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Preface to the CLiC-it 2025 Proceedings

Cristina Bosco?, Elisabetta Jezek?, Marco Polignano® and Manuela Sanguinetti

"University of Torino
2University of Pavia
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*University of Cagliari

The Italian Conference on Computational Linguistics
(CLiC-it) is the yearly conference organized by the As-
sociazione Italiana di Linguistica Computazionale (Italian
Association of Computational Linguistics, AILC). Its main
goal is to promote and spread original and high-quality
research on the diverse aspects concerning the automatic
processing of natural language, both spoken and written.
The eleventh edition of CLiC-it took place in Cagliari,
from the 24th to the 26th of September 2025.

In line with previous editions, submissions to the con-
ference could be of two types: regular papers, featuring
original and unpublished contributions, and non-archival
research communications, consisting of papers accepted
in 2024 and 2025 by major publication venues, namely
the major international Computational Linguistics (CL)
conferences (workshops excluded) or international jour-
nals. Regular paper submissions were assigned to thir-
teen Senior Program Chairs based on the general area
that covered the paper’s topic. Paper assignments to re-
viewers were managed individually by the single Senior
PCs, though resorting to a global pool of 151 available
reviewers. We have received 138 submissions of regular
papers, hitting once more the record number of submis-
sions even compared to the previous edition in 2024,
where regular papers submitted were 133. This confirms
the vitality and growth of the Italian Computational Lin-
guistics community. Along with regular papers, we also
received 22 research communications. Among the reg-
ular submissions, 113 were accepted for presentation at
the conference, resulting in a 81.8% acceptance rate, with
respect to the 85.7% rate of CLiC-it 2024. Out of these,
55 were accepted as oral presentations and 58 as posters.
After the author notification was sent, 4 papers were
withdrawn by the authors themselves. As a result, the
conference featured a total of 55 oral presentations and
54 posters. Finally, of the 22 research communications
submitted — a clear sign of the vitality and quality of the
research carried out within the community - 14 were
included for poster presentation in a dedicated session.

CLiC-it 2025: Eleventh Italian Conference on Computational Linguis-
tics, September 24 — 26, 2025, Cagliari, Italy

& cristina.bosco@unito.it (C. Bosco); elisabetta.jezek@unipv.it
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The selection was not based on an additional review pro-
cess, but rather on the venue of publication. Even in
this case, two research communications were withdrawn
after the notification, hence 12 posters were presented at
the conference.

The program also included two keynote talks, by
Karen Fort (University of Lorraine) and Edoardo Maria
Ponti (University of Edimburgh/NVIDIA):

« Karen Fort gave a talk titled "Large Language
Models: the challenge of evaluation”: In the past
five years or so, Natural Language Processing has
witnessed a revolution. Not only have Large Lan-
guage Models (LLM) submerged the domain, but
they also invaded our societies: our systems now
have real users and an impact on their lives. This
dramatic change happened so fast that we -the
research community- are still trying to catch up,
especially concerning the evaluation of the real ca-
pabilities of these tools. In this presentation, I'll
show what are the flaws of the present LLMs’ eval-
uation and how ethics is a powerful leverage to
improve it.

the talk by Edoardo Maria Ponti was titled "A
Blueprint for Foundation Models with Adaptive
Tokenization and Memory": Foundation models
(FMs) process information as a sequence of inter-
nal representations; however, the length of this se-
quence is fixed and entirely determined by tok-
enization. This essentially decouples representation
granularity from information content, which exac-
erbates the deployment costs of FMs and narrows
their “horizons” over long sequences. What if, in-
stead, we could free FMs from tokenizers by mod-
elling bytes directly, while making them faster than
current tokenizer-bound FMs? To achieve this goal,
T'will show how to: 1) learn tokenization end-to-end,
by dynamically pooling representations in inter-
nal layers and progressively learning abstractions
from raw data; 2) compress the KV cache (mem-
ory) of Transformers adaptively during generation
without loss of performance; 3) predict multiple
bytes per time step in an efficient yet expressive
way; 4) retrofit existing tokenizer-bound FMs into
byte-level FMs through cross-tokenizer distillation.



By blending these ingredients, we may soon witness
the emergence of new, more efficient architectures
for foundation models.

One session of the conference was devoted to a dis-
cussion with Paola Merlo, conceived as a space for crit-
ical discussion on key areas of research in the fields of
Computational Linguistics and Natural Language Pro-
cessing, with a focus on both theoretical developments
and applied scenarios within these disciplines. The dis-
cussion took place in an interview format. With the aim
of promoting active and inclusive participation, a call
for interest was launched, open to all interested partic-
ipants - with a special focus on young researchers - to
collect questions in advance to be addressed to Paola
Merlo during the interview.

The conference was also preceded by a tutorial held
by Sandro Pezzelle (University of Amsterdam) titled
"Language-and-vision models: From image-language align-
ment to storytelling and narration". The tutorial aimed
at providing an accessible yet in-depth overview of
language-and-vision models, ranging from traditional
modular pipelines to the latest end-to-end pre-trained
systems (VLMs). The tutorial introduced foundational
concepts and architectures, then focusing on recent ap-
proaches and evaluation challenges.

AILC also renewed its support to the Emanuele Pi-
anta Award for the Best Master’s Thesis defended at any
Italian university between August 1st 2024 and July 31st
2025, and addressing a topic in computational linguistics
or its applications. This year we received 9 candidate
theses for the award. Of these, 2 were not further consid-
ered for evaluation due to incomplete submission. The
candidate theses were evaluated by a jury composed of a
current chair of CLiC-it, specifically Elisabetta Jezek was
designated for this role, a co-chair of the past edition, i.e.
Rachele Sprugnoli (University "Cattolica del Sacro Cuore"
of Milan), and a further member of the AILC Board, i.e.
Danilo Croce (University "Tor Vergata" of Rome). The
winner was awarded by the members of the jury during
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Abstract

This paper presents the integration of a new textual resource—the Papal Encyclicals corpus—into the LiLa: Linking Latin
Knowledge Base. The inclusion of three recent Encyclicals authored by Pope Francis (Lumen Fidei, Laudato si’, and Fratres
omnes) significantly enriches the LiLa Knowledge Base by extending its chronological coverage and introducing contemporary
Latin vocabulary. The linking process involved automatic tokenisation, part-of-speech tagging, and lemmatisation using the
LiLa Text Linker, followed by manual validation and disambiguation. The newly added lemmas fall into three categories:
Latinized anthroponyms and toponyms, ethnic adjectives, and neologisms. These lexical additions reflect both a modernising
trend in Vatican Latin and diverse morphological and semantic processes, including borrowing, calquing, and analogy-based
reconstruction. The resource also opens avenues for analysing the stylistic and rhetorical features of Papal Encyclicals as a

genre.
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1. Introduction

1.1. LiLa

LiLa (Linking Latin) is a Linked Open Data (LOD) Knowl-
edge Base (KB).'LiLa has been built to foster interoper-
ability across textual and lexical resources for Latin [1].
The LiLa KB relies on two primary components:

« the Lemma Bank,’a collection currently compris-
ing approximately 230,000 Latin lemmas (canon-
ical citation forms of lexical items) published as
LOD;’

« several language resources for Latin published
as LOD and interconnected through the Lemma
Bank, including corpora, lexica, and dictionaries.*

The LiLa KB employs several ontologies to represent
both the data and metadata of the interlinked linguistic
resources, such as POWLA for corpus data [2], OLiA for
linguistic annotation [3], and Ontolex-Lemon for lexical
data [4]. LiLa is an open-ended Knowledge Base: as new
resources are integrated, the Lemma Bank is expanded.
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Lexical resources are linked to the Lemma Bank by con-
necting their lexical entries to their canonical forms. The
single word occurrences (tokens) in textual resources
are connected to the corresponding lemma in the LiLa
Lemma Bank.

