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Abstract

EU regulations govern interconnected domains,
yet the hierarchical organization and granular-
ity of regulatory semantic structures remain
insufficiently understood. We analyze 717 pro-
visions from nine EU regulations, represented
as 746 embedding units, using K-means and
Ward linkage. Two independently optimized
80-cluster solutions reveal recurring domain-
specific and cross-regulatory themes but dif-
fer in hierarchical organization. Cross-solution
analysis shows high centroid-level semantic
correspondence (mean matched-centroid co-
sine similarity = 0.943) despite lower partition
agreement (ARI = 0.520; mean membership
Jaccard similarity = 0.492). We identify 10
split and nine merge candidates, suggesting
potential local differences in semantic bound-
aries or granularity. Post-hoc EuroVoc align-
ment shows partial agreement with established
categories and identifies two qualitative candi-
date branches spanning taxonomy boundaries.
These findings suggest that broadly correspond-
ing regulatory semantic structures can coexist
with local differences in membership, hierar-
chy, and granularity.

1 Introduction

Environmental sustainability, digital platforms,
data governance, AI, and healthcare are governed
by interconnected EU legal frameworks. Under-
standing relationships among regulatory require-
ments across these domains is challenging because
legal provisions encompass domain-specific topics
and cross-regulatory functions.

Text embeddings represent legal provisions in a
shared semantic space, but their hierarchical organi-
zation and granularity across alternative clustering
solutions remain insufficiently understood. Simi-
lar semantic themes may emerge across solutions
despite differences in cluster membership and se-
mantic boundaries.

We investigate these issues using 717 provisions
from nine EU regulations, represented as 746 em-
bedding units. We discover hierarchical semantic
structures using K-means and Ward linkage and
compare two independently optimized 80-cluster
solutions. We distinguish partition agreement from
centroid-level semantic correspondence and exam-
ine potential local differences in semantic bound-
aries and granularity through centroid similarity
distributions.

Finally, we compare the induced hierarchies with
EuroVoc as an external reference taxonomy to ex-
amine their alignment with established categories
and potential cross-taxonomy relations.

1.1 Research questions

We address the following research questions:

• RQ1: Semantic discovery. What latent se-
mantic structures emerge from unsupervised
embedding-based clustering of heterogeneous
EU regulatory documents?

• RQ2: Cross-solution correspondence and
granularity. To what extent do two indepen-
dently optimized k-means solutions agree in
cluster membership and centroid-level seman-
tic correspondence, and what potential differ-
ences in local semantic boundaries and gran-
ularity are suggested by their cross-solution
correspondence patterns?

• RQ3: Hierarchical alignment with Eu-
roVoc. To what extent do the discovered se-
mantic structures align with EuroVoc across
concept, Domain, and Microthesaurus levels,
and where do they reveal cross-taxonomy re-
lations?

1.2 Contributions

Our contributions are threefold:
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1. Hierarchical semantic discovery across het-
erogeneous EU regulations. We identify re-
curring domain-specific and cross-regulatory
semantic themes across two independently op-
timized K-means hierarchies and characterize
differences in their organization.

2. Exploratory analysis of partition agree-
ment and semantic correspondence. We dis-
tinguish partition agreement (ARI and NMI)
from centroid-level semantic correspondence
and identify candidate split–merge patterns
suggesting potential local differences in se-
mantic boundaries and granularity.

3. Multi-level alignment with EuroVoc. We
compare the induced hierarchies with Eu-
roVoc at the concept, Domain, and Microthe-
saurus levels to examine established-category
alignment and potential cross-taxonomy se-
mantic relations.

2 Related Work

Domain-specific language models have substan-
tially advanced legal NLP. LEGAL-BERT demon-
strated the effectiveness of adapting pretrained lan-
guage models to legal corpora (Chalkidis et al.,
2020). EURLEX57K and MultiEURLEX ad-
dressed EU legal document classification using pre-
defined EuroVoc descriptors (Chalkidis et al., 2019,
2021). In contrast, our study investigates semantic
structures emerging from regulatory embeddings
without using predefined taxonomies during clus-
tering.

Unsupervised topic and concept discovery has
increasingly combined contextual embeddings
with clustering. BERTopic, for example, uses
transformer-based embeddings to identify and de-
scribe document clusters (Grootendorst, 2022). Hi-
erarchical topic discovery has also been explored
using box embeddings to represent topic taxon-
omy relationships (Lu et al., 2024). Building on
embedding-based semantic discovery, we apply K-
means clustering and Ward linkage to discover hi-
erarchical semantic structures from heterogeneous
EU regulatory provisions. We use centroid-nearest
provisions to support the interpretation of regu-
latory concepts at multiple levels of abstraction,
including regulation-specific and cross-regulatory
semantic groups (RQ1).

Clustering stability research has examined the
reproducibility of clustering solutions and the sta-

bility of individual clusters (Hennig, 2007; von
Luxburg, 2010).

Partition agreement can be assessed using ARI
and NMI (Hubert and Arabie, 1985; Vinh et al.,
2010), while topic modeling research has investi-
gated correspondence across alternative solutions
(Marani and Baumer, 2023). We distinguish par-
tition agreement from centroid-level semantic cor-
respondence and explore potential differences in
local semantic boundaries and granularity (RQ2).

EuroVoc-based legal classification relies on pre-
defined descriptors to organize legal documents
(Chalkidis et al., 2019, 2021; Avram et al., 2021).
In contrast, we introduce EuroVoc only after clus-
tering as an external reference taxonomy. We com-
pare the induced hierarchies with EuroVoc at the
concept, Domain, and Microthesaurus levels to ex-
amine both alignment with established categories
and candidate cross-taxonomy semantic relations
(RQ3).

