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Abstract

The adoption of ontologies in the AEC domain is in-
creasing, yet ontology reuse remains constrained because
identifying suitable ontologies and concepts is still largely
manual. This paper investigates whether shared embed-
ding spaces can capture semantic relatedness across AEC
ontologies, thereby supporting ontology discovery and
alignment. We test three hypotheses regarding expert-
aligned similarity, the spatial proximity of related classes
and the superiority of structure-aware over purely lexical
models. We embedded several widely used AEC ontolo-
gies and evaluated ontology and class-level similarities.
Results suggest that embeddings operationalize expert in-
tuition and lower barriers to ontology reuse.

Introduction

A significant obstacle to ontology reuse is how many on-
tologies are designed: they often lack adequate docu-
mentation and provide no human-readable specifications,
thereby imposing unnecessary friction on anyone attempt-
ing to adopt or extend them (Fernandez-Lépez et all,
2019). Many built-environment ontologies have been cre-
ated recently, but users find it difficult to locate suitable
ones, which limits their practical application (Akbarieh
et al, 2025). Identifying suitable ontologies and concepts
is still largely manual.

We assume that ontologies and their constituent entities
can be represented in a vector space such that semantic
relatedness systematically correlates with geometric prox-
imity. We explore hypotheses about how the embeddings
of lexical ontology notations relate to expert assessments
and known alignments. Specifically, we suggest that:

* H1 (Ontology-level similarity correlates with ex-
pert recommendations). If ontology embeddings
capture domain structure, then similarity in the em-
bedding space should align with expert judgments of
task or domain suitability.

* H2 (Semantically corresponding classes are closer
than unrelated classes). Useful ontology embed-
dings must preserve class-relatedness.

* H3 (Context-enriched lexical representations im-
prove embedding quality). Ontologies provide
structural context, such as class connectivity and lo-
cal relations.

We evaluate our hypotheses by embedding a curated set
of widely used AEC ontologies and their classes using
both text-based (labels + descriptions) and graph-based
(RDF/OWL) strategies. These embeddings are employed
for similarity-based ontology search and class-level align-
ment suggestions. Expert-guided evaluations and quanti-
tative analyses of the embedding space reveal how closely
the embeddings reflect expert judgment and semantic
structure, and demonstrate that they can streamline ontol-
ogy engineering workflows by lowering barriers to ontol-
ogy reuse and integration in construction informatics.
Our main contributions include: (i) an LLM embedding—
based, ontology-level semantic search framework; (ii) a
class-level alignment method using similarity neighbor-
hoods for an ontology base; (iii) an expert-aligned eval-
uation approach for comparing and assessing embedding
spaces and (iv) the validation and development of a foun-
dational embedding hypothesis for AEC ontologies.

Related Work

Linked Open Vocabularies (LOV) is a curated registry of
RDF vocabularies that shows how they link, tracks usage
in the Linked Data cloud, and offers search, SPARQL,
and API access to find and reuse vocabularies. Despite
strong reuse of LOV’s core vocabularies, domain-specific
vocabularies remain underlinked within and across do-
mains (Maratsi et alJ, 2023). More recently, /Akbarieh et al.
(2025) presented BE-OLS, a built-environment-specific
ontology lookup service that catalogs and organizes over
100 ontologies in the building environment domain with
structured metadata and search/filter functions. It pro-
vides a custom, domain-aware evaluation framework (con-
nectivity, accessibility, and documentation/reuse). Cur-
rent limitations include an incomplete ontology collec-
tion, manually applied evaluation, and no LLM-based as-
sistance for ontology search and analysis.

LLM embeddings (Tao et alf, 2024) used in semantic
searches encode text as high-dimensional vectors that
capture semantic meaning. Models like BERT or all-
MiniLM-L6-v2 (Reimers and Gurevych, 2024) convert
text into vector representations, ensuring that semantically
similar content is aligned closely and facilitating compar-
ison based on meaning rather than exact words.