1.2. Papal Encyclicals

Among the textual resources in LiLa, a recent addition is
the Papal Encyclicals corpus, which comprises pastoral
letters dealing with Catholic doctrine written by Popes
to Roman Catholic bishops.” In its first release, the cor-
pus includes three encyclicals written by Pope Francis,
namely Lumen Fidei (LF), Laudato si’ (LS) and Fratres
omnes (FO).° LF was published in 2013 and explores faith
as a divine light illuminating human existence. LS was
published in 2015 and advocates for a holistic response to
ecological crises. FO was published in 2020, and pleads
for universal fraternity and social friendship in the pur-
suit of a just and peaceful society. The source of the Latin
text is their digital version on the Vatican site.” The in-
tegration of this resource enhances the coverage of the
texts included in the LiLa Knowledge Base, extending
both the chronological range and the diversity of textual

Thttp://lila-erc.eu

Zhttp://lila-erc.eu/data/id/lemma/LemmaBank

3The collection of lemmas in the Lemma Bank originates from LEM-
LAT 3.0, a morphological analyzer [5].

“The list of resources interlinked in LiLa is available at https://lila-erc.
eu/data-page/.

Shttp://lila-erc.eu/data/corpora/PapalEncyclicals/id/corpus.

At the moment of writing, the encyclical Dilexit nos, published in
2024, was not available.

"https://www.vatican.va/content/francesco/la/encyclicals.index.
html#encyclicals.



Table 1
Tokens per letter

LF
LS
FO

Table 2
Match results per letter

1:1

LF
LS
FO

11,507
25,351
26,225

total

17,051

35,801

36,611

1:N 1:0

1,251 3,058
1,688 1,744
1,346 1,407

genres represented. Moreover, the addition of this corpus
not only expands the Lemma Bank with new lemmas but
also enables the study of lexical innovation strategies
employed to express modern concepts in Latin.

2. Linking

2.1. Linking

The initial phase of the linking process involved the acqui-
sition of plain-text versions of the three texts, retrieved
from the official Vatican website. Collectively, these texts
comprise 89,463 tokens, including punctuation and nu-
merical elements associated with verse numbering and
biblical references.

Tokenisation, sentence segmentation, part-of-speech
(PoS) tagging, and lemmatisation were carried out auto-
matically using the LiLa Text Linker—an NLP tool specif-
ically designed for Latin. Table 1 displays the number of
tokens per letter, excluding punctuation and numbering.
Developed as part of the user-oriented services provided
by LiLa [6], the Text Linker not only performs linguistic
annotation but also establishes links between the anno-
tated output and corresponding entries in the Lemma
Bank. For PoS tagging and lemmatisation, the system
relies on a UDPipe model trained on customised data.
The linking procedure operates as follows: whenever the
lemmatisation of a token yields a lemma-PoS pair that ex-
actly matches a corresponding entry in the LiLa Lemma
Bank, the system returns the URI of the matched lemma.
These cases are referred to as 1:1 matches. In instances
where the same lemma-PoS combination corresponds to
multiple entries in LiLa, the system returns all relevant
URIs, constituting 1:N matches. Conversely, when no
entry in the Lemma Bank corresponds to the lemma-PoS
pair produced during lemmatisation, the system returns
no URL These instances are classified as 1:0 matches. The

output of this task is in Table 2.

Inevitably, the output of the lemmatisation process was
not definitive. The accuracy of the 1:1 matches amount
to around 97%. However, in certain cases, incorrect URIs
were assigned.” One common source of error was the lem-
matiser’s assumption that any word beginning with a cap-
ital letter should be classified as a proper noun (PROPN).
As a result, nouns occurring at the beginning of a sen-
tence were sometimes misclassified, leading to erroneous
matches when a proper noun homograph exists for a
regular noun (e.g., Amor, the Roman god of love, versus
amor, the common noun for ‘love’). Another frequent
error involved the lemmatisation of quod, which was uni-
formly tagged as a pronoun (PRON), despite its potential
to function as a subordinating conjunction (SCON]) or
determiner (DET), depending on its syntactic role in the
sentence. Similarly, quam was consistently tagged as a
subordinating conjunction (SCON]), although it could
also serve as a pronoun (PRON) or a determiner (DET).
Errors can arise for various reasons. As a result, the lem-
matisation output was subjected to systematic manual
review and correction by trained annotators, as well as
disambiguation of 1:N matches.” Some of the one-to-zero
matches also resulted from errors in lemmatisation or
tokenisation. In particular, it was necessary in all in-
stances to segment tokens containing enclitics, such as
-que, -ne, and -ue, in order to enable accurate matching.
For example, in tokens like socialemque ‘and (something/
someone) social’, eritne ‘will it be’, licetne ‘is it allowed’,
and practicumue ‘or (something) practical’, proper token
splitting was required so that appropriate URIs could be
assigned to both the first token (noun, verb, or adjective)

8Manual intervention was required in approximately 3% of the 1:1
matches subset.

°For an explanation of why 1:N matches regularly arise in the process
of linking a textual resource to the LiLa LB, see the detailed report
on how homography was handled during the integration of the
LASLA corpus into the LiLa Knowledge Base [7, pp. 30-31].



and to the enclitic.

3. Papal Encyclicals in LilLa:
Adding New Lemmas

Following the disambiguation process, several lemmas
remain unlinked to LiLa, as they are not yet represented
in the Knowledge Base. A thorough analysis of the 1:0
match types is necessary before considering their inclu-
sion in the Lemma Bank. A subset of these unmatched
lemmas corresponds to non-Latin words, which are not
intended to be integrated into the Knowledge Base. These
include: non-Latinized anthroponyms, such as Nietzsche,
Dostoevskij (LF), King, and Al-Tayyeb (FO); words translit-
erated into the Latin alphabet from other languages,
e.g., emiinah from Hebrew or didachés from Greek (LF);
acronyms such as DNA, OGM (LS); and compound words
joined by a hyphen or other special characters, such as
Deo-Amen (LF) or Rio+20 (LS).

In addition, a specific subset of the 1:0
matches—consisting of orthographic variants, di-
alectal forms, or alternative spellings of standardized
forms—required targeted handling. In accordance
with the OntoLex model used in LilLa, these cases
have been incorporated as written representations
(ontolex:writtenRep) of existing lemmas already
present in the Lemma Bank [8, p. 69]. Specifically, these
cases result from greater accuracy in transliteration from
Hebrew (Bethlehem, LF; Hillel, FO), from the gemination
of the sibilant in the toponym Assisium (FO; present in
the Lemma Bank as Asisium), from the abandonment
of a more Hellenising or archaic spelling of Babilonia
(LS; listed in the Lemma Bank as Babylonia), and from
a different graphical representation of the consonant
cluster [ks] in exstraneus (FO; found in the Lemma Bank
as Extraneus). These examples may reflect a modernising
tendency in Latin spelling practices adopted by the
Vatican, possibly aimed at aligning Latin orthography
more closely with modern Italian spelling conventions
(cf. Assisi, Babilonia, Estraneo). The same tendency will
be noted again in later parts of the analysis.

The lemmas that have been added to the LiLa Knowl-
edge Base, on the other hand, can be classified into three
main categories.

The first category of lemmas added to the Lemma Bank
includes Latinised anthroponyms and toponyms. Among
the anthroponyms are Desmondus, Martinus Luterus, Ire-
naeus (FO), Ludouicus (LF), the patronymic Aligherius
(LS), Teresia, and Bonauentura (LS, LF). These figures,
cited in the Encyclicals, can play one of two roles: that
of auctoritas or exemplum. In the case of Dante Alighieri,
Saint Bonaventure, Saint Irenaeus, and Ludwig Wittgen-
stein, Pope Francis primarily refers to their words and
works to support his arguments. For example, he cites

Canto XXXIII of Dante’s Paradiso, particularly the verse
“I'amor che move il sole e 'altre stelle”, to emphasise that
“God’s love is the fundamental moving force in all cre-
ated things” (LS, 77)."° Similarly, he references Wittgen-
stein’s Vermischte Bemerkungen, where the philosopher
discusses the “connection between faith and certainty”
(LF, 27), and Irenaeus of Lyon’s Adversus haereses, partic-
ularly the passage that uses the metaphor of melody to
explain how different sounds can come from the same
composer, just as each of us comes from the same Cre-
ator (FO, 58). By contrast, Desmond Tutu, Martin Luther
King Jr., Mother Teresa of Calcutta, and Saint Thérése of
Lisieux serve as exempla to be emulated: for their acts
of universal brotherhood despite religious differences,
their faith in suffering, and their daily gestures of love
and peace. As for toponyms, the category includes Aus-
tralia, Columbia, Corea, Croatia (FO), and Zelandia (LS),
all appearing in the genitive case following episcopi, as
well as Congus (LS) and Hiroshima (FO), cited respec-
tively as examples of the importance of preserving land
and biodiversity, and of the moral imperative not to for-
get historical tragedies to which “we must never grow
accustomed or inured” (FO, 248).

