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Abstract

Navigating extensive legislative corpora is often impeded by the linguistic complexity
inherent in legal texts. To address this, we present a novel topic representation learning
method designed to facilitate the systematic exploration of legislative content. We demon-
strate the efficacy of this approach by applying it to the vast corpus of Italian legislation
comprising about 74 k laws with more than 300 k articles. While current topic models
group documents by latent semantic similarity, they often lack the granularity required
for precise navigation. Our approach augments these representations by integrating our
topic modeling framework with multi-label profiles. We enrich the representation of indi-
vidual laws by extracting and ranking the top 10 keywords based on their relevance to the
enclosing topic, subsequently aggregating these rankings to construct a comprehensive, al-
ternative description of the broader legal themes. By bridging latent semantic clusters with
explicit, LLM-generated labels, this method yields a highly interpretable representation of
the corpus, significantly enhancing the profiling and navigability of complex legislative
content. We improve over our baseline representation in 74.67% of cases, showing potential
for re-use in highly specialized text corpora.

Keywords: topic modeling; unsupervised learning; augmented representation; multi-label
assignment legislative corpus; Italian legislation

1. Introduction
The systematic exploration and analysis of ever-growing legislative corpora present

a formidable challenge for legal scholars, practitioners, and the general public. These
collections of documents, such as the vast corpus of Italian legislation, are characterized
by significant linguistic complexity, the use of technical jargon, and a continuous tem-
poral evolution that reshapes legal language and concepts over time [1]. While digital
archives, common ontologies [2], and knowledge graphs [3,4] have improved access to legal
texts, navigating these extensive repositories to identify thematic trends, retrieve relevant
documents, and understand the structure of legal discourse remains a significant challenge.

Current computational approaches, particularly topic modeling, have shown promise
in organizing large textual corpora by identifying latent semantic structures [5–7]. These
models group documents based on shared vocabulary and underlying themes, offering a
high-level overview of the content. However, they often produce representations that lack
the necessary granularity and interpretability for precise analysis and navigation of the
corpus. The traditional output of topic models—a list of keywords—may not fully capture
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the nuanced concepts within legal documents, thereby limiting their practical utility in the
legislative domain.

To address these limitations, we introduce a novel topic representation learning
method that enriches each topic’s representation by extracting fine-grained labels from
documents and aggregating them by relevance. Our approach integrates the state-of-the-art
topic modeling framework “Topics Evolution That You See” (TETYS) [8] with multi-label
profiles generated by Large Language Models (LLMs). We first apply this framework to
the extensive corpus of the Italian Republic legislation, spanning from 1948 to the present
day, to generate foundational thematic clusters. Subsequently, we enrich the representation
of each law by extracting descriptive labels and ranking them according to their relevance
to the law’s enclosing topic. These individual rankings are then aggregated to construct a
comprehensive and highly interpretable profile for each of the initially identified topics.

By bridging—on the one hand—the gap between the latent clusters of documents and—
on the other hand—explicit, semantically rich labels, our method produces a navigable and
insightful representation of the legislative corpus. The main contributions of this paper are
as follows.
• We adapt a domain-agnostic topic modeling pipeline to the complex and linguistically

characterized domain of Italian legislation.
• We develop a method for enriching individual law representations by ranking LLM-

generated labels based on their relevance to the document’s assigned topic, enhancing
metadata granularity.

• We aggregate the individual rankings associated with law labels to construct topic
profiles, providing an alternative and highly interpretable description of legal themes.

• We run a comprehensive qualitative and quantitative evaluation of our approach,
demonstrating its efficacy in improving the profiling and navigability of complex
legislative content.
Section 2 reviews relevant literature and prior approaches. Section 3 details the

materials and the methodological pipeline, including data extraction, topic modeling, and
the label augmentation process. Section 4 presents the results obtained by applying our
method to the Italian legislative corpus. Section 5 provides a thorough evaluation of the
generated topic representations. Finally, Section 6 summarizes our findings and suggests
avenues for future research.

2. Background and Related Work
Topic modeling includes a suite of methods for discovering latent thematic struc-

tures in large text corpora. These methods primarily consist of unsupervised learning
techniques. Early and influential approaches, such as Latent Dirichlet Allocation (LDA)
and Non-Negative Matrix Factorization (NMF) [9], are probabilistic models that represent
documents as mixtures of topics, where each topic is a distribution over words [10]. While
foundational, these are essentially “bag-of-words” models that do not capture the contex-
tual nuances of language. The evolution of the field has led to the development of neural
topic models that leverage text embeddings and clustering [11]. A state-of-the-art example
is BERTopic [12], which utilizes transformer-based embeddings to cluster documents based
on their semantic meaning rather than mere word co-occurrence. TETYS [13], originally
developed to work on COVID-19-related scientific abstracts [14] and applied to investigate
Sustainable Development Goals [8], evolved as an extension of BERTopic, specifically incor-
porating LLMs for embedding generation and utilizing self-tuning characteristics that allow
managing massive corpora from complex domains with varying characteristics. In this
work, we extend TETYS, targeting the challenges of a new application domain (Section 2.1)
and exploiting the potential of LLMs (Section 2.2).
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2.1. Topic Modeling in the Legislative Domain

The legal field has become a significant application area for topic modeling, as re-
searchers seek to analyze judicial proceedings, legislative trends, and legal scholarship.
Basic approaches such as LDA and NMF have been employed to explore political and
parliamentary debate [15–17] or legal documents [18,19] in different languages.