Wang et al/ (2015) presented a method for short text cat-
egorization that combines semantic clustering with con-
volutional neural networks (CNN). Although newer tech-



niques such as transformers and large language models
(LLMs) now outperform this approach, it remains effec-
tive for lightweight applications. This method employs a
small, supervised CNN operating on semantic matrices, in
contrast to LLMs that produce embeddings via unsuper-
vised transformer pretraining with attention mechanisms,
which offer richer context but require more computational
resources.

A more recent method, introduced by Khan et al] (2020),
uses sentence-embedding-based clustering to summarize
discussion threads. It leverages Word2VecH to create sen-
tence embeddings and applies K-medoids clustering—a
partitioning technique that selects actual data points as
cluster centers—to group replies that are semantically
similar. A ranking mechanism based on quality-related
textual features then determines the most relevant re-
sponses for the summary. This fully automatic, domain-
independent approach performs well on precision, recall,
and F-measure. However, its reliance on Word2Vec and
traditional clustering may limit its ability to capture com-
plex semantic nuances compared with more advanced
models, such as large language models (LLMs).
Teymurova et al| (2024) introduced OWL2Vec4OA, a ver-
sion of OWL2Vec* tailored for ontology alignment by
integrating confidence-weighted seed mappings into the
random-walk process. This makes the learned embed-
dings more alignment-aware and improves matching per-
formance in experiments. Its main limitations are de-
pendence on seed-mapping quality, added computational
complexity, and sensitivity to hyperparameters.

Methodology
Problem Setting and Representation Framework

To make the decisions made in representation and evalua-
tion explicit, we introduce the following formal setting:
Let an ontology artifact be denoted by O. Let D =
{01, ...,0nN} denote the ontology dataset, i.e. a finite
collection of ontology artifacts processed jointly.

For each ontology O we assume a materialized RDF graph:

Go = (V,E) 1))

where V denotes the set of RDF nodes and E the set of
triples with predicates P. A triple is written as (s, p,0) €
E with s,0 € V and p € P. Based on this, let Cp
be the set of classes declared in O (e.g., resources typed
as owl:Class or rdfs:Class) and Pp be the set of
properties declared in O (e.g., owl:0ObjectProperty,
owl:DatatypeProperty, rdf : Property).

We define the set of representable entities & at both dataset
and ontology level:

Xo :={0}UCp U Pp 2

'https://code.google.com/archive/p/word2vec/
2When the context is clear, we write X for Xy (dataset-level entities)
and use Xp when referring to a specific ontology.

Cz) = U Co, Pz) = U Po, Xz) = U Xo.

oeD oeD oeD
3)

The formalism for representation and embeddings is de-
fined as follows: Let 7 be the space of textual represen-
tations (strings), f : 7 — R be an embedding function
and t,, : X — 7 be a representation variant m. The em-
bedding of an entity x € X under variant m is:

W= f () @
All embeddings of interest for a fixed representation vari-
ant m live in a shared dataset-level embedding space

E:=8En={v" |xeXp). 5)

Let 6(-, -) denote cosine distance on &.

For any entity x € X, define three optional lexical fields:
£(x) — label or title string (identifier-like), d(x)— descrip-
tion or definition string (content-like) and c(x)— com-
ment or remark string (additional notes). Extraction is
performed via documented, stable predicate lists (imple-
mentation detail), but the formalism assumes only that
£(x), d(x), c(x) are string-valued or empty.

Use-case descriptions U are treated as external textual
queries embedded via the same function f, but are not el-
ements of Xp.

Throughout the remainder of this section, E[-] denotes the
empirical expectation with respect to the sampling proce-
dure specified in each context. Unless stated otherwise,
sampling is performed uniformly over dataset-level enti-
ties x € Xp (or over constrained subsets such as relation-
defined pairs).

Definition of a Well-Formed Embedding Space

Based on the foundational hypothesis that: There exists an
embedding space in which semantic relatedness between
ontologies and ontology entities is reflected by geometric
proximity. We define a set of geometric (GI-G3 and se-
mantic properties SI & S2 that suggest that such an em-
bedding space is well-formed. The following criteria de-
fine necessary geometric and semantic properties that an
embedding space must satisfy to be considered suitable
for ontology discovery and alignment tasks. G1-G3 are
treated as necessary but not sufficient conditions for se-
mantic validity.

G1 - Global Discriminability

In high-dimensional spaces, distances tend to concen-
trate, making nearest-neighbor relations unreliable; mea-
suring distance contrast provides a global diagnostic of
whether the embedding space preserves discriminative
power (Beyer et al., 1999; |Aggarwal et all, 2001)). A well-
formed embedding space must exhibit sufficient distance
contrast, such that semantic distinctions are not lost due
to high-dimensional distance concentration. This is oper-
ationalized via a distance contrast measure introduced by
Beyer et al| (]1999):


https://code.google.com/archive/p/word2vec/

D = {6(viv,) i # ). ©)
_E[D] - 05(D)
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where ¢ ranges over all pairwise distances in &, with i, j in-
dexing embeddings corresponding to entities x;, x; € Xp.

G2 — Local Semantic Coherence

Relative neighborhood statistics remain meaningful in
high-dimensional spaces because they rely on comparative
distances rather than absolute magnitudes (Beyer et all,
1999; Radovanovié et all, 2009). They serve as a robust
replacement for classical clusterability tests (e.g. Hopkins
(Hopkins and Skellam, 1954))), which degrade in high di-
mensions (Adolfsson et al., 2019). A well-formed embed-
ding space must exhibit locally coherent neighborhoods,
such that nearby vectors are significantly closer than ran-
domly chosen vectors. To capture local coherence ro-
bustly, we adopt relative k-nearest-neighbor distance ra-
tio, which compares expected distances to k nearest neigh-
bors (k-NN) against those drawn from random pairs, in the
spirit of neighborhood preserving metrics used in embed-
ding evaluation (Boggust et al., 2022).

5k (x) :=% Z

x’€k-NN(x)

6(VX5VX’) (8)

R[5
R = B (v va]

where k-NN(x) denotes the set of the k nearest neighbors
of x in &, (x,x”) a uniformly sampled random pair of en-
tities, and expectations are taken over uniformly sampled
entities x € Xgp. The parameter k controls the neighbor-
hood size.

with R <1 O]

G3 — Non-Degenerated Dimensionality

Effective dimensionality captures whether embeddings
meaningfully occupy a structured manifold rather than de-
generating into noise or redundancy (Recanatesi et all,
2022; Giaffar et al., 2024)) which can be assessed via the
participation ratio (effective dimensionality) as proposed
by Recanatesi et al! (2022):

(X i)?

Do = ~=120

(10)
where A; are the eigenvalues of the covariance matrix of
the embedding vectors in &.

Following this, a well-formed embedding space satisfies:

l< D <xd (11

While G1-G3 assess geometric well-formedness indepen-
dently of domain semantics, S1 and S2 evaluate whether
the embedding space aligns with ontological meaning and
expert judgment.

S1 — Ontology-Aware Semantic Alignment

An intrinsic characteristic of ontologies is the explicit dec-
laration of semantic relations between classes (intra- and
inter-ontology), such as equivalence mappings, subsump-
tion, and domain-specific predicates. A meaningful em-
bedding space should preserve these relations, embedding
semantically related classes closer together than unrelated
ones. Intrinsic evaluation frameworks for ontology em-
beddings therefore emphasize explicit measurement of re-
lational preservation (Alshargi et al), 2019).

Formally, let R denote the set of declared semantic rela-
tions between classes in the ontology dataset 9:

R:= ] Ro U Reosss RS CpxCp  (12)
0OeD
where R contains intra-ontology class pairs and Reyoss
inter-ontology class pairs. Class pairs (i, j) € Cp X Cp
are induced by predicate assertions (i, p, j) or (J, p,i). No
logical inference or reasoning closure is applied. Let the
binary semantic relatedness indicator s;; € {0, 1} be

{1 if (i, /) € R,
S,’j =

. (13)
0 otherwise.

Define the sets of related and unrelated class pairs:

Prel:{(iaj) |sij=1}a Punrel:{(i»j) |sij=O}
(14)
Pairs in Py are uniformly sampled such that |Ppq| =
|Punrel|~ Let dij = §(Vi,Vj).
A well-formed embedding space satisfies

Bl jyepaldij]l < Bl jyePualdif]- (15
We further define the alignment ratio

Ralign 1= E(i,j)ePunwar [4if] (16)
Ei.jyepaldij]

Ralign > 1 indicates ontology-aware semantic alignment.
Statistical significance is assessed via a stratified class-
identity permutation test (K = 1000), where class iden-
tities are shuffled within ontology strata while distances
are held fixed. The empirical one-sided p-value P(pop11 =
Pobs | Ho) is computed from the resulting null distribution
of Spearman p(—d;;, sij).

S2 — External Semantic Consistency

While S1 evaluates semantic alignment intrinsic to the on-
tology structure, external semantic consistency assesses
whether embedding-based similarity aligns with expert in-
tuition in practical ontology selection scenarios. If an
embedding space is well-formed, ontologies deemed rel-
evant by domain experts for a given use case should
appear among the most similar ontologies according to
embedding-based rankings. Ontology-level similarity is
computed using lexical and context-enriched lexical rep-
resentations. Ontology embeddings are obtained directly
from the corresponding textual representations.



Let U denote a use-case description and O the set of can-
didate ontologies. Let Eyy € O denote the set of ontolo-
gies identified as relevant by domain experts for use case
U, allowing multiple ontologies to be considered equally
relevant.

Let remped (U) = (01,02, ... ) be the ontology ranking in-
duced by embedding similarity between U and ontology
representations, where o; € O. Define the set of top-k re-
trieved ontologies using precision-at-k and recall-at-k us-
ing the top-k set Ry (U) := TopK(rembea(U), k):

1
Pe@) =7 >, llocEy]. (7
0€R,(U)
1
Re(U) = — 1[o€Ey]. (18)
vl cirtv)

Here, Precision@k measures the proportion of rele-
vant ontologies among the top-k retrieved results, while
Recall@k measures the proportion of all expert-relevant
ontologies retrieved within the top-k. Since expert rele-
vance sets may contain fewer than k ontologies, the max-
imum achievable precision is bounded by |Ey|/k, while
recall remains unaffected.

To assess whether retrieval performance exceeds chance,
observed Py (U) values are compared against a random
baseline. Under random selection, the number of relevant
ontologies among the top-k follows a hypergeometric dis-
tribution, with expected precision E[ Py (U)] = |Eyl/|O]-
A well-formed embedding space exhibits consistently high
precision and recall values across use cases, indicating that
expert-relevant ontologies are ranked among the most sim-
ilar results, and achieves precision values that systemati-
cally exceed the corresponding random baseline, reflecting
performance beyond chance.

Ontology Representations and Embeddings

In this paper, we define and evaluate two complemen-
tary lexical representations for ontologies O and their as-
sociated classes Cp. These representations rely solely
on human-readable lexical information such as labels, de-
scriptions, and comments, or enrich this information with
bounded contextual signals derived from related entities.
In addition, we include a purely structural RDF2Vec-based
representation - as introduced by Ristoski and Paulheim
(2016) - as an established baseline focusing on graph struc-
ture, used for comparative evaluation under criteria G1—
G3 and S1.

Lexical embedding viex

The lexical representation variant fjox captures only
the immediate human-readable lexical documentation at-
tached to an entity, without incorporating any explicit
structural context. For any x € X:

fex (x) := concatFields(£(x), d(x), c¢(x)) (19)

Here, concatFields(-) denotes deterministic concatena-
tion with a fixed ordering and separators.

The representation fo is deterministic, structure-
independent, and fully interpretable. It serves as the
lexical baseline for evaluating embedding quality and
semantic alignment.

Viex (X) = f(f1ex(x)) for all x € X (20)

Context-Enriched Lexical embedding v conlex

The context-enriched lexical representation variant tconlex
extends f1cx by incorporating bounded and deterministic
lexical context derived from related entities, while remain-
ing text-based. For an ontology O, let € denote determin-
istic aggregation (concatenation) with a fixed ordering:

feontex(0) = concatFields(nex(0), D) fiex(c))
ceCy,

(21)
where C'O C Co is a fixed, deterministic subset of
representative classes. In this work, classes are ranked
by first-order connectivity (number of RDF edges), with
ties resolved by alphabetical ordering of IRIs. The top
min(50, |Col) classes are selected.

For a class ¢ € Cp:

tconlcx(c) = concatFields(thX(c), @ ex (P))
pep”

(22)
where PE") C Po denotes properties connected to ¢ within
RDF graph depth n under a fixed neighborhood policy;
depth n = 1 is used by default.

The representation f.oplex remains deterministic and
human-interpretable, while introducing controlled local
contextual signal in a reproducible manner.

Vconlex (X) = f(tconlex(x)) forallx e X (23)

Structural Embedding vstruct

In addition to the lexical representation variants, we in-
clude a purely structural embedding baseline based on
RDF2Vec. In contrast to viex and veonlex, Which follow the
mapping v,(c') = f(te(x)), the structural variant directly in-
duces embeddings from RDF graph structure. Formally,
vstruct 1S defined only for class-level entities ¢ € Cop,
yielding embeddings v**"Y e R, Ontology-level em-
beddings are derived via aggregation over class-level em-
beddings:

Vgstruct) = |C10| Z VéStIUCt). (24)

ceCo

The resulting embeddings capture global structural pat-
terns of the RDF graph, are stochastic but reproducible un-
der fixed seeds, and are not directly human-interpretable.



Results
Implementation and Dataset
Implementation

The methodology was instantiated as a modular processing
pipeline with separated responsibilities for identity man-
agement, semantic storage, and representation. Ontology
identity and provenance are maintained via a JSON-based
registry. Resolved ontology serializations are loaded into
an Apache Jena Fuseki triple stored, which serves as
the authoritative semantic state and supports SPARQL-
based querying. Normalized ontology artifacts and in-
termediate results are persisted as file-based materializa-
tions to ensure reproducibility. Vector representations de-
rived from textual and graph-based encodings are stored
separately in a Weaviate vector database, allowing sym-
bolic semantic data and learned embeddings to be man-
aged independently while remaining linked through stable
ontology identifiers. Vector representations are derived
from both textual and graph-based encodings. Textual
embeddings are computed using the transformer-based
model snowflake-arctic-embed?2 (1024 dimensions),
selected as a representative open-weight model for seman-
tic similarity tasks Yu et al} (2024). Structural embeddings
are generated using RDF2Vec (100 dimensions) with ran-
dom walks (depth d = 4, 100 walks per entity) and a
Word2Vec backend, consistent with commonly used con-
figurations in prior RDF2Vec studies. Traversal excludes
high-degree hub predicates (e.g., rdf:type) to reduce
structural noise Ristoski and Paulheim (2016). Full em-
bedding configurations are provided in the appendix £ .

Dataset

From the 144 ontologies listed in the Built Environment
Ontology Lookup Service (BE-OLS) (Akbarieh et al.,
2025), 101 ontologies provided a reachable reference or
download URL. Of these, 100 could be successfully re-
solved and parsed. Two ontologies were fully contained as
subgraphs of others already included and were therefore
not treated as independent artifacts. The resulting dataset
comprises 98 distinct ontologies.

To characterize the availability of lexical information, on-
tologies were classified as meta (no class definitions), for-
mal (classes without lexical signals, i.e., only blank nodes
or unlabeled IRIs), structural (fewer than 25% of classes
provide at least one lexical signal (e.g., rdfs:label,
skos:preflabel, rdfs:comment, dc:description)),
or lexical (at least 25% of classes provide lexical informa-
tion). In addition, we assessed whether available lexical
information follows common, human-readable documen-
tation patterns suitable for downstream processing by large
language models.

For inclusion in the vectorization experiments, ontologies

3https://jena.apache.org/documentation/fuseki2/

4The appendix is provided online at
https://git-ce.rwth-aachen.de/Tobias1/
2c3-2026-shared-embedding-spaces-for-aec-ontologies/
-/tree/v1.0-ec3-paper-2026.

were required to provide ontology-level lexical informa-
tion, a resolvable serialization (i.e., not metadata-only),
and a lexical profile classified as either structural or lex-
ical. Applying these criteria yields a final subset of 84 on-
tologies, comprising 7,086 classes.

Evaluation of the Embedding Space

This section reports the results for three global well-
formedness criteria (G1-G3) introduced above. All eval-
uations are reported for ontology-level and class-level em-
beddings and for all three representation variants (Lex,
ConlLex, Struct).

G1 — Global Discriminability

G1 evaluates global discriminability by measuring dis-
tance contrast across the embedding space. All represen-
tations satisfy this criterion at both the ontology and class
levels, indicating that none of the embedding spaces suf-
fers from distance concentration effects. Structural em-
beddings exhibit the highest contrast, reflecting the sparse
and the role-oriented nature of graph-based representa-
tions, while lexical and contextualized lexical embeddings
show moderate but stable contrast characteristic of dense
language-model spaces. The consistency of G1 across
granularities confirms that subsequent local semantic anal-
yses are not confounded by degenerate global geometry.

(see [Table 1)

Table 1: G1 — Global discriminability (distance contrast).

Level Viex Vconlex Vstruct
(0] 0.71 v 0.55v 2.18 /
Co 0.64 v 0.66 v 222/

G2 — Local Semantic Correspondence (1 = 0.5)

Table 2: G2 — Local semantic correspondence for k = 10.

Level Viex Vconlex Vstruct
0] 0.68 x 0.73 x 0.55 x
Co 042 v 043 v 0.06 v

G2 reveals a clear granularity effect (see ). While
none of the representations satisfy the criterion at the on-
tology level, all representations consistently meet G2 at the
class level. This indicates that semantic correspondence
is preserved locally between individual ontology entities,
but not necessarily when embeddings aggregate hetero-
geneous concepts at the ontology scale. Rather than in-
dicating a deficiency, this result confirms that class-level
embeddings are the appropriate resolution for evaluating
fine-grained semantic relatedness, whereas ontology-level
embeddings primarily capture broader thematic or struc-
tural similarity.

G3 — Non-Degenerated Dimensionality

G3 evaluates whether embedding spaces exhibit non-
degenerate effective dimensionality (see ). All rep-
resentations pass this criterion at both the ontology and
class levels, with effective dimensionalities substantially


https://jena.apache.org/documentation/fuseki2/
https://git-ce.rwth-aachen.de/Tobias1/ec3-2026-shared-embedding-spaces-for-aec-ontologies/-/tree/v1.0-ec3-paper-2026
https://git-ce.rwth-aachen.de/Tobias1/ec3-2026-shared-embedding-spaces-for-aec-ontologies/-/tree/v1.0-ec3-paper-2026
https://git-ce.rwth-aachen.de/Tobias1/ec3-2026-shared-embedding-spaces-for-aec-ontologies/-/tree/v1.0-ec3-paper-2026

greater than one and far below the nominal embedding di-
mension. Lexical and contextualized lexical embeddings
occupy a relatively low- dimensional subspace of the origi-
nal 1024-dimensional space, reflecting semantic compres-
sion through aggregation, while structural embeddings ex-
hibit even more compact but information-dense represen-
tations. The increase in effective dimensionality from on-
tology to the class level aligns with higher semantic gran-
ularity and complements the G2 findings.

Table 3: G3 — Effective dimensionality of embedding spaces.

Level Viex Vconlex Vstruct
0] 25.58 v 36.30 v 16.82 v
Co 5947 v 65.26 / 13.20 v/

S1 — Ontology-Aware Semantic Alignment

All representations achieve statistically significant align-
ment (Ralign > 1, p < 1073), with semantically re-
lated pairs consistently closer than unrelated ones. Lex-
ical and context-enriched representations show moderate
alignment (Ralign ~ 1.55), while the structural embedding
yields substantially stronger separation (Ralign = 2.94),
indicating that graph-based context reinforces semantic
correspondence. The observed rank correlations (p =
0.56-0.60) confirm robust but non-trivial alignment be-
tween embedding distances and relatedness (see ).

Table 4: S1 - Ontology-Aware Semantic Alignment Evaluation.

Metric Viex Veonlex Vstruct
Ralign 1.56 1.55 2.94
Spearman p 0.58 0.56 0.60
Pperm <1073 <1073 <1073
Ho null 0.08 0.06 0.05
Significance v v v

S2 - External Semantic Consistency

Across the five evaluated use cases, both lexical and con-
textualized lexical representations achieve precision@5
values above the random baseline, indicating that
embedding-based retrieval captures some degree of
expert-relevant signal. However, absolute performance re-
mains low (P@5 = 0.24-0.28), and no statistically signif-
icant results are observed across use cases. Lexical repre-
sentations exhibit higher recall, while contextualized lex-
ical representations achieve slightly higher precision (see
), suggesting a trade-off between coverage and se-
lectivity. Nevertheless, the overall performance indicates
that ontology-level embeddings alone are insufficient to re-
liably reproduce expert ontology selection behavior under
the tested conditions.

In contrast to S1, which evaluates intrinsic semantic align-
ment at the class level, S2 operates on highly aggregated
ontology representations and sparse, non-ranked expert
feedback, resulting in reduced discriminative power. Con-
sequently, S2 does not provide confirmatory evidence for
external semantic consistency in this setting.

Table 5: S2 — External semantic consistency (P@5 and R@5).

Metric Viex Vconlex
Mean P@5 0.24 0.28
Mean R@5 0.30 0.15
Baseline E[PQ5] 0.11 0.11
Baseline E[RQ5] 0.07 0.07
APQ5 0.13 0.17
ARQ@5 0.23 0.08
Significant 0/5 0/5
Discussion

We investigated whether shared embedding spaces facili-
tate ontology discovery and alignment in the AEC domain
(hypotheses H1-H3). All embedding variants met the ge-
ometric well-formedness criteria G1-G3, confirming sta-
ble, non-degenerate spaces. Semantic alignment at the
class level (S1) was consistently observed across lexical,
context-enriched lexical, and structural representations. In
contrast, ontology-level semantic consistency (S2) yielded
weak but above-random results, insufficient for reliable
ontology selection. Thus, embedding-based similarity is
valid primarily at the class-level abstraction, supporting
the core hypothesis that semantic relatedness in ontologies
is reflected by geometric proximity, while highlighting the
abstraction levels where this relationship holds reliably.

With respect to H1, which hypothesizes that ontology-
level embedding similarity correlates with expert recom-
mendations, the results do not provide confirmatory evi-
dence under the current evaluation setup. A primary limit-
ing factor is the statistical underpowering of S2: unlike S1,
which operates over thousands of class-level relation pairs,
S2 relies on a small number of use cases and sparse, largely
unranked expert relevance judgments. Combined with the
strong aggregation inherent in ontology-level embeddings,
this substantially reduces the sensitivity of retrieval-based
evaluation measures such as precision@k and recall@k.
Consequently, H1 cannot be rejected outright, but remains
unconfirmed within the scope of this study and should be
revisited using larger and more structured expert evalua-
tions.

Beyond methodological considerations, the inconclusive
results for H1 highlight a fundamental issue affecting on-
tology reuse. Ontology-level embeddings, derived solely
from explicit information like labels, descriptions, and
structure, fail to replicate expert selection behavior. This
suggests that many ontologies lack sufficient information
for reuse decisions, as experts also consider contextual
factors like maturity, adoption, tooling, conventions, and
experience—not encoded in standard documentation. This
deficiency indicates broader communication issues within
ontology ecosystems, echoing barriers caused by inade-
quate documentation. Additionally, S2 results imply that
expert selection depends more on high-level lexical de-
scriptions of scope and application than on detailed inter-
nal content, which is mainly reflected in class structure and
relations.



The results strongly support H2, showing that semantic
classes are embedded closer together when related, across
all variants, and confirming that embedding spaces pre-
serve fine-grained semantic relations within and across
ontologies. This demonstrates their suitability for class
alignment, correspondence discovery, and semantic explo-
ration. The evaluation focuses on explicitly declared rela-
tions, isolating the effect of representation learning from
reasoning variability. Including inferred relations could
further improve semantic alignment by revealing implicit
structures, highlighting the potential of knowledge graphs.
The consistent results across different representations sug-
gest that class-level semantic relatedness is a stable prop-
erty of the embedding space, largely independent of the
representation used.

The results support H3, which suggests that adding struc-
tural context improves embedding quality. Context-
enriched lexical representations achieve results compara-
ble to purely lexical ones in semantic alignment while re-
maining deterministic and interpretable, indicating that ad-
ditional contextual aggregation does not consistently trans-
late into improved alignment. Structural RDF2Vec em-
beddings have the highest alignment ratios, showing the
importance of graph structure in maintaining ontological
relations. Interestingly, large language model-based lexi-
cal embeddings already meet all geometric criteria (G1-
G3) and achieve strong semantic alignment (S1), even
though they weren’t trained specifically for ontology em-
bedding. This suggests that modern language models en-
code substantial latent domain knowledge, allowing them
to recover meaningful semantic structures from sparse, di-
verse ontology data.

Taken together, these findings clarify the appropriate role
of embedding-based methods in ontology engineering
workflows. Embeddings should not be viewed as replace-
ments for expert judgment at the ontology selection level
(H1), but as powerful instruments for semantic exploration
and alignment at the class level (H2), particularly when
enriched with bounded structural context (H3). The con-
text depth is intentionally limited to one hop (n = 1),
focusing on directly related classes and properties while
avoiding noise propagation and cyclic dependencies in
graph traversal. Exploring deeper contextual representa-
tions may further enrich semantic signals, but introduces
increased structural variance and is left for future work. By
making explicit where semantic information is preserved
and where it is absent, embedding-based representations
both support ontology reuse and expose documentation
gaps that warrant further attention.

Conclusion

This paper explored whether embedding-based represen-
tations can support ontology discovery and alignment in
the AEC domain. Across all evaluated representations,
the geometric well-formedness criteria (G1-G3) are sat-
isfied, indicating that the resulting embedding spaces are
stable and suitable for semantic analysis. At the class

level, ontology-aware semantic alignment (S1) is consis-
tently observed: semantically related classes are embed-
ded closer together than unrelated ones, independent of
representation choice. This confirms that embeddings pre-
serve fine-grained semantic relationswithin and across on-
tologies and are well suited for class-level exploration and
alignment tasks. These results further provide empirical
support for the foundational hypothesis that semantic re-
latedness between ontology entities can, to a meaningful
extent, be reflected by geometric proximity in a shared em-
bedding space.

A key empirical finding is that LLM-based lexical em-
beddings perform surprisingly well in this setting, de-
spite not being trained on ontologies or formal knowledge
graphs. Even without explicit access to ontological struc-
ture, these embeddings satisfy all geometric criteria and
exhibit statistically significant semantic alignment. While
context-enriched lexical representations do not yield a sig-
nificant improvement, incorporating structural informa-
tion enhances alignment performance. Purely structural
embeddings achieve the strongest alignment effects, albeit
at the cost of interpretability.

At the ontology level, external semantic consistency with
expert recommendations (S2) remains inconclusive. This
result reflects both methodological limitations—strong ag-
gregation and sparse expert feedback—and fundamental
constraints on ontology reuse, where expert selection re-
lies on contextual factors not explicitly encoded in ontol-
ogy artifacts. Overall, the results support embeddings as a
reliable semantic substrate for exploration and alignment
at appropriate levels of abstraction, while clarifying their
limitations for ontology-level decision-making.

Future Work

Future work should extend this study along three com-
plementary directions. First, external semantic consis-
tency (S2) should be evaluated using more mature and
statistically robust designs, including a larger set of use
cases, ranked or graded expert judgments, and repeated
evaluations across expert groups. Such designs would
enable stronger conclusions about ontology-level similar-
ity and better isolate the factors influencing expert ontol-
ogy selection. Second, the role of embeddings in con-
crete alignment tasks warrants systematic investigation.
This includes evaluating their utility for candidate corre-
spondence generation, semi-automated class alignment,
and expert-in-the-loop alignment workflows, where em-
beddings serve as a semantic prior rather than a definitive
decision mechanism. Third, embedding-based representa-
tions open the door to two-dimensional semantic mappings
of the AEC ontology ecosystem. Future research should
examine the stability, interpretability, and analytical value
of such maps for ecosystem-level exploration, comparison,
and gap analysis. Together, these directions would further
clarify the scope and limits of embedding-based methods
and support their principled integration into ontology en-
gineering practice without overextending their claims.
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