The second category consists of ethnic adjectives. Of
the 15 instances found, 12 appear for the first time in
the encyclical Laudato si’, two in Fratres omnes, and only
one in Lumen fidei. From a derivational morphological
perspective, these adjectives can be divided into three
main types. The largest group (10 lemmas) consists of
denominal adjectives derived from a toponym with the
suffix -ensis (Basileensis, LS), including its extended form
-iensis (Canadiensis, LS), a suffix typically used in Latin
for forming ethnic adjectives [9, p. 439]. The second
group includes Apparitiopolitanus, Boliuianus, Paragua-
ianus (LS), Nazarethanus (LS, FO), and Bonaeropolitanus
(FO), formed with the equally canonical suffix -anus [9,
p- 410]. A further distinction, intersecting with the pre-
viously discussed category of Latinized toponyms, con-
cerns the nature of the geographical names from which
these adjectives are derived. Some are adapted borrow-
ings (*Basilea from Basileensis), while others seem to be
structural calques [10, pp. 118, 122], such as *Flumenian-
uarius (from Flumenianuariensis, “of the city of Rio de
Janeiro”, LS). Some of these calques may undergo an addi-
tional morphological process, i.e. compounding with the
Greek lexeme polis, resulting in forms like *Apparitiopolis
(from Apparitiopolitanus, “of the city of Aparecida”, LS)
and *Bonaeropolis (from Bonaeropolitanus, “of the city
of Buenos Aires”, FO). Morphologically, the adjectives
belong either to the second declension with two endings
(first group) or to the first declension (second group),
depending on the suffixation process. Semantically, the

10The text of this and other encyclicals is available in sev-
eral languages at: https://www.vatican.va/content/francesco/it/
encyclicals.index.html.



adjectives occur in different contexts: some appear in
the genitive plural linked to episcopi (6); others refer to
cities where documents, declarations, or environmen-
tal agreements were signed (4); two are characteristic
attributes of female saints. Bonaeropolitanus refers to
the positive influence of Jewish culture in Rio de Janeiro,
while Nazarethanus, in both instances, occurs in the fem-
inine form, dependent on familia.

The final category of new lemmas linked to the Lemma
Bank consists of neologisms. The introduction of new
lexical units into the inventory of a language can occur
not only through internal resources and mechanisms,
but also by drawing on elements from other languages,
either through borrowing or calquing [11, p. 281]. In the
present case, the linguistic influence is unidirectional,
from Italian to Latin, which is unsurprising, given that
Italian, although descended from Latin, is a living lan-
guage with an active speaker community, unlike Latin.
However, what is particularly noteworthy is that some of
the Italian terms themselves are the result of interference
from other languages. These layers of influence have
contributed significantly to the enrichment of the Latin
lexicon recorded in the LiLa Knowledge Base. Across the
three encyclicals of Pope Francis under consideration,
234 neologisms have been identified, though they are not
evenly distributed. In the first and shortest encyclical
(see Table 1), Lumen Fidei, 32 neologisms appear for the
first time. In the second, Laudato si’, 126 new formations
are attested. Finally, in the third and longest encyclical,
Fratres omnes, 76 neologisms are recorded.

Before proceeding with the analysis of this final cat-
egory, a preliminary methodological clarification is re-
quired. In 1992, the Libreria Editrice Vaticana published
the Lexicon Recentis Latinitatis (hereafter LRL), a lexicon
that translates into Latin “many new words introduced
by this era”, generated “while preserving the norms of
philology and the character of the Latin language”.'" This
lexicon was fundamental for aligning word forms in the
Encyclicals with the corresponding correct lemma. How-
ever, its application has also revealed the need for up-
dates. Of the 234 lemmas analyzed, 145 are attested in
the LRL. The remaining 89 were manually reconstructed
by observing the word forms in their textual context.
In some cases, reconstruction was straightforward; in
others, it was not possible to determine the lemma with
certainty. In these cases, the principle of analogy was
applied. For instance, among the 36 neologisms formed
with the suffix -ismus, half are found in the LRL. Of the
remaining 18, only four appear in the nominative case.
For the other 14, given the absence of modifying adjec-
tives that could disambiguate gender (and therefore the
case, which might otherwise suggest a nominative in

1 Author’s translation from Latin: “multa verba nova, quae haec
aetas induxit” and “servatis normis disciplinae philologae et indole
linguae Latinae” [12, p. 7].

-ismum), the lemmas were assigned masculine gender
and classified as second-declension nouns with nomi-
native in -us, based on analogy with the attested forms.
For instance, the tokens dynamismum (LF, accusative)
or deconstructionismi (FO, genitive), are entered into the
KB as dynamismus and deconstructionismus, respectively.
These reconstructions follow the model of lemmata such
as fatalismus and determinismus, both attested in the
LRL, or anthropocentrismus (LS), which is already found
in the nominative form within the corpus. Another ex-
ample involves nine lemmas pertaining to the semantic
field of “Chemistry and Mineralogy” (see below). Among
these, six such as carbonium (LS) and fermentum (FO) are
present in the LRL as Latin equivalents of ‘carbon’ and
‘enzyme’ respectively, and are clearly neuter nouns of the
second declension. One more, dioxydum (LS), appears
in the nominative. By analogy, the word forms cyanido
and nitrogeni were reconstructed as cyanidum and nitro-
genum and added to the KB as neuter second-declension
nouns. Moreover, the LRL further reflects a modernizing
tendency in the lexical choices of the Latin used in the En-
cyclicals. A number of Italian terms that the LRL renders
using periphrasis—in accordance with its assertion that
“Latin is less suited (than Greek) to compounding words
into one”’*—reappear in the Encyclicals as single new
lexical items. These are often modeled directly on Italian,
incorporating morphological adaptations. For example,
the Italian noun totalitarismo is translated in the LRL as
“absolutum civitatis regimen”, but appears in both Lumen
Fidei and Fratres omnes as totalitarismus. Similarly, the
adjective mammifero, which is translated in the LRL as
“belua mammans”, appears in Laudato si’ as mammiferum,
clearly modeled on the Italian form. Having established
the necessary methodological premises, we can now pro-
ceed with an analysis of the neologisms. These may be
classified into adjectives, nouns, and verbs.

As for adjectives, there are a total of 99. From a mor-
phological perspective, 68 are first-class adjectives; 3
are first-class adjectives ending in -ius (communitarius,
consumptorius, fragmentarius); 27 are second-class ad-
jectives with two endings; 1 is a second-class adjective
with a single ending (globalizans, present participle of
*globalizo). From a derivational standpoint, first-class
adjectives are typically denominal, formed using the suf-
fixes -icus (atomicus) and -osus (gasiosus), which are com-
monly employed in Latin for this type of morphological
construction [9, p. 1125]. The nouns from which these
adjectives are derived originate from Ancient Greek (ag-
nosticus),” Classical Latin (Prometheicus), Medieval Latin

12 Author’s translation from Latin: “linguam Latinam minus aptam
esse (quam Graecam) ad componenda verba ita ut in unum coales-
cant” [12, p. 7].

3From this point on, only one example per source language or vari-
ety is cited. The list is not intended to be exhaustive; this editorial
choice was made for space reasons. The linguistic analysis con-



(inclusiuus), Scientific Latin (electricus), Modern Latin
(aestheticus), and Ecclesiastical Latin (encyclicus). They
also result from interlinguistic influence between Italian
and modern languages such as French (acusticus), En-
glish (romanticus), Czech (roboticus), German (nazistus).
The second-class adjectives with two endings are formed
either through suffixation with -alis/-aris (structuralis,
polaris) or with -bilis (renouabilis). These are derived
from nouns of various origins: Greek (theologalis), Clas-
sical Latin (optionalis), Medieval Latin (interdisciplinaris),
Late Latin (exsistentialis), Scientific Latin (molecularis),
Legal Latin (solidalis), and modern languages, such as
English (internationalis). Remaining within the scope of
derivation, it is particularly noteworthy that many of
the neologisms exhibit prefixal or compositional struc-
tures prior to suffixation. These include prefixoids such
as inter- (as in interdisciplinaris, internationalis), multi-
(multilateralis, multinationalis, multipolaris), and trans-
(transgeneticus, transnationalis). Other frequent composi-
tional elements include bases such as anthropo- (anthro-
pocentricus, anthropologicus), auto- (autonomus, autotesti-
monialis), and techno- (technocraticus, technologicus). Par-
ticularly prominent is the suffixoid -logicus (methodolog-
icus, oecologicus, technologicus), which highlights how
these adjectival neologisms respond to the growing need
for terminology that addresses the study of the human
being, its place within an increasingly interconnected
world, the technologies it produces, and the discourse
surrounding it.

As for new nouns, there are 131 in total. Morphologi-
cally, the majority belong to the second declension (64, of
which 22 are neuter), followed, at a significant distance,
by the third declension (33, of which 4 are neuter and 1
masculine), the first declension (32, with only 1 mascu-
line noun, asceta), and finally, just 2 nouns belong to the
fourth declension. Particularly interesting data emerge
from the derivational morphological analysis of these
nouns: 36 are denominal nouns formed with the suffix
-ismus, which is used to create abstract nouns referring to
religious, political, social, philosophical, literary, or artis-
tic doctrines and movements (dualismus, ascetismus, ab-
solutismus, populismus, materialismus, romanticismus), as
well as attitudes, trends, collective or individual traits (fa-
natismus, localismus, globalismus), behaviors or actions
(fatalismus), and even conditions or qualities, including
moral or physical defects and harmful habits (egoismus,
narcissismus). The high number of neologisms formed
with this suffix clearly demonstrates not only the increas-
ing need for its use but also its overuse in contemporary
language.'* There are also 11 nouns ending in -tas, all

ducted in this study is primarily based on the Grande dizionario
della lingua italiana, available at https://www.gdli.it which served
as the main reference for determining the historical and etymolog-
ical origins of the lemmas.

14See, for example, the corresponding entry in the Treccani online

abstract and conveying a positive meaning, such as actu-
ositas, biodiversitas, solidarietas, as well as nouns related
to the sphere of the individual, such as sacralitas, respon-
salitas, intimitas, and sexualitas. Another noteworthy suf-
fix is -tio, used to form deverbal nouns denoting actions,
such as dissentio, immigratio, and globalizatio. Among
the most common combining forms is -logia (from the
Greek logos, and also the basis for the suffixoid -logicus,
see above), which forms nouns such as ideologia and oe-
cologia. Also worth noting is that, in the case of nouns
as well, some of foreign origin have entered the Latin
lexicon via Italian. Examples include imanus from Ara-
bic (imam); three chemistry-related terms from French:
methanum, nitrogenum, dioxydum; mangrouia from En-
glish; three terms with the combining form gen-, genetica,
genoma, genum, from German. There are also nouns de-
rived from Classical Latin (uniuersalismus), Late Latin (re-
ciprocitas), Legal Latin (solidalitas), Medieval Latin (repre-
salia), and Scientific Latin (gasium). Finally, particularly
interesting from a derivational point of view are sev-
eral structural calques from other languages: tromocratia,
with its derivative tromocratus, from French terrorisme
(from terreur + -isme); autocinetum or autoraeda from
French automobile; caeliscalpium and interrete from En-
glish skyscraper and internet; and ferriuia from German
Eisenbahn.

Finally, there are only four verbal neologisms. Of these,
two belong to the first conjugation (obstaculo, subordino),
one to the third conjugation (interconecto), while the re-
maining verb, secumfert, is classified as anomalous. This
is due to its composition: it is formed by the enclitic at-
tachment of the reflexive pronoun se to the preposition
cum, followed by the verb fero, which itself is classified as
an anomalous verb. From a derivational morphological
perspective, three of these new verbs are the result of
compounding, having been created by adding a prefix
(sub-, inter-) or a prefixoid (secum-) to an already exist-
ing Latin verb. In contrast, obstaculo has undergone a
derivational process, being a denominal verb derived
from obstaculum, ‘obstacle’.

From a semantic perspective, the classification of ne-
ologisms pertaining to the three parts of speech was
conducted by mapping them to the 41 domains, defined
as “spheres of activity or knowledge”, established by Ba-
belNet - a multilingual semantic network that integrates
diverse resources, including WordNet, Wikipedia, the
Italian WordNet and Wiktionary [13, p. 4560]."° Across
the three Encyclicals, and counting the occurrences of
individual word forms, the neologisms most frequently
attested (167 tokens) belong to the domain “Environment
and meteorology”, even though this domain comprises
only nine lemmas. This result is unsurprising, consider-

dictionary at https://www.treccani.it/vocabolario/ismo/.
5For the process of identifying and refining domains, see BabelDo-
mains: Large-Scale Domain Labeling of Lexical Resources [14].



ing that Pope Francis is widely regarded as one of the
Popes most committed to environmental and climate-
related issues. Notably, the adjective ambitalis alone
appears 47 times. Ecology, represented through terms
such as oecologia, oecologicus, and oecosystema, is a cen-
tral theme of his pontificate. Throughout the texts, the
Pope repeatedly reminds both global leaders and all peo-
ple (geosystema) of their responsibility to protect and
preserve biodiversity (biodiuersitas, biosphaera). This is
followed by neologisms belonging to the domain “Philos-
ophy, psychology and behavior” (58 lemmas, 159 tokens),
“Culture, anthropology and society” (33 lemmas, 135 to-
kens), and “Politics, government and nobility” (21 lem-
mas, 103 tokens). As previously mentioned, philosoph-
ical reflection on the human condition is central to the
Encyclicals, and is addressed from psychological (actu-
ositas, creatiuitas, egoismus, exsistentialis, infrahumanus,
responsalitas, uulnerabilitas), social (communitarius, dis-
criminatorius, ethicisticus, phyleticus, xenophobus), and
political (absolutismus, demagogicus, nazistus, sinistror-
sus, technocraticus) angles. There is a noticeable drop in
the number of occurrences for neologisms in the domain
“Craft, engineering and technology” (8 lemmas, 39 to-
kens), which nevertheless reflect the idea of humanity as
the primary agent of progress (biotechnologia, nanotech-
nologia, technica) and technological innovation (roboticus,
telegraphum). At this point, and with the same number
of occurrences (38) as those in the domain “Chemistry
and mineralogy”, appear the neologisms of the domain
“Religion, mysticism and mythology” (22 lemmas). This is
particularly significant, as one might have expected this
to be among the most represented domains. The data in-
stead confirm that the Encyclicals are not intended solely
for Christian audiences, but are addressed to people of
all faiths, promoting values intrinsic to the notion of hu-
manity, not exclusively of Christianity. In fact, among
the lemmas within this domain, only a few are explicitly
tied to the Christian faith (catechumenatus, christifidelis,
christologicus, encyclicus, liturgia, trinitarius), while oth-
ers testify to the variety of world religions and belief
systems (agnosticus, ascetismus, dualismus, sacralitas, syn-
cretismus, theologalis). For the distribution of domains,
see Figure 1 above.

The incorporation of new lemmas of modern and con-
temporary origin into the Lemma Bank, using the corpus
of the three Encyclicals promulgated by Pope Francis
between 2013 and 2020, has proven to be highly fruitful
from both a quantitative and a qualitative standpoint.
Undoubtedly, the efforts involved in the development
and maintenance of a project such as LiLa—which was
conceived as a network of interconnected language re-
sources specifically for Latin—intersect with those of the
Catholic Church, which continues to employ Latin as
a universal language of communication. Both share a
common goal: “to support the commitment to a greater

Neologism Frequency by Domain

w Environment and meteorology
m Philosophy, psychology and behavior
m Culture, anthropology and society

m Politics, government and nobility

w Craft, engineering and technology

m Religion, mysticism and mythology
m Chemistry and mineralogy

 Biology

Figure 1: Distribution of neologism occurrences in Papal
Encyclicals by Semantic Domain

knowledge and more competent use of Latin”.'°

4. Conclusions and Future Works

This paper has presented the integration of a new textual
resource—the Papal Encyclicals corpus—into the LiLa
Knowledge Base (KB). Although this is not the first in-
stance of integrating a new corpus into LiLa—recent ad-
ditions include Augustine of Hippo’s Confessiones,"” de
Ciuitate Dei,'® de Trinitate,”” and Ovid’s Tristia and Epis-
tulae ex Ponto [15]—this first release of the Papal Encycli-
cals corpus is the result of a fine-grained manual revision
of the automatic output. It constitutes a gold standard,
whereas other textual resources linked to LiLa did not
benefit from such an accurate manual revision - as in the
case of the Biblioteca Digitale di Testi Latini Tardoantichi,
where the considerably larger size of the corpus posed a
limiting factor.?’ Furthermore, the inclusion of the Papal
Encyclicals corpus is significant on a more fundamental
level. A core assumption about Latin corpora is that they
are static, since Latin is no longer a spoken language with
native speakers. As a result, existing texts have been the
subject of intense and ongoing scholarly investigation.
For example, Confessiones, de Ciuitate Dei and de Trinitate,
now linked to LiLa, have been studied for centuries from
a variety of perspectives, ranging from psychological to
strictly philological. Ovid’s exilic writings have a long
tradition of linguistic, historical and thematic analysis. In
contrast, the Latin texts of Papal Encyclicals have not yet
been the focus of consistent scholarly study. This means
that the work presented in this paper is not built upon an

16Citation from the English version of the Apostolic Letter Latina
Lingua, promulgated by Pope Benedict XVI on November 10, 2012.
The full text is available online in eight languages at https://www.
vatican.va/content/benedict-xvi/la/motu_proprio/documents/hf_
ben-xvi_motu-proprio_20121110_latina-lingua.html.
Thttps://github.com/CIRCSE/AugustiniConfessiones.
Bhttps://github.com/CIRCSE/AugustiniDeCiuitateDei.
Yhttps://github.com/CIRCSE/AugustiniDeTrinitate.
https://github.com/CIRCSE/digilibLT.



existing body of research, but is instead pioneering and
foundational. It lays the groundwork for future studies
and opens the door to a renewed consideration of Latin
as a living language in specific, ongoing institutional
contexts. Within the LiLa framework, the inclusion of
a corpus that engages with contemporary concepts and
referents significantly enriches the KB along several di-
mensions. First, the Lemma Bank has been expanded
with new lexical items, enabling the study of linguistic
strategies employed to create lemmas for concepts that
did not exist in antiquity. This opens avenues for inves-
tigating the mechanisms of lexical innovation in Latin,
particularly in the context of modern discourse. Second,
the addition of the Encyclicals corpus offers a valuable op-
portunity to explore the distinctive linguistic and stylistic
features of Papal Encyclicals as a genre. This resource
allows for a more nuanced understanding of its rhetorical
structures, specialised vocabulary, and register-specific
phenomena. Third, the corpus contributes to extending
the diachronic coverage of texts represented in the LiLa
KB, facilitating longitudinal studies of Latin usage and
lexical evolution across time. Future work will focus on
expanding this initial integration to include the complete
set of Latin Encyclicals authored by all Popes. This will
support in-genre, cross-temporal comparisons, enabling
scholars to trace linguistic trends and shifts within a
consistent textual domain. Additionally, further analysis
of unmatched lemmas and their potential inclusion will
continue to refine the coverage and connectivity of the
KB.
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Abstract

This paper presents the manual annotation of ellipsis phenomena in a Latin treebank syntactically annotated following Uni-
versal Dependencies framework. Building on ongoing research in the field, it provides an overview of syntactic constructions
that pose particular challenges for the annotation and reconstruction of ellipsis. By providing Latin examples, the work
contributes to cross-linguistic comparisons and the broader understanding of ellipsis across languages. As a preliminary
contribution, the paper offers insights into aspects that remain underspecified in current UD guidelines, suggesting directions

for future refinement of annotation standards.
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1. Introduction

This work describes manual annotation of ellipsis in
treebanks, which are syntactically annotated texts. The
source data is a portion of UD_Latin-CIRCSE Treebank,
a treebank manually annotated following Universal De-
pendencies (UD) framework.' At the time of writing, the
treebank consists of three tragedies authored by Seneca
(1st CE) — Hercules Furens, Agamemnon, Oedipus — and
a treatise authored by Tacitus (1st-2nd CE) - Germania.
Tacitus’ Germania, being a prose work, was chosen for
the present study to circumvent the stylistic challenges
associated with tragic texts, particularly those arising
from their diverse metrical structures. We relied on gold
data as in the 15th UD release.’Nevertheless, the annota-
tion did present several challenges and provided valuable
insights to support ongoing research in the field of ellip-
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sis in UD. Section 2 describes the state of the art in this
field. Section 3 illustrates some examples of ellipsis and
outlines the challenges encountered during the annota-
tion. Section 4 concludes the paper and outlines potential
avenues for future research.

2. State of the Art

Before delving into the core of the present work, this
section provides a general introduction to UD (subsection
2.1), ellipsis (subsection 2.2), and the annotation of ellipsis
in UD (subsection 2.3).

2.1. Universal Dependencies

Universal Dependencies is a framework for morphosyn-
tactic annotation of different human languages [1]. The
aim is to provide support for Natural Language Process-
ing (NLP) researches and typologically oriented linguistic
studies. In its most recent release, it includes 319 tree-
banks covering 179 languages.” UD offers two layers
of annotation: basic syntactic annotation and enhanced
syntactic annotation.* How they differ in the strategies
adopted to annotate ellipsis, is the topic of subsection 2.3.

'https://github.com/UniversalDependencies/UD_Latin-CIRCSE
“The portion of UD_Latin-CIRCSE corresponding to Taci-
tus’Germania is available at https://github.com/CIRCSE/UD _
Latin- CIRCSE/blob/main/conllu/03_Tacitus_Germania.conllu
SDetails for 2.16 release are available at https://
universaldependencies.org
*https://universaldependencies.org/u/overview/enhanced- syntax.
html
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2.2. Ellipsis

Ellipsis refers to the omission of part of a sentence, in-
dicating an asymmetry between a missing form and its
meaning, which remains present even if not overtly ex-
pressed [2]. The meaning behind the omission is recov-
erable through an antecedent [3, p. 14],> which may
be either explicitly attested in the text or inferred from
world knowledge.

Being a phenomenon that operates at the intersection
of different linguistic domains [4, p. 341], ellipsis has been
the subject of numerous studies from various perspec-
tives and theoretical frameworks. Concerning syntactic
analysis, a substantial body of research has addressed the
topic within a constituency-based approach ([5, 6, 7, 8],
among others). In contrast, within the dependency frame-
work, the amount of work on ellipsis is considerably
smaller ([9, 10, 11], among others). This is mainly due
to a fundamental difference: while constituency-based
approaches allow for the existence of empty nodes in
the syntactic structure, making it feasible to account for
ellipsis, dependency-based approaches are less inclined
to do so, and therefore tend to dismiss the treatment
of ellipsis. This theoretical divergence is also reflected
in the representation of ellipsis in treebanks. Ellipsis is
explicitly addressed in the Penn Treebank (PTB) [12],
which follows a constituency-based approach, as well
as in the BulTreeBank [13], which is based on the Head-
Driven Phrase Structure Grammar formalism [14]. As
for dependency treebanks, the Prague Dependency Tree-
bank (PDT) [15] handles ellipsis in a separate annotation
layer,” whereas the Universal Dependencies framework
accounts for ellipsis only marginally (see section 2.3 for
further insights on ellipsis in UD). In the field of NLP and
Large Language Models (LLMs), the challenges LLMs face
in processing ellipsis reflect its inherent complexity [17],
thereby underscoring the importance of gold-standard
data in ellipsis research [18].

2.3. Ellipsis in UD

As mentioned in section 2.2, dependency-based treebanks
are generally not inclined to introduce empty nodes
into the syntactic structure. Currently, the most widely
adopted and state-of-the-art framework for dependency
treebanks is UD (see section 2.1), which handles ellipsis
differently depending on the level of annotation—basic
or enhanced.

5In the literature, the term antecedent is typically used in a broad
sense, not necessarily referring to an element that precedes the
ellipsis. In fact, the element supplying the missing content may
also follow the ellipsis, in which case the term postcedent would
be more accurate. However, to remain consistent with established
usage, we use the term antecedent in both cases.

Refer to Mikulova [16] for further discussion of ellipsis in the PDT.

Concerning the basic annotation, ellipsis is annotated
using two different strategies:” (i) promotion and (ii) the
orphan dependency relation (deprel). More specifically,
promotion consists in elevating a dependent of the elided
element to take on its syntactic role, effectively replac-
ing the omitted node and assuming its function. This
strategy follows a defined hierarchy.® By contrast, when
promotion—and thus the preservation of the original syn-
tactic function of the omitted element—would result in an
unnatural syntactic structure, the orphan dependency re-
lation is used instead. However, this dependency relation
inevitably obscures the underlying syntactic structure,
thereby entailing a loss of syntactic information.

It is therefore evident that UD does not directly ad-
dress ellipsis in its basic annotation. Rather, ellipsis is
concealed through the use of promotion, which—without
targeted analysis—does not explicitly mark its presence,
and is further obscured by the application of the orphan
relation. While this relation enables ellipsis to be identi-
fied explicitly, it nonetheless obscures the syntactic rep-
resentation of the sentence.’

In this work, we focus on examples of ellipsis anno-
tated with the orphan deprel. Example 1 illustrates the
basic annotation of such a sentence:

Example 1 - Basic Annotation

Tac., Germ. 7,1

reges ex nobilitate duces ex uirtute sumunt
They take their kings on the ground of birth, their
generals on the basis of courage'”

reges ex nobilitate duces ex virtute sumunt
king.acc.m.PL from nobility. ABL.F.5G general. Acc.M.PL from courage.ABLF.SG take.PRs.3pl

In this sentence, predicate ellipsis results in the promo-
tion of the accusative reges (“kings”) to the root position,
leaving the dependent ex nobilitate (“on the ground of
birth”) orphaned.

This structure is illustrated in the basic dependency
tree, where reges governs both nobilitate as orphan and
sumunt (“they take”) as a conjunct (conj).

Basic dependencies fall short of adequately represent-
ing implicit structures such as ellipsis. Instead, to thor-
oughly annotate elliptical constructions, a more suitable
strategy within the UD framework is offered by enhanced

"https://universaldependencies.org/u/overview/specific- syntax.
html#ellipsis
8https://universaldependencies.org/u/overview/specific- syntax.
html#ellipsis-in-nominals

For a proposal on explicitly marking ellipsis with a dedicated
subtype, see https://unidive lisn.upsaclay.fr/lib/exe/fetch.php?
media=meetings:general_meetings:3rd_unidive_general meeting:
23_how_to_ellipsis_a_proposal_.pdf

0Latin translations are drawn by [19].
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dependencies relations. At the current state of the art, en-
hanced dependencies for ellipsis involve the reconstruc-
tion of an empty node in the syntactic structure, along
with the recovery of the relevant syntactic relations."'
However, since enhanced annotation is "an optional ad-
dition to the basic representation”,'* the guidelines for

annotating such cases remain underspecified.

3. Ellipsis in Tacitus’ Germania

Given the current state of enhanced dependency anno-
tation and the importance of gold-standard annotated
data, we adopt the approach proposed by [20], which
offers a consistent annotation scheme explicitly designed
to address predicate ellipsis. The syntactic annotation of
ellipsis in Tacitus’ Germania was performed manually by
a team of four annotators equipped with a background
knowledge of Latin language and literature and expertise
on syntactic annotation in the UD framework."

More specifically, in this work we focus on predicate
ellipsis, presenting cases beyond this scope when they
are relevant to illustrate annotation-related issues and
decisions. We extend the enhanced annotation to cover
primarily cases in which the basic annotation layer dis-
plays the orphan dependency relation, as well as, where
applicable, cases in which predicate ellipsis is conveyed
without being explicitly marked by means of orphan.
There are 71 tokens out of 5,674 annotated with the de-
prel orphan in the basic layer." They are distributed
across 49 sentences out of a total of 299 sentences."”” No

For enhanced guidelines see: https://universaldependencies.org/
v2/enhanced.html

2https://universaldependencies.org/v2/enhanced.html

3The annotators-three students from the graduate program in Lin-
guistic Computing and one in Theoretical and Applied Linguistics—
developed their expertise in syntactic annotation in the context of
a dedicated training workgroup (approximately 30 hours) held at
the CIRCSE research centre at the Universita Cattolica del Sacro
Cuore, Milano. In a first stage, the annotators practised on basic
annotation layer by reannotating portions of gold standard texts
from the CIRCSE treebank, both from poetry and prose. In this
stage each dataset was annotated by all students. Their Inter Anno-
tator Agreement (IAA), measured using Fleiss’ Kappa coefficient,
yielded an average score of 0.86 for edges and 0.85 for deprels.
(Our script for calculating IAA on CoNLL-U files is available at
https://github.com/johnnymoretti/CoNLL-U_Fleiss_Kappa). In a
second stage, the annotators focussed on the advanced layer, by
annotating ellipsis in Tacitus’ Germania. Due to time constraints,
in this stage each annotator was responsible for the annotation of
a single portion of the text. The annotation of the single subsets
were subsequently proof-checked by two expert annotators with
advanced competence in Latin language and literature and exper-
tise in the syntactic annotation of ellipsis. This process involved
collaborative discussions during which the annotators presented
the issues they encountered.

“Two tokens out of 71 are annotated with orphan:missing due
to a lacuna in the Opera Latina corpus [21], which is the source
text of the treebank.

5Two sentences (Tac., Germ. 2,3 and 37,4) stand out, as they present

specific pattern emerges regarding the distribution of
elliptical constructions across the text.

In what follows, we report a few examples of recon-
struction of predicate ellipsis (subsection 3.1), of the
treatment of orphan deprel in cases of nominal ellipsis
(subsection 3.2) and of ellipsis in copular constructions
(subsection 3.3). We then illustrate cases of ellipsis in
predicative (subsection 3.4) and comparative structures
(subsection 3.5), providing examples of how we decide
whether or not to intervene. Finally, we present an ex-
ample of nested ellipsis (subsection 3.6).

3.1. Gapping

The main instance of predicate ellipsis found in the Ger-
mania is gapping. Gapping is a type of ellipsis in which a
repeated verb is omitted from a coordinated clause, leav-
ing behind only the contrasting elements [22]. Example
1a illustrates the enhanced annotation of the sentence
presented in example 1:'°

Example 1a - Enhanced Annotation
reges ex nobilitate (sumunt) duces ex uir-
tute sumunt

reg nobilitate (sumunt) rtute sumunt
king.Acc.M.pL from nobility.ABLE.SG (take.rrs.3PL) general AccrL from courageABLF.SG take.PRs.3p1

In the enhanced UD annotation, the elided verb sumunt
is introduced as an empty node, explicitly marking the
omitted predicate. Consequently, in the enhanced tree
graph representation, the empty node becomes the root,
governing reges as its direct object (obj) and nobilitate
as an oblique dependent (ob1l). Finally, the empty node
governs sumunt as conj.

3.2. Nominal Ellipsis

Example 2 illustrates an example of nominal ellipsis
marked with the deprel orphan in the basic layer. The
enhanced tree of this and of the following examples are
detailed in the appendix A.

Example 2

Tac., Germ. 11,2

nec dierum numerum ut nos sed noctium
computant

They count not by days as we do, but by nights

4 and 6 tokens annotated as orphan, respectively, whereas the
average distribution of orphan equals to 1.44 tokens per sentence.
18For gapping in Latin, see, e.g., [23, p. 585-586; 610-611].
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This sentence illustrates a simple case of nominal el-
lipsis,"” where the elided element is the noun numerum
(“number”) before noctium (“of nights”). In the basic
UD dependency tree, the ellipsis is captured by the pres-
ence of the orphan relation assigned to the dependent
noctium, directly governed by the main verb computant
(“they count”).

In the enhanced dependency graph, the elided noun
numerum is introduced as an empty node to resolve the
syntactic discontinuity. Thus, noctium is annotated as a
dependent of the reconstructed empty node numerum via
the nmod relation. This structure reproduces the expected
syntactic structure and mirrors the dependencies found
in the first clause nec dierum numerum, where the root
numerum governs dierum as its nominal modifier nmod.
Example 3 is a an instance of nominal ellipsis where a
missing antecedent led to creation of an empty node,
which could be semantically inferred, but still does not
have an actual linguistic counterpart in the phrase:

Example 3

Tac., Germ. 15,1

mos est ciuitatibus ultro ac uiritim conferre
principibus uel armentorum uel frugum
quod pro honore acceptum etiam necessi-
tatibus subuenit

It is the custom in their states to bestow upon the
chief unasked and man by man some portion of
one’s cattle or crops: it is accepted as a compli-
ment, but also serves his needs

In this sentence, the verb conferre (“to bestow”) governs
an argument in dative (principibus, “upon the chiefs”) and
semantically requires a direct object representing what is
being bestowed. The coordinated genitives armentorum
(“of cattle”) and frugum (“of crops”) function as modifiers
of the verb, but not as arguments. They would imply a
partitive relationship, and require an implicit head noun
(e.g., pars, “a portion”) to form a semantically complete
direct object depending on conferre.

In the basic UD representation, this ellipsis is captured
through the presence of an orphan, while frugum is a
conjunct. The orphan label here marks the gap in the
basic annotation: the genitive lacks a head noun, and the
sentence lacks a direct object for conferre. This missing
noun is both semantically necessary and syntactically
expected, and this motivates its reconstruction. So, in
the enhanced annotation, we reconstruct the argument
expectations of conferre and introduce: a new empty
nominal node functioning as the direct object of conferre;
armentorum as nmod of the nominal empty node and
frugum as its conjunct; the elimination of the orphan
relation.

Crucially, we add an empty node without storing any
lexical content, as there is no explicit antecedent to make

7For nominal ellipsis in Latin, see, e.g., [24, p. 962].

reference to. Unlike more typical cases of predicate or
comparative ellipsis (where the verb or noun is missing
but recoverable from a parallel structure) here, no noun
referring to e.g., “portion” appears in the clause, distin-
guishing this case from anaphoric ellipsis. Then, in the
absence of an antecedent, the reconstructed node in our
enhanced annotation is just empty, and not a copy of
something else. So, the new reshaped phrase would ap-
pear like this: conferre principibus uel armentorum uel
frugum _, with the empty node occupying the last posi-
tion."®

Example 4 features an instance of ellipsis of the subject
which lacks an overt antecedent, requiring the recon-
struction of an empty node not filled with any lexical or
morphological information.

Example 4

Tac., Germ. 26,1

faenus agitare et in usuras extendere igno-
tum ideoque magis seruatur quam si ueti-
tum esset

To exploit capital and to increase it by interest are
unknown, and the principle is accordingly better
observed than if there had been actual prohibition

The first clause describes the unfamiliarity of usury
among the Germans. The second clause has the verb
seruatur (“observed”) as head: its implicit subject is un-
derstood as the negation of the previous clause, faenus
non agitare neque in usuras extendere (“not to exploit cap-
ital and not to increase it”), whose negative meaning has
to be inferred from ignotum (“are unknown”).

Following the interpretation adopted by [19] in their
translation, we reconstruct a single empty node for the
omitted subject, representing this implied negative con-
cept that may be paraphrased as a generic “principle”.
Hence, the reconstructed node is assigned the depen-
dency relation nsubj : pass, under a nominal reading
of the elided material. For reasons of accuracy, no lexi-
cal or morphological features are encoded, as no explicit
antecedent is present in the text.

Example 3 and 4 serve to exemplify the procedure
adopted in analogous cases: when no explicit antecedent
is present in the text, the reconstructed node is left lexi-
cally and morphologically underspecified, and only the
appropriate dependency relation is assigned. The absence
of a textual antecedent is indicated in the MISC field of
the CoNLL-U file by marking the source of interpretation
as world knowledge (wk).

3.3. Copular Constructions

Example 5 illustrates a case of ellipsis of a copular con-
struction. Such cases concern the omission of a predicate

8For a tentative recostruction of the elided part, see, e.g., [25, p.
41], who posits ellipsis of an indefinite pronoun, as head of uel
armentorum uel frugum.
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formed by the nominal component and a form of the verb
sum.

Example 5

Tac., Germ. 27,2

feminis lugere honestum est uiris memi-
nisse

Lamentation becomes women: men must remem-
ber

This sentence illustrates a case of nominal predicate
ellipsis, involving the omission of both the copula est
and the nominal component honestum (“convenient”).
The structure is parallel, contrasting actions appropriate
for women and man in mourning. In the first clause,
the argument feminis (“for women”) precedes the clausal
subject lugere (“to mourn”) of the nominal predicate; in
the second, uiris (“for men”) is followed by the infinitive
meminisse (“to remember”), on which it depends, in basic
annotation, via an orphan relation that marks the ellipsis
of the predicate.

Hence, in the enhanced annotation, the ellipsis is re-
solved through the insertion of an empty node at the
end of the second clause, mirroring the structure and
the dependency relations of the first. In accordance with
the proposal in [20], we reconstruct only the nominal
part of the predicate, the head honestum, which carries
the semantic content of the predicate and ensures cross-
linguistic consistency.

3.4. Predicative Constructions

As mentioned in section 2.3, ellipsis is annotated only
when it creates syntactic discontinuities, specifically,
when the absence of a word leaves dependents orphaned.
This is most visible in constructions like gapping (section
3.1), while in other structures, an elided predicate does
not result in unattached dependents or broken syntac-
tic structure, and therefore there are cases of elliptical
constructions which are not annotated as orphan in UD
(section 2.3). Example 6 is a case of predicative construc-
tions involving coordinated or juxtaposed clauses:

Example 6

Tac., Germ. 13,1

... scuto frameaque iuuenem ornant ... ante
hoc domus pars uidentur, mox rei publicae
... [they] equip the young man with shield and
spear ... up to this point they seem a part of the
household, next a part of the state

We focus on the final segment of the sentence: ante
hoc domus pars uidentur, mox rei publicae (“up to this
point they seem a part of the household, next a part of
the state”). The first clause (domus pars uidentur) is a
standard predicative construction consisting of a subject
(understood as illi and referring to iuuenem), the verb
uidentur (“they seem”), and the predicative nominal do-
mus pars. In the second clause (mox rei publicae), both

the verb uidentur and the predicative noun pars are ab-
sent. Nevertheless, they can be clearly inferred and the
intended structure formed by the two clauses is parallel:
domus pars uidentur (“they seem a part of the household”)
rei publicae pars uidentur (“they seem a part of the state”).

However, despite the interpretative clarity, as both the
verbal head and its nominal predicate are missing, this
is a clear case of predicate ellipsis that is not marked
in the basic UD annotation, since no dependent is left
syntactically orphaned.

So, in the enhanced UD annotation, we insert two
reconstructed nodes: the verb uidentur as the verbal head
and the predicative nominal pars, which has rei publicae
as a dependent. Therefore, in the enhanced tree graph
representation the structure would include: a new verbal
node uidentur connected to the first verb with the deprel
conj; a new nominal node pars connected as xcomp
to the reconstructed uidentur; the nominal phrase rei
publicae dependent of pars as nmod.

3.5. Ellipsis in Comparative Constructions

Another significant case of ellipsis in the Germania occurs
in comparative clauses.”” The following case is one of

this kind:

Example 7

Tac., Germ. 14,3

nec arare terram aut exspectare annum tam
facile persuaseris quam uocare hostem et
uulnera mereri pigrum quin immo et iners
uidetur sudore acquirere quod possis san-
guine parare

You will not so readily persuade them to plough
the land and wait for the year’s returns as to chal-
lenge the enemy and earn wounds: besides, it
seems limp and slack to get with the sweating of
your brow what you can gain with the shedding
of your blood

In this sentence, the verb persuaseris (“you will per-
suade”) governs the first clause of the comparative con-
struction (with the two infinitive verbs arare, “to plough”,
and expectare, “to wait”) but is not repeated in the sec-
ond (verbs uocare, “to challenge”, and mereri, “to earn”),
despite clearly being the intended meaning. This omis-
sion might seem to be a candidate for ellipsis annotation.
However, UD guidelines do not annotate such cases of
comparative ellipsis for several theoretical and practical
reasons, and we decide to do the same.

There is no orphan relation in the basic tree, so there
is no ellipsis to resolve in the enhanced representation
either. We see that there are no orphaned dependents
in the second clause, as the infinitive verb uocare de-
pends on persuaseris as advcl : cmp and mereri is its con-
junct. Since all constituents are attached with appropriate

“For ellipsis in comparative construction in Latin, see, e.g., [23, p.
721].
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heads, no orphan relation is needed. Being the sharing
of the predicate a common phenomenon in comparative
constructions, especially in Latin, we accept this syntac-
tically and semantically recoverable pattern, and choose
not to annotate it. So, even by doing nothing, here the
clause remains structurally intact, and no dependents are
left without a head, although persuaseris is intuitively
present in both parts of the comparative construction.

3.6. Nested Ellipsis

Among the knotty sentences to annotate, example 8
stands out: exemplifying Tacitus’ concise and condensed
prose, it features a case of a nested ellipsis.

Example 8

Tac., Germ. 43,2

e quibus Marsigni et Buri sermone cultuque
Suebos referunt Cotinos Gallica Osos Pan-
nonica lingua coarguit non esse Germanos
et quod tributa patiuntur

Among them the Marsigni and Buri in language
and mode of life recall the Suebi: as for the Co-
tini and Osi, the Gallic tongue of the first and the
Pannonian of the second prove them not to be
Germans; so does their submission to tribute

The two clauses Cotinos Gallica and Osos Pannonica
lingua coarguit are in asyndeton, with no subordinating
connective present: indeed, in accordance with the guide-
lines, their relationship has been annotated with the label
conj. The clause Cotinos Gallica shows a predicate el-
lipsis (coarguit) and instantiates an example of gapping
(section 3.1): the use of a singular verb would otherwise
be inexplicable.

What makes the situation more complex is that the
reconstructed coarguit implies, even in this first clause,
non esse Germanos. Therefore, another empty node (Ger-
manos) has been reconstructed after Cotinos. In the en-
hanced UD annotation, the reconstructed coarguit thus
takes on the role that Gallica played in the previous an-
notation; Cotinos, on the other hand, becomes the nsubj
of the reconstructed ccomp Germanos.”’

4. Conclusion

This work describes the challenges encountered during
manual annotation of ellipsis in Tacitus’ Germania. The
treebank enhanced with this annotation will be included
in the next UD release. Building on the proposal outlined
in [20], it provides examples of ellipsis in Latin, thereby

21t should also be noted that this is a case of promotion: in the first
clause Gallica is an adjective functioning as the subject, due to the
ellipsis of lingua. In line with our annotation criteria, we do not
reconstruct this ellipsis, since in the basic annotation the relation
is not marked as orphan.

offering material for comparison on the treatment of el-
lipsis across languages. Unlike the approach taken in
[20], where the reconstruction focussed exclusively on
predicate ellipsis and did not attempt to recover omitted
arguments, thus deliberately excluding cases of nominal
ellipsis, the present study has highlighted the need to
consider nominal ellipsis as well, as illustrated in Section
3.2. This opens the possibility of expanding the domain
of reconstruction to include a broader range of omitted
elements. Accordingly, this work offers insights into
additional aspects that should be considered in the devel-
opment of guidelines for ellipsis annotation within the
UD framework, which remain currently underspecified.

For this work, we focussed on the description of
the challenges and identified some directions for future
works. First, a thorough examination of the position of
the elided material shall pave the way for a study on
the communicative reasons that may have guided the
author in choosing an elliptical structure, such as topical
focussing, among others. More research is needed to ex-
plore patterns of usage of elliptical constructions in the
Germania and, more in general, in Tacitus’ oeuvre. Sec-
ond, a classification of the types of ellipsis encountered in
Tacitus’ Germania shall contribute to the ongoing discus-
sion on ellipsis. The addition of other (Latin) treebanks
enhanced with annotation focussing on ellipsis remains
a desideratum, which will foster both research focussing
on linguistic aspects of ellipsis and on stylistics. Such ad-
ditions would, among other benefits, enable the training
of NLP tools for ellipsis detection, thereby facilitating
large-scale research into its frequency patterns and dis-
tribution across treebanks representing different genres
and, for literary texts, across different authors.

References

[1] M.-C. De Marneffe, C. D. Manning, J. Nivre, D. Ze-
man, Universal dependencies, Computational lin-
guistics 47 (2021) 255-308.

[2] J. V. Craenenbroeck, T. Temmerman (Eds.), The Ox-
ford Handbook of Ellipsis, Oxford Handbooks, Ox-
ford University Press, Oxford, 2018.

[3] M.]J. McShane, A theory of ellipsis, Oxford Univer-
sity Press, 2005.
[4] A. Kehler, Ellipsis and discourse, in: J. van

Craenenbroeck, T. Temmerman (Eds.), The Oxford
Handbook of Ellipsis, Oxford Handbooks, Oxford
University Press, 2018. doi:10.1093/oxfordhb/
9780198712398.013. 13, online edition, Oxford
Academic, 8 Jan. 2019. Accessed 6 June 2025.

[5] J. R.Ross, Guess who?, in: Proceedings from the
annual meeting of the chicago linguistic society,
volume 5, Chicago Linguistic Society, 1969, pp. 252—
286.

17



(6]

(7]

J. Merchant, The syntax of silence: Sluicing, islands,
and identity in ellipsis, University of California,
Santa Cruz, 1999.

C. Kennedy, Ellipsis and syntactic representation,
in: The interfaces: Deriving and interpreting omit-
ted structures, John Benjamins Publishing Com-
pany, 2003, pp. 29-53.

L. Ortega-Santos, M. Yoshida, C. Nakao, On ellipsis
structures involving a wh-remnant and a non-wh-
remnant simultaneously, Lingua (2014).

I. A. Mel’¢uk, Dependency Syntax: Theory and Prac-
tice, SUNY Press, Albany, NY, 1988.

R. Hudson, An introduction to word grammar, Cam-
bridge University Press, 2010.

T. Osborne, Ellipsis, in: A Dependency Grammar
of English, John Benjamins Publishing Company,
2019, pp. 349-378.

M. Marcus, B. Santorini, M. A. Marcinkiewicz,
Building a large annotated corpus of english: The
penn treebank, Computational linguistics 19 (1993)
313-330.

P. