers, such as subjec-
tive feedback and operational control, which many models failed to capture reliably. These findings indicate that 
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current LLMs remain sensitive to ontology lexical divergence and relation asymmetry, and highlight the need 
for context-augmented, agent-based refinement to achieve consistent alignment performance in multi-domain 
ontology ecosystems.

4.2 Comparison of Prompting Strategies
To investigate how prompting strategies affect the performance of large language models in ontology align-
ment tasks, we compared GPT’s outputs across six ontology pairs using three prompt types: Prompt 1, Prompt 2, 
and Prompt 3. Figure 2 illustrates that prompt formulation significantly influences alignment quality, especially 
in scenarios with structural complexity or abstract semantics. For relatively straightforward alignment tasks, 
Prompt 1 often led to high recall, retrieving a large number of candidate alignments. However, this came at the 
cost of reduced precision, particularly due to overgeneration of subsumption and equivalence relations. This 
trend is evident in ontology pairs such as BOT-IFC, where many predicted matches reflected broad semantic 
overlaps but lacked precise correspondence.

Figure 2. Alignment Outputs under Three Prompting Strategies (Prompt 1 → Prompt 2 → Prompt 3, from left to 
right)

In contrast, Few-shot prompting improved precision, especially for subclass and part-of relationships. This in-
dicates that GPT was able to effectively learn from curated examples, producing more selective and accurate 
matches. Nonetheless, minor directional errors were observed in some subsumption cases, suggesting sensi-
tivity to example framing. When Context-enhanced prompts were used, the output pattern resembled that of 
the Simple prompts: high recall with a large number of inferred equivalence and subsumption relationships. This 
suggests that while additional ontology context enriches the semantic field, it may also amplify GPT’s tendency 
to generate broader relational assertions, potentially at the expense of specificity.

Overall, Few-shot prompting yielded better balance in precision-recall trade-off for structurally simple align-
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ments, while Context-enhanced prompts were more effective in hierarchical or nested ontologies, such as 
BOT-BRICK and OFO-OPM, where semantic context is essential for interpreting complex relations. These findings 
highlight the nuanced effects of prompt design and support the inclusion of tailored prompting strategies in 
ontology alignment systems.

Prompt 1, Prompt 4, and Prompt 5 were compared to evaluate the impact of different types of semantic infor-
mation on ontology alignment performance. Among them, Prompt 4, which integrates structural and contex-
tual information (e.g., domain, range, hierarchical roles), consistently achieved the highest balanced F1-score, 
demonstrating its necessity for reliable prediction. In terms of prompt design, Prompt 4 significantly outper-
formed Prompt 5, particularly in alignment tasks of moderate difficulty within the built environment domain. 
While Prompt 5 introduces additional annotations and ontology-specific details (e.g., comments, URIs), this ex-
tra information occasionally misleads the model, causing it to infer inclusion or equivalence relationships even 
when entities are only loosely or indirectly related.

As illustrated in Figure 3, entity pairs such as contains Element and is Location Of were correctly judged as un-
related under Prompt 4. However, under Prompt 5, GPT tended to generate false positive relations, interpreting 
such pairs as semantically connected due to the presence of shared terms in the textual context. Moreover, in 
moderate alignment tasks, entity pairs often exhibit partial or ambiguous overlap, making it easy for the model 
to avoid predicting “unrelated.” This behaviour inflates recall but comes at the cost of reduced precision, partic-
ularly when weak semantic signals are amplified by prompt structure.

Figure 3. Alignment Outputs under Three Prompting Strategies (Prompt 1 → Prompt 4 → Prompt 5, from left to 
right)

5. Discussions and extended framework for enhanced ontology alignment
5.1 Discussions
The adoption of agent-based design in ontology alignment is not merely beneficial but increasingly necessary. 
As the complexity of alignment tasks and the scale of ontological data continue to grow, agent architectures 
offer critical advantages—most notably in modularity, scalability, integration with external reasoning tools, con-
textual management, and expert-in-the-loop support.
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The Agent-OM framework proposed by Qiang, Wang, and Taylor (2025) provides an important starting point by 
introducing LLM agents for retrieval and matching. However, it lacks a dedicated mechanism for generating 
alignment context, which limits its ability to capture precise domain semantics and background knowledge. In 
addition, the capabilities of large language models remain constrained, particularly when addressing abstract 
or structurally complex concepts. Despite ongoing efforts to enhance automation, human-in-the-loop verifica-
tion remains indispensable, especially in cross-domain ontology alignment tasks within the built environment. 
Current approaches still lack robust mechanisms for error correction, result validation, and for ensuring inter-
pretability and traceability throughout the alignment process. As Doumanas et al. (2024)  emphasize, while LLMs 
can significantly accelerate ontology development, expert oversight remains essential to guarantee alignment 
quality, transparency, and reliability. Bridging this gap calls for standardized benchmarks and hybrid workflows 
that combine automated alignment with structured expert feedback (Li, Garijo and Poveda-Villalón, 2025). 

Finally, although the original Agent-OM architecture supports multi-layer parsing and semantic-syntactic feature 
extraction, the direct feedback from LLMs tends to be verbose and lacks clarity. It does not generate concise, 
high-quality explanatory documentation necessary for human interpretation and downstream reuse. Our pre-
liminary experiments using JSON-formatted outputs confirmed the difficulty of interpreting LLM errors in the 
absence of structured rationale. These findings highlight the need for enhanced tool integration for structured 
reasoning, tighter expert–LLM interaction loops, and more interpretable output formats.

5.2 An LLM-powered agent framework for enhanced ontology alignment
To address the above, we propose an LLM-powered agent framework for enhanced ontology alignment. The 
overall architecture and workflow are presented in Figure 4. Building on the architecture of Agent-OM, our ex-
tended framework integrates Retrieval and Matching Agents into a centralized planning loop and introduces 
three additional agents: the Context Agent, which constructs structured semantic context; the Expert Review 
Agent, which enables multi-level human validation for complex relations such as containment and subclassing; 
and the Explanation Agent, which generates interpretable alignment rationales and enhanced OWL/XML anno-
tations.

Figure 4. Explainable ontology alignment agent architecture
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Note: The system consists of four agent modules: a Context Agent that synthesizes ontology background knowl-
edge, a Retrieval Agent and Matching Agent for candidate generation, an Expert Review Agent for human-in-the-
loop validation, and an Explanation Agent that produces revised comments and final documentation.

The Context Agent constructs a complete semantic context to support ontology alignment. It begins by extract-
ing RDF metadata from the source ontology and, if necessary, performing supplementary web searches to enrich 
missing descriptions. When critical context fields are absent, expert-driven supplementation is triggered. Ex-
perts provide additional inputs, including the expected application domain of the target ontology, representative 
use cases for both ontologies, and the rationale for alignment—that is, why specific components of the source 
ontology should be aligned to parts of the target ontology. The resulting metadata is stored both in the central 
database and in the Context Agent’s internal memory module, enabling reuse across future alignment sessions 
and improving contextual continuity. 

The Expert Review Agent supports interactive human-in-the-loop validation, including not only equivalence but 
also complex structures such as containment and subclassing. It conducts both light and deep review stages: 
the light review focuses on quickly confirming high confidence matches and identifying potential misclassifi-
cations, while the deep review targets ambiguous or structurally complex entity pairs. Experts annotate each 
decision with structured justifications. These justifications are further refined by the LLM to ensure clarity, consis-
tency, and future reusability. Finally, all verified results are archived for use by the Explanation Agent to generate 
comprehensive alignment rationales. Expert feedback is also stored as potential few-shot exemplars to guide 
future alignment tasks.

The Explanation Agent transforms validated alignment rationales into structured, human-readable documenta-
tion. It first processes the verified results from the Expert Review Agent to generate semantic alignment justifi-
cations, which are then merged with existing ontology comments. Experts may review and confirm whether the 
new comments should overwrite the originals. Finalized annotations are written back into the ontology, resulting 
in an enhanced OWL/XML version with improved interpretability and traceability. In parallel, the agent compiles 
an external explanation document, serving as both a human-readable rationale archive and a resource for on-
tology reuse and future alignment transparency.

5.3. Limitations and future work
Several limitations in the current study warrant further investigation. First, although multiple LLMs were evaluat-
ed, the analysis did not encompass some of the most recent models—such as Claude 4 and LLama 4—whose ad-
vanced architectures may offer advantages in particular alignment scenarios. Second, the evaluation datasets 
used in this study primarily basic containment relations. However, ontologies in the built environment often em-
body more complex semantic structures, including hierarchical constraints, compositional dependencies, and 
semantic overlaps. Expanding benchmark coverage to include such relation types is necessary to fully validate 
the utility of the experimental results. Third, additional algorithmic and empirical efforts are needed to determine 
optimal few-shot configurations and prompt engineering strategies that can improve LLM-based ontological 
reasoning. The interaction between prompt design, context granularity, and relation types remains insufficient-
ly explored, yet is likely to significantly impact the robustness and generalizability of alignment performance 
across domains. Furthermore, based on the present framework, we are developing an LLM-powered agent sys-
tem that operationalizes enhanced ontology alignment through modular planning, expert feedback integration, 
and explainable output generation.
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6. Conclusion
This study investigates the potential of LLMs to support ontology alignment across built environment domains 
and proposes an agent-based enhancement to address observed limitations. We first conducted systematic 
experiments comparing four LLMs and five prompting strategies across ontology alignment tasks. The results 
show that GPT-4.1 achieves a favorable balance between performance and cost, and that prompting strategies 
significantly influence alignment quality depending on the semantic complexity and structural characteristics of 
ontology pairs. However, the experiments also reveal that relying solely on prompt engineering is insufficient—
particularly for handling complex, ambiguous, or hierarchical relations. In response, we propose an enhanced 
LLM-powered agent framework that builds on the initial pipeline and introduces three additional agents: a Con-
text Agent for semantic grounding, an Expert Review Agent for human-in-the-loop validation, and an Explana-
tion Agent for generating interpretable alignment rationales. These enhancements improve the interpretability, 
traceability, and reusability of the alignment process and outputs. Rather than treating alignment as a static, 
one-time task, the proposed framework supports iterative expert involvement and positions ontology alignment 
as an evolving semantic asset in complex, multi-domain settings. Rather than treating alignment as a static, one-
time task, the proposed framework supports iterative expert involvement and positions ontology alignment as 
an evolving semantic asset in complex, multi-domain settings.
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