BERTopic has also been adapted to this domain. For instance, Silveira et al. [20]
customized the BERTopic pipeline to analyze U.S. Supreme Court decisions, using a
domain-specific LEGAL-BERT model to generate embeddings and treating individual
paragraphs as units of analysis to allow for multi-topic assignments within a single doc-
ument. Aguiar et al. [21] proposed building thematic models for classifying Brazilian
lawsuits using BERTopic. Finally, Didwania et al. [22] conducted a cross-country study
applying BERTopic, alongside LDA and NMF, to legislative documents from India and the
United Kingdom to unveil thematic content.

Altogether, these studies confirm the utility of modern topic modeling techniques
for extracting meaningful patterns from legal texts. However, most of them still employ
outdated methods and all of them conclude with the generation of topics represented by
lists of keywords, without further steps to refine their interpretability or integrate them
with other forms of structured metadata. An organic extension of topic descriptions is a
novel objective of this work.

2.2. Augmenting Topic Models with LLMs

While the aforementioned works demonstrate the power of topic discovery, our
research addresses a critical next step: enhancing the usability and interpretability of the
generated topics.

Traditional approaches like LDA provide interpretable topic–word distributions but
often fail to capture semantic relationships between words. Neural approaches, such
as the Spherical Embedded Topic (SET) model [23] and NMTF-LTM [24], address this
limitation but often sacrifice interpretability. For complex structures, GNN-based neural
topic models [25,26] have been developed to maintain interpretability while leveraging
network connectivity and graph-based sampling strategies.

The emergence of LLMs has clearly opened up new possibilities, offering both superior
semantic understanding and high interpretability, although often requiring significant
computational resources. Recent work demonstrates that LLMs can serve as an alternative
to traditional topic modeling approaches, offering improved semantic understanding and
topic coherence [27]. Frameworks like TopicGPT [28] produce highly interpretable topics
with natural language labels, and DeTiME [29] combines LLMs with diffusion models
to generate coherent topics and topic-based text. Recent advancements have also shown
the potential of LLMs to generate high-quality metadata, such as descriptive labels or
summaries for legal documents [30].

Considering the computational challenge, recent work favors efficient hybrid models,
coupling embeddings from lightweight pretrained language models with targeted LLM
usage for key tasks, like topic representation and evaluation [31]. In our work, we em-
ploy parameter-efficient LLMs (up to 7B parameters) for embedding and enhancing the
representation of topics.

2.3. Grounding in the Current Literature

The legislative domain presents very specific aspects, including highly technical jargon,
long, convoluted grammar structures, and hierarchical, unbalanced distribution of matters.
These call for streamlined approaches for lightweight exploratory tasks.
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On the one hand, these aspects have not been considered by works presented
in Section 2.1, not targeting rich topic representations that easily support further ex-
ploration. On the other hand, this need is quite specific, and it is not surpris-
ing that existing frameworks (although quite advanced in topic model augmentation
proposals—see Section 2.2) have not been crafted toward a legislative text-specific case.

Our proposal is to use LLM-generated labels, appropriately ranked, to extend topic
and law representations. Methodologies to represent labels in topics were surveyed some
years ago [32], with considerable advancements since LLMs have been introduced in the
process [31,33]. We have been inspired by milestone methodologies of advanced topic
modeling, incorporating elements from entropy-based literature [34] and vector-space-
based approaches [35]. Our approach combines these ideas to build a framework that
satisfies the peculiar needs of the legislative domain.

All in all, our main contribution stands in the composition of different techniques to
reach a semantically richer and informative topic representation. We do not contrast our
results to specific frameworks as comparable approaches do not exist in the literature.

3. Materials and Methods
Our methodology extends TETYS [8], a fully automated topic modeling pipeline. Until

now, its efficacy has only been shown in text corpora of scientific publications [36]. These
have quite different characteristics and terminology w.r.t. the Italian legislative language
we aim to analyze. First, we adapted the pipeline for the new specific domain. Then, we
extended it with a representation–augmentation step, aimed at decorating topics with a
roster of descriptive, domain-specific, and highly interpretable labels—note that labels also
serve to enrich the metadata of single laws. To achieve this, our methodology follows the
multi-stage pipeline shown in Figure 1.

Figure 1. Ranked multi-label augmented topic modeling pipeline for legislative text. Modules in
purple are specific to the multi-label topic augmentation. It begins with the extraction of the legislative
corpus, followed by the generation of descriptive labels for each document using a fine-tuned LLM.
We then employ an adapted topic modeling framework to identify latent thematic clusters. Finally,
our augmentation technique, which leverages these clusters to rank the LLM-generated labels, creates
enriched profiles for both individual laws and the broader topics they constitute.

3.1. Legislative Corpus and Data Preparation

The dataset employed contains the complete corpus of the Italian legislation from
1948 to 2025, extracted from the Knowledge Graph of Italian Legislation [30]. The corpus
includes 74,184 documents, each representing a single law with its associated articles and
corresponding texts. As characterizing features, the texts have a considerable average total
length (850 words), average single-sentence length (>20 words), and linguistic complexity.
The dataset includes Latin expressions, highly technical terminology (e.g., ‘contumacia’),
and context-specific formulations whose meaning diverges from common usage (e.g., ‘buon
padre di famiglia’, a legal and old-fashioned term to refer to the main person who represents
their family, not used in current language) [1].
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Data extraction was performed by querying the graph database to retrieve the full text
for each law. The raw text underwent a preprocessing phase to prepare it for topic modeling.
This included standard text cleaning, such as removing symbols and special characters.
Moreover, we implemented a two-tiered stopword removal process: First, a standard list
of Italian stopwords was applied, followed by a custom-curated list of domain-specific
stopwords (e.g., ‘legge’ (law), ‘articolo’ (article), ‘decreto’ (decree)) that are highly frequent
but offer little semantic value for thematic differentiation. Finally, all texts were lemmatized
using the it_core_news_lg model from spaCy [37] to normalize word forms.

3.2. Extraction of Labels from Laws

To create descriptive labels for each law, we implemented a label extraction method-
ology [30]. We used a fine-tuned Mistral-7B model to identify and extract a concise list
of descriptive keywords (labels) from the titles and contents of each law. The model was
fine-tuned on a dataset generated using a larger LLM (Mixtral-8x22B) with few-shot
prompting, followed by heuristic filtering and lemmatization to ensure high-quality, nor-
malized labels. This step provides a set of multi-label descriptors for every document in
the corpus, serving as the foundation for our augmentation procedure.

3.3. Topic Modeling Framework

The topic modeling approach embedded in the pipeline stems from the TETYS frame-
work [8], which is built upon the BERTopic library [12]. This framework identifies topics in
the latent embedding space after dimensionality reduction and clustering.

Document Embedding. Our strategy to handle the specific linguistic characteristics of
Italian legal text diverges from the standard SBERT models [38] of BERTopic. We employed
the gte-Qwen2-7B-instruct model [39] to generate dense vector representations (embeddings)
of 3584 dimensions for each preprocessed document. At the time of writing (March 2026),
this model achieves a reasonable compromise between performance and efficiency for
clustering, as documented in the Multilingual Leaderboard of the Massive Text Embedding
Benchmark [40].
Clustering and Topic Identification. The high-dimensional embeddings were first reduced
using Uniform Manifold Approximation and Projection (UMAP) [41] to preserve both local
and global data structures. Subsequently, Hierarchical Density-Based Spatial Clustering
of Applications with Noise (HDBSCAN) [42] was applied to the reduced embeddings to
identify dense clusters of semantically similar documents. Each resulting cluster represents
a distinct topic. In the first run, we obtained 515 topics.
Topic Representation and Post-Processing. Each topic is initially represented by a list of
the most relevant words, calculated using a class-based TF-IDF (c-TF-IDF) variant (see [12]).
This method treats all documents within a cluster as a single composite document and
identifies terms that are characteristic of that topic. To enhance interpretability, we used the
KeyBERTInspired algorithm to refine these representations, ensuring keyword diversity
and relevance. A hyperparameter optimization search, guided by the Density-Based
Clustering Validation (DBCV) score [43], was conducted to select the optimal UMAP and
HDBSCAN parameters. Furthermore, to address the issue of an initially large number of
semantically similar topics, we performed a topic reduction step, merging the most similar
clusters based on the cosine similarity of their c-TF-IDF vectors. This reduced the number
of topics from 515 to a more distinct and manageable set of 300, significantly increasing
topic diversity. The ranges and optimal parameters applied in this process are reported in
Table 1.
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Quantitative Assessment. To quantitatively assess the topic model in terms of diver-
sity and coherence, we adopted four additional metrics, as implemented in the OCTIS
library [44]. Topic diversity measures how varied the top words across all topics are (closer
to 1 is better) [45]. Inversed RBO evaluates topic distinctiveness within a single model
by calculating the reciprocal of Rank-Biased Overlap (RBO) [45]. CV Coherence uses a
variant of Non-Pointwise Mutual Information (NPMI) with a weighted sliding window to
measure how semantically related the top words in a topic are [46]. UMass coherence is an
asymmetric measure that calculates the log ratio of the co-document frequency of word
pairs against the document frequency of a single word, estimating the degree of semantic
coherence based on co-occurrence in the corpus [46].

Table 1. Parameters, their corresponding ranges for the random search space, and the values found
for the highest DBCV score.

Parameters Ranges Optimal Value

umap_n_neighbors [2, 5, 7, 10, 15, 20, 30] 30

umap_min_dist [0.0] [0.0]

umap_n_components [5, 10, 15, 20, 30] 20

hdbscan_min_samples [5, 10, 15, 20, 30] 30

hdbscan_min_cluster_size [5, 10, 15, 20, 25] 10

hdbscan_cluster_selection_method [“eom”, “leaf”] “eom”

hdbscan_metric [“euclidean”] “euclidean”

3.4. Multi-Label Augmentation of Topics

The core novelty of our method lies in augmenting the topic model’s output by
integrating LLM-generated labels. This process operates at two levels: enriching metadata
of individual laws and creating new representations for topics.

Alignment of Labels and Topics for Individual Laws. For each law, we leverage a set
of unordered labels and an assigned topic, which is described by a list of weighted-by-
relevance keywords (commonly referred to as subtopics). To create a relevance-based
ranking of the labels, we first embedded both the labels and the subtopics using the same
lightweight LLM used in the previous modules of the pipeline, i.e., gte-Qwen2-7B-instruct,
(which also includes support for Italian). We then constructed a cosine similarity matrix
between the labels and the top 10 subtopics of the law’s parent topic, as shown in Figure 2.
The labels were then ranked iteratively by selecting the label with the highest similarity
score, removing it from consideration, and repeating the process until all labels are ordered.
This yields a fine-grained, ranked profile for the content of each law, as exemplified in
Figure 3.
Aggregating Label Rankings for Topics. To create an alternative, label-based representa-
tion for each topic, we aggregated the ranked label lists of all laws within that topic. We
treated each law’s ranked list as a ballot and employed a rank aggregation algorithm to
find a consensus ranking. Specifically, we used the Sequential Winner algorithm with a
Plurality Score [47], where in each round the label appearing most frequently at the top of
the unranked lists is selected. This process generates a final, aggregated ranking of the top
10 most representative labels for the entire topic, providing a complementary and highly
interpretable description of its core theme.
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Law L

Label 1 Label 2 Label 3 . . . Label j . . . Label m

Subtopic 1 k1,1 k1,2 k1,3 . . . k1,j . . . k1,m

Subtopic 2 k2,1 k2,2 k2,3 . . . k2,j . . . k2,m

Subtopic 3 k3,1 k3,2 k3,3 . . . k3,j . . . k3,m

. . . . . . . . . . . . . . . . . . . . . . . .

Subtopic i ki,1 ki,2 ki,3 . . . ki,j . . . ki,m

. . . . . . . . . . . . . . . . . . . . . . . .

Subtopic n kn,1 kn,2 kn,3 . . . kn,j . . . kn,m

Figure 2. Similarity matrix produced for the alignment of labels and topics for a generic law L. Each
ki,j is the value of the cosine similarity between the embedding vectors of the Subtopic i and the
Label j.

Law L

Rank Label

1 Label a = argmaxj,1(ki,j)

2 Label b = argmaxj,2(ki,j)

3 Label c = argmaxj,3(ki,j)

. . . . . .

m Label s = argmaxj,m(ki,j)

Figure 3. Final ranking produced for the alignment of labels and topics for a generic law L. As in
Figure 2, each ki,j is the value of the cosine similarity between the embedding vectors of the Subtopic
i and the Label j.

4. Results
Here, we present the outcomes of the proposed multi-label-augmented topic modeling

pipeline, when applied to the Italian legislative corpus. We first detail the characteristics of
the preliminary topic model, then describe the improved model resulting from our topic
reduction process, and finally showcase the enriched representations generated by our label
ranking and aggregation method. The overall execution took about 200 min for the modules
described in Section 4.1; ∼100 s for the post-processing in Section 4.2; and ∼10 min for the
modules described in Section 4.3) on a node of a High-Performance Computing cluster
equipped with four NVIDIA Ampere A100 64 GB GPUs, a single-socket 32-core Intel Xeon
Platinum 8358 CPU, and 512 GB of RAM.

4.1. Preliminary Topic Model

The initial application of our adapted topic modeling framework yielded a model with
515 topics. The optimal parameters selected via random search resulted in a DBCV score of
0.527. This preliminary model achieved a CV coherence of 0.77 and a topic diversity score
of 0.425, indicating reasonably coherent but somewhat redundant topics. A significant
portion of the documents (24,435) were assigned to “Topic-1”, which usually—in BERTopic
models—collects outliers (noisy documents that do not contain enough information to be
positioned within other thematic clusters). In this case, it primarily contained documents
of a highly bureaucratic or specific nature that precluded clear thematic classification.

In particular, it primarily comprises three types of documents: (i) highly bureau-
cratic texts, such as administrative provisions, procedural regulations, or notifications of
expired decrees (e.g., ‘Decaduto’); (ii) extremely short and specific legislative acts whose
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unique content—such as specific financial grants to individual entities—prevents associ-
ation with broader thematic clusters; and (iii) documents potentially misclassified due
to residual noise in the model. Due to this lack of thematic unity and its function as a
“catch-all” for non-interpretable items, the topic was excluded from the subsequent detailed
qualitative analyses.

Despite the high number of topics, many were thematically coherent. For exam-
ple, Topic 6 effectively grouped 693 laws related to the military, with representative
subtopics such as ‘esercito’ (army), ‘militare’ (military), and ‘ufficiale’ (officer). Similarly,
Topic 7 captured 614 laws concerning fiscal matters, described by subtopics like ‘imposta’
(tax), ‘reddito’ (income), and ‘tributario’ (tributary). However, manual inspection and analy-
sis of the hierarchical clustering tree revealed significant semantic overlap between many
topics. For instance, multiple distinct topics were generated for regulations concerning
the Catholic Church, all sharing highly similar subtopics like ‘chiesa’ (church), ‘parrocchiale’
(parochial), and ‘giuridico’ (legal), indicating a need to reduce the number of topics.

4.2. Post-Processed Topic Model

To address redundancy in the preliminary model, a post-processing step for topic re-
duction was performed, merging semantically similar clusters to produce a final model with
300 topics. This reduction preserved the overall cluster structure (DBCV score remained
0.527) while substantially improving the model’s quality according to our evaluation met-
rics. As shown in Table 2, topic diversity increased significantly from 0.425 to 0.567, and the
UMass coherence score improved from −0.842 to −0.7. The CV coherence saw a negligible
decrease to 0.754, confirming that the reduction process enhanced topic distinctiveness
without sacrificing internal coherence.

Table 2. Comparison of evaluation metrics before and after the topic reduction step, demonstrating a
significant improvement in topic diversity.

Metric Preliminary Model Post-Processed Model

CV Coherence 0.770 0.754

UMass Coherence −1.842 −0.700

Topic Diversity 0.425 0.567

Inversed RBO 0.990 0.994

The final model produced highly specific and interpretable topics. The intertopic dis-
tance map of the final model confirmed greater separation between clusters compared to the
preliminary version, indicating a more distinct and navigable thematic structure. A relevant
portion of the map can be inspected in Figure 4, where only the two primary components
of the UMAP projection are plotted; word clouds of the 20 largest topics support domain
interpretation, with several well-separated semantic clusters. For instance, Topic 5 focused
on military personnel and ranks, Topic 8 on medical faculties and specializations, Topic
10 on post-war land reform and colonization in central Italy (specifically the Maremma
region), and Topic 12 on taxation and fiscal declarations. Even when specific subtopics
(i.e., keywords) are in common in multiple word clouds (e.g., ‘parrocchia’ in Topics 1, 3, 7),
other subtopics provide different context (i.e., referring to the recognition of parochial
jurisdiction, the union of parishes, or the construction of new ceremonial buildings).
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Figure 4. Portion of the intertopic distance map for the post-processed model, with word clouds for
the 20 largest topics.

4.3. Augmented Law and Topic Representations

After the post-processing, we applied the last step of our method. For each law, we
obtained a ranked list of labels, providing a more granular description w.r.t. an unordered
set of keywords. For each topic, instead, we obtained a ranked multi-label representation
of augmenting keywords that preexisted in the corpus of the topic.

Ranked Label Profiles for Individual Laws. For example, within Topic 5 (Military), a 1988
decree concerning the recall of military personnel for training (DECRETO DEL PRESIDENTE
DELLA REPUBBLICA 17 febbraio 1988, n. 39, i.e., “Decree of the President of the Re-
public February 17, 1988, No. 39”) received the ranked labels: (1) ‘esercito’ (army); (2)
‘militare’ (military); (3) ‘addestramento’ (training); (4) ‘aggiornamento’ (update); (5) ‘difesa’
(defense). This ranking accurately reflects the document’s primary focus, moving from the
general domain to the specific actions legislated. Similarly, a 1986 law modifying the statute
of the University of Naples medical school (Topic 8) was assigned the labels: (1) ‘medicina’
(medicine); (2) ‘università’ (university); (3) ‘studente’ (student), prioritizing the core subject
over the institutional context.
Aggregated Label Profiles for Topics. By aggregating the individual law rankings, we
constructed the multi-label profile for each of the 300 topics. These aggregated profiles
often provided a more intuitive and holistic description of a topic’s content than the default
c-TF-IDF subtopics, since they are not constrained to words already contained in the
original laws, but can rely on more meaningful and conceptual keywords extracted by an
LLM. Figure 5 shows four example topics with, side-by-side, (i) the original word cloud
representation and (ii) the new aggregated ranking.
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Topic 5 - "Military"
Ranked LabelsDefault Subtopics

1. militare
2. ufficiale
3. sottufficiale
4. ruolo
5. corpo
6. avanzamento
7. esercito
8. guardia
9. armato

10. arma

Topic 8 - "Reform of School of Medicine"
Ranked LabelsDefault Subtopics

1. chirurgia
2. medicina
3. scuola
4. laurea
5. università
6. specializzazione
7. istruzione
8. statuto
9. corsi

10. insegnamento

Topic 10 - "Land Reform"
Ranked LabelsDefault Subtopics

1. colonizzazione
2. terreno
3. maremma
4. territorio
5. fucino
6. espropriazione
7. proprietà
8. occupazione
9. comune

10. pubblicazione

Topic 12 - "Wages and Taxes"
Ranked LabelsDefault Subtopics

1. tributario
2. imposta
3. fiscale
4. valore
5. tassazione
6. dichiarazione
7. reddito
8. riscossione
9. imporre

10. finanza

Figure 5. Baseline word clouds of representations alongside their new ranked profiles.

For Topic 5 (Military), the aggregated ranking, that is (1) ‘guardia’ (guard), (2) ‘militare’
(military), (3) ‘sottufficiale’ (non-commissioned officer), emphasizes the focus on personnel
and ranks, achieving a more specific representation of personnel management than the
subtopic list. For Topic 8 (Reform of School of Medicine), the aggregated ranking is topped
by ‘medicina’ (medicine)—also prominent in the word cloud—but it also integrates ‘laurea’
(degree) and ‘specializzazione’ (specialization). These terms, alongside ’università’ (univer-
sity), now fifth, capture the specific academic and certification requirements of medical
reform that are sometimes less distinct in basic word cloud representations. For Topic
10 (Land Reform), the aggregated ranking is topped by (1) ‘colonizzazione’ (colonization),
(2) ‘terreno’ (land/terrain), (3) ‘Maremma’ (Maremma region), and (4) ‘espropriazione’ (ex-
propriation), directly highlighting the key legal action central to the topic, a nuance not as
prominent in the subtopic representation. For Topic 12 (Wages and Taxes), there is strong
agreement on ‘tributario’ (tax-related), ‘imposta’ (tax), and ‘fiscale’ (tax-related/fiscal), which,
together, constitute the most specific and representative terminology for this legal domain
in Italian. These results suggest that the aggregated label rankings serve as a powerful,
human-interpretable summary of the core legislative themes within each topic.

5. Evaluation
To validate the efficacy and added value of our multi-label augmentation approach,

we designed a comprehensive evaluation framework. On one side, we compare the value
of the metrics presented in Section 3 (e.g., coherence, diversity) across different studies, to
assess the structural quality of the topic model. On the other side, we run an evaluation
to measure the semantic and qualitative improvement of our final topic representations;
we adopt a quantitative methodology using an LLM as a proxy for human judgment,
complemented by statistical analysis to ensure the robustness of our findings.

5.1. Topic Coherence Reference Values for the Legal Domain

We compared the structural quality of our model against the findings of [22], who
applied LDA, NMF, and BERTopic to legislative documents from India and the UK. Their
evaluation, utilizing CV and UMass coherence, was performed on three specialized datasets
on Indian judgments, Indian legal summaries, and British Supreme Court cases.

The choice to adopt cross-national studies as a benchmark is motivated by the shared
structural and linguistic complexity inherent to large-scale legislative corpora, regardless
of jurisdiction. Legal texts are universally characterized by specialized terminology and
dense, hierarchical organizations that present identical challenges for automated thematic
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extraction. To the best of our knowledge, no previous state-of-the-art approach has been
evaluated on the entire Italian legislative corpus for this specific task. Consequently,
our work represents the first attempt to provide a baseline for the Italian domain. By
benchmarking against established results from diverse legal systems, such as those in [22],
we aim to demonstrate the robustness and generalizability of our framework in handling
the universal intricacies of legal data.

We observe in Table 3 that our model obtained similar CV coherence to the best results.
Furthermore, our model achieved better UMass coherence, which is a noteworthy finding
given that our analysis utilizes a significantly larger corpus, a factor that typically tends to
skew UMass scores downward.

Table 3. Topic coherence scores for different models in India and the UK [22] versus our post-
processed model for Italian laws.

Country Model Cv Coherence Umass Coherence

India

LDA 0.596 −1.03

NMF 0.763 −1.915

BERTopic 0.781 −1.846

UK

LDA 0.526 −0.91

NMF 0.732 −0.915

BERTopic 0.769 −1.554

Italy (ours)
BERTopic 0.770 −0.842

TETYS 0.754 −0.70

5.2. Qualitative Evaluation Framework: LLM-as-a-Judge

We adopted the “LLM-as-a-Judge” paradigm [48] to conduct a scalable, human-like
assessment of our model’s output. For this purpose, we utilized Google’s Gemini Pro 2.5
model [49]. The evaluation was performed on all 299 meaningful topics (i.e., excluding the
residual Topic 1).

To ensure the robustness of these automated judgments, we implemented specific
mitigation strategies to address known cognitive biases inherent in LLM evaluators, as
categorized by Yu et al. [50]. Specifically, we identified three primary concerns, position
bias, verbosity bias, and self-enhancement bias, which we addressed in the following ways:

• Position bias: To prevent the LLM from favoring responses based on their order
of appearance, we employed a randomized swapping mechanism. The two inputs
(baseline and our method) were positioned randomly to avoid placing the baseline
always before the proposed method’s output.

• Verbosity bias: Recognizing that LLMs often equate length with quality, we evaluated
lists of the same length and we checked that the number of tokens was uniform across
all topics’ prompts.

• Self-enhancement bias: Given that Gemini Pro was used as the evaluator, there was
a risk of it favoring outputs that mirror its own stylistic patterns. To mitigate this,
we utilized LLMs from other providers trained following different guidelines, like
Alibaba’s Qwen for topic modeling and our previously fine-tuned Mistral model for
label extraction. This was also useful to reduce the risk of preference leakages [51]
across all our experimental setups.

For each topic, the LLM was presented with the preprocessed text of five randomly
selected laws belonging to that topic. It was then given two distinct ordered lists of
descriptive terms: List 1 (Subtopics), representing the baseline representation, consisting of
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the top 10 keywords generated by the standard c-TF-IDF method; List 2 (Ranked Labels),
as our proposed representation, consisting of the top 10 labels from the aggregated ranking.
The LLM was tasked with answering four questions to compare the two lists:
• QSubtopics: Does the first list (subtopics) adequately and consistently describe the

provided laws? (YES/NO)
• QLabels: Does the second list (ranked labels) adequately and consistently describe the

provided laws? (YES/NO)
• QComparison: Does the second list describe the laws better than the first, considering

overall relevance to the topic? (YES/NO)
• QScore: Assign a score from 1 (no contribution) to 7 (maximum contribution) reflecting

how much the second list improves the description of the topic compared to the first.
The first three questions aim to assess the adequacy of the baseline and our method,

and accept binary answers. The last question asks the LLM to perform a direct comparison
between the quality of the two representations using a 7-point Likert scale. This scale runs
from 1 (indicating there is no improvement in the topic representation) to 7 (indicating the
multi-label profile strongly improves the topic’s representation), with 4 representing no
perceptible difference in quality.

All results were manually re-checked by a collaborator of our group, an expert in
legislative data management, validating the LLM’s judgment.

The collected feedback allowed for a direct comparison of the interpretability and
semantic relevance of our augmented representations against the baseline topic modeling
output, as presented in the two following sections.

5.3. Analysis of LLM Judgments

The LLM-as-a-Judge experiment yielded clear and statistically significant results
demonstrating the tangible advantage of the multi-label-augmented representations.

Overall, the LLM judged both representations to be of high quality, affirming the
validity of the underlying topic model. The subtopic list was deemed adequate in 70.00%
of cases, while the ranked label list was considered adequate in 90.67% of cases. Indeed,
when asked for a direct comparison, the LLM showed a clear preference for our method.
As shown in Table 4, the ranked labels were judged to be a better description of the topic in
74.67% of cases.

Table 4. Results of the LLM-as-a-Judge evaluation, on the top in percentages and on the bottom in
absolute values.

Response QSubtopics QLabels QComparison
(Adequate) (Adequate) (Labels Better)

NO 30.00% 9.33% 25.33%
YES 70.00% 90.67% 74.67%

NO 90 28 76
YES 210 272 224

The scoring question (QScore) provided further evidence of the significant contribution
of our method. The mean score across all topics was 4.62 out of 7, with a median of
5, indicating a substantial improvement over the baseline. A breakdown of the scores
reveals a compelling trend: in cases where the ranked labels were preferred, the median
improvement score was 5 (“significant contribution”). In the minority of cases where
they were not preferred, the median score was 3 (“minor contribution”), indicating that
even when not superior, our method produces representations of comparable quality to
the baseline.
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5.4. Statistical Validation

To ensure the statistical validity of these findings, we conducted further tests on the
LLM’s responses. A McNemar test was performed to compare the proportions of “YES”
answers for QSubtopics and QLabels. The resulting p-value of 1× 10−6 (p < 0.01)) indicates that
there is a statistically significant difference in the proportions of adequacy of the two lists.
This finding suggests that our method has a significant advantage in quality with respect
to the baseline.

Furthermore, we fitted a logistic regression model to determine if the responses
to QSubtopics and QLabels could predict the outcome of QComparison. The model yielded a
highly significant result (Odds Ratio of QLabels = 35.765 ≫ 1), confirming a strong predictive
relationship. This demonstrates that the perceived quality of the two lists directly influences
the preference judgment.

Finally, an analysis of cases where the baseline subtopics were deemed inadequate
(79 topics) showed that our ranked labels provided a satisfactory and preferred descrip-
tion in 77 of those instances (97.47%). This highlights the robustness of our method, as
it offers a substantial improvement precisely when the traditional topic representation
is weakest. In summary, the comprehensive evaluation confirms that our multi-label-
augmented approach yields a more interpretable, relevant, and preferred representation of
legislative content.

6. Conclusions
Navigating the vast and complex landscape of legislative corpora requires sophisti-

cated tools that can distill intricate legal texts into coherent, interpretable, and navigable
thematic structures.

In this paper, we introduced a novel method, ranked multi-label-augmented topic modeling,
designed to address the limitations of traditional topic models in the legislative domain
on large-scale datasets. By combining latent topic representations with explicit, LLM-
generated multi-label profiles, our approach produces a significantly enriched and more
intuitive framework for legislative content profiling.

First, we successfully adapted and applied a state-of-the-art topic modeling pipeline
to the challenging corpus of Italian legislation, demonstrating its effectiveness in a linguisti-
cally distinct and complex domain. Then, we developed a novel methodology to augment
these latent representations by creating ranked, relevance-based profiles for individual laws.
This was achieved by leveraging the semantic context of a law’s parent topic to organize its
associated labels, transforming a flat set of keywords into a structured, granular description.
Finally, by aggregating these individual rankings, we constructed comprehensive and
nuanced topic profiles that serve as a powerful alternative to standard keyword-based
topic descriptors, enriching topics’ representation for other prospective use.

The evaluation of our method, conducted through a state-of-the-art LLM-as-a-Judge
framework, confirmed its efficacy. Our augmented representations were found to be
preferable to traditional subtopic lists in almost 75% of cases, providing a substantial
improvement in semantic clarity and relevance. This approach proved particularly valuable
in instances where baseline topic representations were weak, highlighting its robustness
and practical utility. This evaluation was designed to provide first-level feedback on
whether this kind of topic augmentation would provide useful results. While the outcome
was indeed promising, we plan to run extensive evaluations in the future.
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A limitation of this work lies in the handling of a large, heterogeneous cluster of docu-
ments (Topic -1) that could not be thematically resolved. In future developments, we plan on
mitigating this by implementing iterative re-ranking strategies or semi-supervised “outlier-
reduction” passes to redistribute these documents into more specialized sub-clusters. Fur-
thermore, we intend to explore hierarchical classification strategies to better parse highly
bureaucratic or domain-specific texts that currently resist standard semantic segmentation.

Regarding the broader outcome of this research, we advocate for a responsible and
sustainable implementation of AI-driven legislative tools. In accordance with the European
Union Artificial Intelligence Act, which classifies tools supporting the search and interpre-
tation of legislative documents as high-risk, we ensure high standards of transparency and
auditability. Our modular, step-by-step pipeline allows for the monitoring and verification
of results at each stage—from latent topic modeling to label augmentation—ensuring the
system does not operate as a “black box.” To this end, our methodology mitigates the risk
of LLM hallucinations by using a frequentist approach (TF-IDF) as a baseline; by grounding
the AI-generated labels in the actual statistical distribution of the corpus, we ensure that
the augmented representations remain faithful to the source text. Since our methodology
performs AI-driven knowledge management on a corpus of enacted laws rather than
political discourse or parliamentary debates, the risk of ideological bias is significantly
minimized; the task remains one of structural organization rather than opinion synthesis.
Finally, to ensure environmental sustainability, further research will focus on optimizing
the inference efficiency of the underlying LLMs, reducing the computational footprint
required for large-scale legal processing without compromising semantic accuracy.

In conclusion, our research demonstrates that bridging latent semantic structures with
explicit, structured metadata yields a highly effective representation of complex textual
corpora. The proposed method not only enhances the interpretability of topic models
but also lays the groundwork for future information retrieval systems and practically
relevant analytical dashboards for legislative data. As an example, we foresee its inclusion
in platforms such as LegisSearch [52], enhancing the search and retrieval in complex linked
datasets. By enabling more precise and intuitive exploration of legal content, this work
offers a valuable artifact for legal scholars, policymakers, and citizens seeking to understand
the intricate fabric of law.
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Abbreviations
The following abbreviations are used in this manuscript:

DBCV Density-Based Clustering Validation
HDBSCAN Hierarchical Density-Based Spatial Clustering of Applications with Noise
LDA Latent Dirichlet Allocation
LLM Large Language Model
NMF Non-Negative Matrix Factorization
NPMI Non-Pointwise Mutual Information
RBO Rank-Biased Overlap
TETYS Topic Evolution That You See
TF-IDF Term Frequency–Inverse Document Frequency
UMAP Uniform Manifold Approximation and Projection
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