3 Data

3.1 Regulatory Corpus

The final corpus comprises 717 unique, non-empty
provisions from nine EU legal instruments: the
Artificial Intelligence Act (AI Act), General Data
Protection Regulation (GDPR), Data Act, Digital
Services Act (DSA), Digital Markets Act (DMA),
Ecodesign for Sustainable Products Regulation
(ESPR), European Health Data Space Regulation
(EHDS), EU Taxonomy Regulation, and Battery
Regulation.

The English-language versions of these instru-
ments were collected from EUR-Lex, the official
online repository of European Union law. We use
the term provision to refer to an individual regula-
tory article used as the unit of analysis. Recitals,
annexes, and document-level metadata were not
included in the clustering corpus.

The instruments cover heterogeneous but par-
tially overlapping regulatory areas, including AI
governance, data protection, data access, digital
platforms, health data, sustainable finance, product
sustainability, and battery governance. This diver-
sity allows us to examine whether the embedding
space captures both regulation-specific topics and
cross-regulatory functions.

Table 1 summarizes the composition of the cor-
pus. The dataset contains 249,368 words, with an
overall mean of 347.8 words per provision. Corpus
size varies across the instruments, from 27 provi-
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sions in the EU Taxonomy Regulation to 113 in the
AI Act. Mean provision length ranges from 296.8
words in the GDPR to 381.3 words in the Data Act.

3.2 Preprocessing

The extracted texts were normalized by removing
duplicated whitespace and non-substantive format-
ting elements. Empty and duplicate provisions
were then removed, yielding the final corpus of
717 unique, non-empty provisions reported in Sec-
tion 3. Each retained provision was associated
with its source instrument, CELEX identifier, arti-
cle identifier, and original text, thereby preserving
document-level provenance throughout the analy-
sis.

Provisions exceeding 1,500 tokens were divided
into chunks using the Qwen3-Embedding-8B tok-
enizer. The chunking procedure prioritized legal
structure, including paragraph, numbered-item, and
sentence boundaries, with a target length of 1,024
tokens and a maximum of 1,500 tokens.

Of the 717 provisions, 16 were split, yielding
746 embedding units. The resulting units had a
mean length of 423.47 tokens, a median of 333.50
tokens, and an interquartile range of 158.25–607.75
tokens. The maximum length was 1,449 tokens.

Each chunk retained its source provision identi-
fier to preserve provenance. Embedding and clus-
tering were conducted on the 746 units.

Word counts were calculated for the 717 retained
provisions after text extraction, normalization, and
duplicate removal, but before chunking. They are
reported only as descriptive corpus statistics and
should not be interpreted as model-token counts.

4 Method

Figure 2 in Appendix A provides an overview of
the proposed framework, including hierarchical se-
mantic discovery, cross-solution correspondence
analysis, and post-hoc EuroVoc alignment.

4.1 Semantic clustering

We represent each of the 746 preprocessed pro-
vision units using Qwen3-Embedding-8B, a mul-
tilingual text-embedding model from the Qwen3
Embedding series (Zhang et al., 2025).

No task-specific instruction prefix was added;
each provision chunk was encoded directly using
its text. We used the model’s last-token pooling
procedure and applied L2 normalization to the re-
sulting 4,096-dimensional embeddings.

We fixed the number of clusters at K = 80 as
an exploratory resolution informed by preliminary
experiments. With 746 embedding units, this set-
ting yields approximately nine units per cluster on
average. Our aim was to obtain fine-grained can-
didate concepts that could be interpreted through
representative provisions and subsequently orga-
nized into broader hierarchical semantic structures
using Ward linkage. We treat K = 80 as a design
choice rather than an empirically optimal number
of clusters.

The normalized embeddings were clustered us-
ing k-means with n_init=10 and random-state val-
ues of 42 and 12. For each random state, the imple-
mentation performed 10 internal initializations and
retained the solution with the lowest within-cluster
sum of squares. The analysis therefore compares
two independently optimized solutions rather than
estimating a distribution of outcomes across indi-
vidual initializations. RS42 is used as the primary
solution for presenting the learned semantic hier-
archy, while RS12 provides a second solution for
cross-solution comparison. The resulting Level-80
clusters are treated as fine-grained candidate seman-
tic concepts rather than predefined legal categories.

To interpret each cluster, we select the five pro-
visions nearest to its centroid by cosine similarity.
Duplicate chunks derived from the same original
provision are excluded using their original identi-
fiers. An LLM then generates a short semantic label
and summary from the representative provisions.
The LLM is used solely for post-hoc interpreta-
tion and does not influence the embeddings, cluster
assignments, or hierarchy construction.

To obtain a multi-level semantic structure, we
apply Ward hierarchical clustering with Euclidean
distance to the 80 k-means centroids without addi-
tional L2 normalization.

Cutting the dendrogram at different levels yields
progressively broader semantic groups.

For adjacent Ward linkage heights di and di+1,
we calculated the successive gap ∆i = di+1 − di.
Candidate cuts were placed before prominent in-
creases in ∆i, producing seed-specific intermedi-
ate resolutions. A six-group resolution appeared
among the retained candidate cuts for both solu-
tions and was therefore used for side-by-side com-
parison.
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Table 1: Composition and word-count statistics of the EU regulatory corpus.

Instrument Provisions Mean words Total words

AI Act 113 373.3 42,181
Battery Regulation 96 345.4 33,157
DMA 54 378.6 20,442
DSA 93 372.1 34,603
Data Act 50 381.3 19,063
EHDS 105 324.9 34,111
ESPR 80 338.1 27,051
GDPR 99 296.8 29,384
EU Taxonomy Regulation 27 347.3 9,376

Total / overall mean 717 347.8 249,368

Note. AI Act = Artificial Intelligence Act; DMA = Digital Markets Act; DSA = Digital Services Act; EHDS = European
Health Data Space Regulation; ESPR = Ecodesign for Sustainable Products Regulation; GDPR = General Data Protection
Regulation. Provision and word counts are reported before chunking. The 717 retained provisions were divided into 746
units for embedding and clustering. The overall mean is calculated across the 717 retained provisions.

Table 2: Main experimental settings.

Component Setting

Embedding Qwen/Qwen3-Embedding-8B (4,096
dimensions); no instruction prefix; last-token
pooling; L2 normalization

Chunking 717 provisions expanded to 746 embedding
units

k-means K = 80 (exploratory fine-grained
resolution); n_init=10; random state 42
and 12

Hierarchy Ward linkage with Euclidean distance,
applied to the 80 k-means centroids

Hierarchy cuts Candidate cuts selected before prominent
successive increases in sorted Ward linkage
heights; the shared six-group resolution used
for cross-solution comparison

Interpretation Five centroid-nearest provisions per cluster,
selected by cosine similarity; duplicate
chunks from the same provision excluded

LLM gpt-5-mini; used only for post-hoc
semantic labels and summaries

EuroVoc English descriptors evaluated at the concept,
Domain, and Microthesaurus levels

4.2 Cross-Solution Correspondence and
Granularity

We assess global partition agreement using the Ad-
justed Rand Index (ARI; Hubert and Arabie, 1985)
and Normalized Mutual Information (NMI; Vinh
et al., 2010). Both metrics are invariant to cluster
numbering.

At the concept level, we compute an 80 × 80
cosine-similarity matrix between the RS42 and
RS12 centroids and apply the Hungarian algo-
rithm to obtain an optimal one-to-one alignment.
We additionally compare the memberships of the
matched clusters using Jaccard similarity.

The Hungarian-matched cluster pairs were cate-
gorized according to their centroid cosine similar-

ity.
For descriptive analysis, pairs with similarity

s ≥ 0.90 were categorized as high-similarity pairs,
those with 0.75 ≤ s < 0.90 as medium-similarity
pairs, and those with s < 0.75 as low-similarity
pairs.

The supplementary correspondence visualiza-
tion displays centroid pairs with s ≥ 0.70 to re-
tain secondary one-to-many and many-to-one corre-
spondences. This display threshold does not affect
the matching or candidate-selection analyses.

Membership Jaccard similarity was reported sep-
arately and was not used to assign these categories.

To identify directional split and merge candi-
dates, we examined the full centroid-similarity dis-
tribution of each cluster against the 80 clusters from
the other initialization. For each cluster, we cal-
culated the boundary margin between its highest
and second-highest similarities and the normalized
entropy of its softmax-normalized similarity distri-
bution (τ = 0.05).

We fixed τ = 0.05 to obtain concentrated corre-
spondence profiles and treated it as a fixed analysis
parameter rather than an optimized hyperparame-
ter.

A cluster was selected as a granularity-sensitive
candidate when its boundary margin was in the
lowest quartile and its normalized correspondence
entropy was in the highest quartile. Candidates in
the RS42-to-RS12 direction were treated as split
candidates, whereas those in the reverse direction
were treated as merge candidates.

These quartile-based criteria provide descriptive
candidates for further inspection rather than statis-
tically significant split or merge effects.

High-similarity pairs preserve strong centroid-
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level semantic correspondence between the two so-
lutions. Split and merge candidates have multiple
similarly plausible correspondences and are there-
fore treated as granularity-sensitive or boundary-
ambiguous. Low-similarity pairs exhibit weak
centroid-level semantic correspondence.

4.3 EuroVoc Alignment Analysis

External alignment with EuroVoc. We evalu-
ated the external semantic alignment of the learned
hierarchy against EuroVoc, a manually curated mul-
tilingual thesaurus for European policy and legal
information. The analysis was conducted at three
EuroVoc granularities: concepts, Domains, and
Microthesauri. Rather than treating EuroVoc as
ground-truth cluster labels, we used it as an exter-
nal reference taxonomy to examine whether the
learned clusters reproduced existing policy cate-
gories or captured relations spanning multiple tax-
onomy categories.

Concept-level alignment. EuroVoc concept la-
bels were encoded using the same Qwen3-
Embedding-8B model used to represent the reg-
ulatory documents.

For each k-means solution, we constructed an
embedding for every cluster at each hierarchical
level by averaging the centroids of its member
Level-80 clusters.

All learned centroids and EuroVoc concept em-
beddings were L2-normalized, and their cosine sim-
ilarity was calculated.

For each learned cluster, we retained the 20 most
similar EuroVoc concepts. Concept-level align-
ment was summarized using the highest similarity,
the mean similarity of the top five concepts, and the
minimum similarity among the top five concepts.
The top-20 similarities were converted into normal-
ized concept weights using a temperature-scaled
softmax. These weights were subsequently aggre-
gated to EuroVoc Domains and Microthesauri.

We compute cosine similarity using Equation 1
and normalize the top-20 similarities using Equa-
tion 2.

The cosine similarity between a learned cluster
centroid c and a EuroVoc concept embedding ej is
defined as

s(c, ej) =
c⊤ej

∥c∥2∥ej∥2
. (1)

The softmax-normalized weight assigned to con-
cept j is

wj =
exp(s(c, ej)/τ)∑︂

k∈Top20(c)
exp(s(c, ek)/τ)

. (2)

where τ is the temperature parameter.
For consistency with the cross-solution analysis,

we used the same fixed temperature, τ = 0.05,
and retained the top 20 concepts for each learned
cluster.

Domain-level alignment. Each selected Eu-
roVoc concept was mapped to its associated Eu-
roVoc Domain. When a concept belonged to mul-
tiple Domains, its concept weight was divided
equally among them to prevent duplicated weight
allocation. Domain weights were then summed and
normalized within each learned cluster to form a
Domain alignment profile.

Candidate-pattern analysis. The three continu-
ous measures—concept similarity, Domain purity,
and normalized Domain entropy—were used as the
primary alignment results. For qualitative candi-
date selection, we additionally defined four descrip-
tive patterns using within-granularity tertiles. Type
A represented high similarity, high purity, and low
entropy; Type B represented high similarity, low
purity, and high entropy; Type C represented low
similarity, low purity, and high entropy; and Type
D contained the remaining mixed cases. These
categories were used only to identify clusters for
further inspection and were not treated as ground-
truth classes.

Microthesaurus robustness analysis. To test
whether apparent Domain crossing was an artifact
of coarse Domain categories, we reaggregated the
same concept weights to EuroVoc Microthesauri.
We did not independently embed Microthesaurus
labels; therefore, the comparison preserved the
original concept-level evidence. Microthesaurus
purity and normalized entropy were calculated anal-
ogously to the Domain metrics.

Type B clusters that remained relatively low in
Microthesaurus purity and high in Microthesaurus
entropy were retained as persistent taxonomy-
crossing candidates. Type C clusters showing the
same pattern were categorized as weak-EuroVoc-
explanation candidates.

Candidate validation. Persistent candidates
were further evaluated through hierarchical dedupli-
cation, cross-seed distributional matching, and sen-
sitivity analyses. Nested candidates sharing at least
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80% containment of their Level-80 members were
treated as the same semantic branch. Cross-seed
recurrence was measured using weighted Jaccard
similarity between concept-weight distributions
and Jensen–Shannon similarity between Domain
and Microthesaurus profiles. The cross-seed corre-
spondence score was calculated as the arithmetic
mean of these three similarity measures. Robust-
ness was evaluated across top-k settings of 10, 15,
and 20 concepts and across three quantile-threshold
settings. Jensen–Shannon similarity is defined as
one minus Jensen–Shannon divergence computed
using base-2 logarithms (see Appendix E).

Experimental setting. Table 2 summarizes the
main experimental configuration.

5 Results

5.1 RQ1: Discovered Semantic Structures
The clustering produced 80 fine-grained candidate
concepts. Representative provisions associated
these clusters with regulatory subjects, actors, obli-
gations, and procedures, including high-risk AI
conformity obligations, battery product require-
ments, oversight of notified bodies, data-access
mechanisms, regulatory reporting, and investiga-
tion and enforcement procedures.

Ward clustering organized the 80 base clusters
into six broader semantic groups for each solution
as shown in Figure 1 and Table 3. Both solutions
exhibited recurring themes related to AI, batteries,
data governance, and regulatory oversight, along-
side cross-regulatory functional groups. Their hier-
archical organization differed: RS42 distinguished
digital and data regulatory governance from data
access and sharing, whereas RS12 contained two
broader cross-domain groups emphasizing regula-
tory implementation and enforcement.

For RS42, the six groups contained 28, 15, 6,
16, 6, and 9 base clusters, respectively. They were
labelled as legislative framing and cross-references;
battery governance and compliance; oversight of
notified bodies; AI-system compliance and supervi-
sion; digital and data regulatory enforcement; and
data access and sharing.

RS12 produced six groups containing 21, 23,
6, 18, 7, and 5 base clusters, respectively, with
different internal branch configurations.

The induced hierarchies exhibited both domain-
oriented groups combining regulatory subjects
and functions and cross-domain groups organized
around regulatory functions.

5.2 RQ2: Cross-Solution Correspondence and
Granularity

The RS42 and RS12 partitions achieved an ARI of
0.520 and an NMI of 0.830. Hungarian matching
between the 80 clusters produced a mean matched-
centroid cosine similarity of 0.943 and a median
similarity of 0.966. The mean membership Jaccard
similarity was 0.492.

Based on the centroid-similarity thresholds, 64
of the 80 Hungarian-matched cluster pairs (80.0%)
were categorized as high-similarity, 14 (17.5%)
as medium-similarity, and two (2.5%) as low-
similarity pairs.

The correspondence-distribution analysis identi-
fied 10 split and nine merge candidates with rela-
tively small boundary margins and high normalized
correspondence entropy. These candidates exhib-
ited multiple similarly plausible centroid-level cor-
respondences, suggesting potential differences in
local semantic boundaries or granularity rather than
confirmed membership-based splitting or merging.

The complete cross-seed correspondence among
all 80 base clusters is provided in Appendix G.

The observed difference between partition agree-
ment and centroid-level correspondence indicates
that similar cluster representations may be associ-
ated with different sets of embedding units across
the two solutions.

5.3 RQ3: EuroVoc Alignment
Mean top-five EuroVoc concept similarity in-
creased from 0.643 at the 28-cluster level to 0.663
at the six-cluster level for RS12, and from 0.643 at
the 23-cluster level to 0.678 at the six-cluster level
for RS42. At the shared six-cluster level, Domain
purity was 0.680 for RS12 and 0.669 for RS42,
while normalized Domain entropy was 0.301 and
0.303, respectively.

Excluding the single root cluster from each ini-
tialization, the analysis covered 114 cluster-level
instances.

Of these, 27 were classified as Type A, four as
Type B, 20 as Type C, and 63 as Type D.

Three of the four Type B instances also exhib-
ited relatively low purity and high entropy at the
Microthesaurus level. After hierarchical deduplica-
tion, these instances corresponded to two indepen-
dent branches. Their cross-seed correspondence
scores ranged from 0.831 to 0.864, and their ro-
bustness across top-k and threshold settings was
moderate.
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(a) RS42

(b) RS12

Figure 1: Six-group hierarchical semantic structures obtained from RS42 and RS12. Colored branches represent
Level-6 semantic groups, while gray branches connect different groups. Colors are aligned across panels according
to semantic correspondence rather than group identifiers.

Table 3: Level-6 semantic groups for RS42 and RS12. Group identifiers are initialization-specific; the number of
constituent Level-80 clusters is shown.

RS Group Domain Semantic label # Base
clusters

RS42: Level-6 hierarchy
42 G1 Cross-domain Legislative Framing, Cross-References and Transitional Provisions 28
42 G2 Battery EU Battery Regulatory Governance and Compliance 15
42 G3 Product compliance Governance and Oversight of Notified Bodies 6
42 G4 AI AI Systems Regulatory Compliance and Oversight Framework 16
42 G5 Digital and data EU Digital and Data Regulatory Governance and Enforcement 6
42 G6 Data EU Framework for Data Access, Sharing and Governance 9

RS12: Level-6 hierarchy
12 G1 Cross-domain EU Regulatory Implementation, Standardisation and Compliance Framework 21
12 G2 Battery Battery Lifecycle Governance and Compliance Framework 23
12 G3 Data Regulation of Data Access, Interoperability and Portability 6
12 G4 Cross-domain EU Regulatory Governance, Supervision and Enforcement 18
12 G5 AI AI Governance, Compliance and Oversight for High-Risk and Systemic Systems 7
12 G6 Product compliance Governance and Oversight of Notified Bodies 5
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6 Discussion

6.1 Mixed Domain and Regulatory-Function
Organization

The discovered hierarchy did not follow a single
organizing principle. Some branches were primar-
ily associated with regulatory domains, such as
AI systems and batteries, whereas others grouped
provisions according to cross-cutting functions, in-
cluding supervision, enforcement, compliance, and
data access. The embedding space therefore ap-
pears to organize provisions through a mixture of
domain and regulatory-function information.

This mixed organization is important because
individual provisions often express both what
is regulated and how regulation is implemented.
The learned hierarchy may therefore complement
domain-based legal taxonomies by making regu-
latory functions across different instruments more
visible.

The differences between RS42 and RS12 further
suggest that domain-specific and cross-regulatory
functional themes may be organized differently
across alternative clustering solutions.

6.2 Broad Cross-Solution Correspondence
and Local Granularity Sensitivity

While RQ1 identified recurring regulatory themes
across the two induced hierarchies, their differ-
ences in cluster composition and branch organiza-
tion motivate a closer examination of cross-solution
correspondence.

The cross-solution analysis reveals a distinction
between partition agreement and centroid-level se-
mantic correspondence. Although the two solu-
tions showed substantial centroid similarity, their
membership overlap was lower, indicating that se-
mantically similar cluster centroids may be associ-
ated with different sets of provisions.

The granularity-sensitive candidates provide a
more localized view of these differences. Their cor-
respondence profiles show that some clusters have
multiple similarly plausible centroid-level matches
across solutions. Such patterns may reflect dif-
ferences in semantic boundaries or granularity, al-
though centroid similarity alone cannot establish
whether a concept has been split or merged.

These findings suggest that broadly correspond-
ing semantic structures can coexist with local dif-
ferences in cluster membership and potentially in
semantic granularity. However, centroid-level cor-
respondence does not establish actual splitting or

merging, nor does it directly measure intra-cluster
semantic coherence. Further examination of clus-
ter memberships and representative provisions is
required to determine the semantic nature of the
identified candidates.

6.3 Partial EuroVoc Alignment Rather Than
Taxonomy Reproduction

Mean EuroVoc concept similarity was higher at the
six-cluster level than at the reported finer-grained
levels for both solutions. This does not necessar-
ily imply that broader clusters align with a single
EuroVoc Domain.

This difference suggests that EuroVoc and the
learned hierarchy emphasize different aspects of
legal semantics. EuroVoc primarily provides a
curated policy-subject organization, whereas the
learned structure groups provisions according to
semantic proximity in the regulatory corpus. Par-
tial alignment is therefore expected, but complete
taxonomy reproduction is neither observed nor re-
quired.

6.4 Cross-Taxonomy Relations and Scope of
Evidence

The two persistent candidate branches combined
concepts related to EU law, environmental policy,
and technology-oriented regulation, including ex-
tended producer responsibility, ecodesign, confor-
mity marking, and delegated regulation. Their po-
tential contribution lies not in identifying concepts
absent from EuroVoc, but in grouping existing con-
cepts along a regulatory-functional relation that
spans curated taxonomy boundaries.

Only two independent branches remained af-
ter hierarchical deduplication, and their robustness
across analysis settings was moderate. We there-
fore regard them as qualitative complementary-
structure candidates rather than confirmed novel
semantic categories. Stronger validation requires
expert assessment, article-level analysis, and exter-
nal baselines matched for semantic similarity and
hierarchical level.

7 Conclusion

We identified recurring regulatory semantic themes
and differences in hierarchical organization across
two K-means solutions. Cross-solution analysis
revealed broad centroid-level semantic correspon-
dence despite differences in cluster membership,
alongside candidate split–merge patterns suggest-
ing potential local granularity differences.
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Post-hoc EuroVoc alignment showed partial
agreement with established categories and iden-
tified two qualitative cross-taxonomy candidate
branches.

Future work will examine additional random
initializations and finer hierarchical resolutions,
using PCA, probabilistic mixture models, and
information-geometric approaches to investigate
the relationships among assignment variability,
semantic coherence, and granularity. Beyond
coherent cluster interiors, we will examine se-
mantic boundary regions and granularity-sensitive
branches where cross-solution correspondence be-
comes ambiguous and relationships among mul-
tiple regulatory concepts may emerge. This may
provide a more fine-grained understanding of se-
mantic organization in regulatory texts.

Limitations

The corpus is limited to 717 English-language pro-
visions from nine EU regulations, restricting gener-
alizability to other legal systems, document types,
and languages.

The selected regulations do not constitute a rep-
resentative sample of the EU legal framework as a
whole.

The cross-solution analysis compares only two
independently optimized K-means solutions. Be-
cause each solution was selected from 10 internal
initializations, the comparison does not provide a
distributional estimate of stability across random
initializations.

The choice of K = 80, the hierarchy-cut criteria,
and the fixed temperature τ = 0.05 may affect the
resulting semantic structures and correspondence
profiles. These settings were treated as exploratory
design choices rather than optimized hyperparame-
ters.

Centroid-level correspondence does not estab-
lish identical cluster membership, semantic inclu-
sion, or actual splitting and merging. Neither
intra-cluster semantic coherence nor downstream
retrieval effectiveness was evaluated. Further val-
idation requires additional random initializations,
cross-solution membership analysis, and indepen-
dent semantic assessment.

Ethics Statement

This study analyzes publicly available EU regula-
tory texts obtained from EUR-Lex. The dataset
consists of 717 provisions from nine EU regula-

tions and does not include private legal documents
or personal user data.

The proposed framework is intended for ex-
ploratory semantic analysis rather than automated
legal interpretation or decision-making. LLM-
generated cluster labels and summaries are used
only for post-hoc interpretation and do not consti-
tute independent validation of legal meaning.

The discovered semantic structures and their
alignment with EuroVoc may reflect limitations
or biases in the embedding model, the regulatory
corpus, and the interpretation process. In particular,
semantic similarity between regulatory provisions
does not necessarily imply equivalent legal mean-
ing, obligations, or applicability.

Consequently, the resulting clusters, labels, and
cross-regulatory relations should not be treated as
authoritative legal classifications or used as the sole
basis for legal or compliance decisions. Any prac-
tical application would require appropriate human
review and validation by qualified domain experts.
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Figure 2: Overview of the proposed framework. The same regulatory embeddings are used to construct two
independently optimized K-means solutions and their Ward hierarchies. The resulting structures are examined
through hierarchical semantic discovery (RQ1), cross-solution correspondence analysis (RQ2), and post-hoc
EuroVoc alignment (RQ3). LLM-generated labels and EuroVoc are not used during clustering.
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Table 4: Implementation and reproducibility details.

Component Implementation Configuration

Software libraries Python; NumPy; pandas;
Sentence-Transformers;
scikit-learn; SciPy

Python 3.12.13; NumPy 2.0.2; pandas 2.2.2; Sentence-Transformers
5.6.0; scikit-learn 1.6.1; SciPy 1.16.3.

k-means clustering sklearn.cluster.KMeans K = 80; n_init=10; random_state∈ {42, 12}. For each random
state, 10 internal initializations were performed, and the solution with
the lowest within-cluster sum of squares was retained. Initialization:
k-means++; maximum iterations: 300; tolerance: 10−4; algorithm:
lloyd.

Ward hierarchical
clustering

scipy.cluster.hierarchy.

linkage Ward linkage with Euclidean distance, applied to the 80 K-means
centroids without additional L2 normalization. Candidate hierarchy
cuts were selected before prominent successive increases in the sorted
Ward linkage heights.

Hungarian matching scipy.optimize
.linear_sum_assignment

An 80× 80 cosine-similarity matrix was constructed between the
RS42 and RS12 centroids. The Hungarian algorithm was applied to the
negative similarity matrix to obtain the one-to-one assignment
maximizing total centroid cosine similarity.

LLM interpretation OpenAI gpt-5-mini Five centroid-nearest provisions were used for post-hoc cluster
labeling and summarization. Each representative provision was
truncated to a maximum of 2,000 characters. The decoding
temperature was set to 0.0, and prompt version cluster_label_v2.0
was used. Other decoding parameters were not explicitly specified.
The generated outputs did not affect the embeddings, cluster
assignments, or hierarchy construction.

EuroVoc EU Publications Office English descriptors and hierarchy data retrieved through the EU
Publications Office SPARQL endpoint on 10 August 2026 (EuroVoc
graph 100141). No fixed release identifier was recorded.

B Prompt for Cluster Interpretation

The following prompt was used to generate post-
hoc semantic labels and summaries from the five
representative provisions nearest to each cluster
centroid. The generated outputs were used only for
interpretation and did not affect the embeddings,
cluster assignments, or hierarchy.

You are an expert in legal NLP, semantic clustering, and
European digital regulations.

Your task is to identify the central legal concept represented
by a semantic cluster of legal provisions.

The input consists of representative legal articles selected
from the centroid of one semantic cluster.

Please identify the shared legal meaning across the articles
rather than summarizing each article independently.

Requirements:

1. The label must represent the common legal concept.
2. The label should be a concise noun phrase.
3. Do not use sentence-style labels.
4. Prefer abstract legal concepts rather than document titles.
5. The summary should explain:

- the central legal concept,
- the regulated actors,
- the main rights, obligations, and procedures,
- how this cluster differs from related legal concepts.

6. Do not simply list keywords.
7. Use only the information contained in the representative

articles.

8. Return the result as valid JSON only.

Label Requirements:

- The English label must represent the shared legal concept.
- The English label must be a noun phrase containing 2 to 8
words.
- Avoid full sentences.
- Avoid overly generic labels such as Miscellaneous, Data, AI,
or Rights.
- Prefer concept-level labels such as User Data Access Rights,
AI Risk Management,

Environmental Sustainability Requirements, or Digital Market
Competition Rules.

Summary Requirements:

The English and Japanese summaries should each cover:
1. The central legal concept.
2. The regulated actors.
3. The main rights, obligations, and procedures.
4. The distinction from related semantic clusters.

Key Concept Requirements:

- Return between 3 and 6 key concepts.
- Each concept must contain 1 to 4 words.
- Use legal or regulatory concepts.
- Avoid document titles.
- Avoid repeating the cluster label.

Confidence Requirement:

Provide a confidence score between 0 and 1.
The score represents how consistently the representative
articles describe one shared legal concept.
It does not represent factual correctness.

Semantic Scope:
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Describe the concept range covered by the cluster.

Semantic Boundary:
State briefly what the cluster includes and excludes.
Do not claim exclusions that cannot reasonably be inferred from
the supplied representative articles.

C Chunking Configuration and
Input-Length Statistics

The Qwen3-Embedding-8B tokenizer was used
to measure input lengths. Provisions exceeding
1,500 tokens were segmented by prioritizing legal-
structure boundaries, with a target chunk length of
1,024 tokens and a maximum of 1,500 tokens.

A token-based fallback with 128-token overlap
was available for units that could not be segmented
within the maximum length using legal-structure
boundaries.

Of the 717 original provisions, 16 were split,
producing 746 embedding units. The maximum
original provision length was 6,199 tokens. The
resulting embedding units had a mean length of
423.47 tokens, a median of 333.50 tokens, and an
interquartile range of 158.25–607.75 tokens. Their
lengths ranged from 8 to 1,449 tokens.

D Evaluation Metrics and Candidate
Selection

This appendix provides the mathematical defi-
nitions of the evaluation metrics and candidate-
selection criteria used in the cross-solution analysis
described in Section 4.2.

Let X = {x1, . . . , xN} denote the set of N =
746 embedding units, and let U and V denote the
cluster assignments obtained from RS42 and RS12,
respectively. Both solutions contain K = 80 clus-
ters.

D.1 Global Partition Agreement

We evaluate global partition agreement using the
Adjusted Rand Index (ARI) and Normalized Mu-
tual Information (NMI).

Adjusted Rand Index. ARI measures agreement
between two partitions by comparing pairwise co-
membership, adjusted for chance:

ARI(U, V ) =
RI(U, V )− E[RI]
max(RI)− E[RI]

, (3)

where RI denotes the Rand Index.

Normalized Mutual Information. NMI mea-
sures the shared information between two cluster
assignments:

NMI(U, V ) =
2I(U ;V )

H(U) +H(V )
, (4)

where I(U ;V ) denotes mutual information, and
H(U) and H(V ) denote the entropies of the re-
spective cluster assignments.

Both metrics are invariant to permutations of
cluster identifiers.

The analysis uses the same 746 embedding units
in both solutions, aligned by their unique identi-
fiers.

D.2 Centroid Correspondence and
Membership Overlap

Centroid cosine similarity. Let c42i and c12j de-
note the centroids of clusters i and j in the RS42
and RS12 solutions, respectively.

Their cosine similarity is defined as

Sij =
(c42i )⊤c12j

∥c42i ∥2∥c12j ∥2
. (5)

We construct an 80×80 cosine-similarity matrix
to evaluate cross-solution centroid correspondence.

Hungarian matching. An optimal one-to-one
correspondence between the two sets of centroids
is obtained by solving

π∗ = argmax
π∈SK

K∑︂

i=1

Si,π(i), (6)

where SK denotes the set of permutations of
K = 80 cluster indices.

The mean matched-centroid similarity is

Smatched =
1

K

K∑︂

i=1

Si,π∗(i). (7)

Membership Jaccard similarity. Let Ai and
Bπ∗(i) denote the sets of embedding-unit identi-
fiers assigned to a matched pair of clusters.

Their membership overlap is defined as

Ji =
|Ai ∩Bπ∗(i)|
|Ai ∪Bπ∗(i)|

. (8)

The mean membership overlap is

J =
1

K

K∑︂

i=1

Ji. (9)
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Centroid similarity measures the proximity of
cluster representatives in the embedding space,
whereas Jaccard similarity measures agreement in
cluster membership.

Hungarian matching is performed using centroid
cosine similarity. Membership Jaccard similarity is
calculated separately and does not affect the match-
ing.

D.3 Centroid Similarity Categories

For descriptive analysis, Hungarian-matched clus-
ter pairs are categorized according to their centroid
cosine similarity s:

Category(s) =

⎧
⎪⎨
⎪⎩

High, s ≥ 0.90,

Medium, 0.75 ≤ s < 0.90,

Low, s < 0.75.
(10)

These thresholds describe centroid-level corre-
spondence and do not establish general clustering
stability or semantic coherence.

D.4 Granularity-Sensitive Correspondence
Metrics

For each cluster, we examine its cosine similarities
to all K = 80 clusters in the other solution.

Let

s(1) ≥ s(2) ≥ · · · ≥ s(K) (11)

denote the sorted similarities.

Boundary margin. The boundary margin is de-
fined as

M = s(1) − s(2). (12)

A small margin indicates that the two highest-
ranked centroid correspondences have similar
cosine-similarity values.

Softmax-normalized correspondence weights.
We transform the centroid similarities into a nor-
malized distribution:

pj =
exp(sj/τ)

K∑︂

k=1

exp(sk/τ)

, (13)

where the temperature parameter is fixed at τ =
0.05.

Normalized correspondence entropy. The en-
tropy of the correspondence distribution is defined
as

H(p) = −
K∑︂

j=1

pj log pj . (14)

We normalize the entropy by its maximum value
for K possible correspondence targets:

Hnorm(p) =
H(p)

logK
. (15)

Higher normalized correspondence entropy indi-
cates a more dispersed similarity-based correspon-
dence profile.

This measure describes the distribution of cen-
troid similarities and should not be interpreted as a
direct measure of uncertainty about legal meaning.

Effective number of matches. As an auxiliary
descriptive measure, we compute

Neff = exp(H(p)). (16)

This quantity represents the entropy-equivalent
number of correspondence targets under the soft-
max distribution.

Granularity score. An additional auxiliary score
is calculated from the relative similarities of the
second- through fifth-ranked correspondence tar-
gets:

G =
1

4

5∑︂

r=2

s(r)

s(1) + ϵ
, (17)

where ϵ = 10−12.
The score summarizes how closely the next four

correspondence similarities approach the highest
similarity.

Effective matches and the granularity score are
auxiliary descriptive measures and are not used in
the final split/merge candidate-selection rule.

D.5 Directional Split and Merge Candidate
Selection

We identify granularity-sensitive candidates using
the boundary margin and normalized correspon-
dence entropy.

For each direction, a cluster is selected when
both conditions hold:

Mi ≤ Q0.25(M) (18)
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and

Hnorm,i ≥ Q0.75(Hnorm), (19)

where Q0.25 and Q0.75 denote the first and third
quartiles of the corresponding metric distributions.

The criteria are applied independently in both
directions.

Candidates identified in the RS42-to-RS12 di-
rection are referred to as split candidates, whereas
candidates identified in the RS12-to-RS42 direc-
tion are referred to as merge candidates.

These criteria identify clusters with multiple sim-
ilarly plausible centroid correspondences.

The resulting candidates are descriptive indica-
tors of potential granularity sensitivity or corre-
spondence ambiguity.

They do not establish actual membership-based
splitting or merging, statistically significant gran-
ularity differences, or general clustering stability
across random initializations.

E Jensen–Shannon Similarity

Let P and Q denote two normalized EuroVoc Do-
main or Microthesaurus alignment profiles, defined
over the union of their category identifiers.

We define their mixture distribution as

M =
P +Q

2
. (20)

The Jensen–Shannon divergence is

JSD(P,Q) =
1

2
DKL(P∥M) +

1

2
DKL(Q∥M),

(21)
where

DKL(P∥M) =
∑︂

i:Pi>0

Pi log2
Pi

Mi
. (22)

Following the implementation, we convert diver-
gence into similarity as

SJS(P,Q) = 1− JSD(P,Q). (23)

The similarity ranges from 0 to 1, with higher
values indicating greater agreement between the
two alignment profiles.

F EuroVoc Alignment Metrics

For each learned cluster c, EuroVoc concept
weights were aggregated at the Domain level and
normalized to form a Domain alignment profile.
Let Sc,d denote the aggregated weight assigned to

Type Similarity Purity Entropy
A High High Low
B High Low High
C Low Low High
D Other Other Other

Table 5: Descriptive EuroVoc alignment patterns. High
and low values are defined using within-granularity up-
per and lower tertiles, respectively. Type D contains
cases that do not satisfy the criteria for Types A–C.

Domain d. The normalized Domain weight is de-
fined as

PD(d | c) = Sc,d∑︁
d′ Sc,d′

. (24)

Domain purity measures the concentration of the
alignment profile on its most strongly represented
Domain:

PurityD(c) = max
d

PD(d | c). (25)

Normalized Domain entropy measures the dis-
persion of the alignment profile across Domains:

HD,norm(c) =
−∑︁

d PD(d | c) logPD(d | c)
logD

,

(26)
where D denotes the number of EuroVoc Do-

mains represented in the corresponding alignment
profile. Lower entropy indicates concentration on
a smaller number of Domains, whereas higher en-
tropy indicates a more distributed Domain profile.

For qualitative analysis, clusters were catego-
rized into four descriptive alignment patterns us-
ing within-granularity tertiles of mean top-five Eu-
roVoc concept similarity, Domain purity, and nor-
malized Domain entropy. Table 5 summarizes the
criteria.

G Additional Hierarchy Visualizations
and Cross-Solution Correspondence

Figures 3 and 4 show additional intermediate hier-
archy cuts for RS42 and RS12, respectively. These
visualizations complement the shared six-group
resolution reported in Section 5.1.

Figure 5 visualizes cross-solution centroid corre-
spondences among all 80 base clusters. It supple-
ments the aggregate partition agreement, matched-
centroid similarity, and membership-overlap results
reported in Section 5.2.
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Figure 3: Dendrogram showing the nine-group intermediate hierarchical structure for RS42. Colored branches
represent the nine groups at the selected cut.

Figure 4: Dendrogram showing the ten-group intermediate hierarchical structure for RS12. Colored branches
represent the ten groups at the selected cut.
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Figure 5: Cross-solution semantic correspondence between the 80 base clusters obtained with RS42 and RS12. Lines
connect centroid pairs with cosine similarity s ≥ 0.70. This display threshold retains secondary correspondences
potentially associated with one-to-many and many-to-one patterns and is not used in the matching or candidate-
selection analyses.
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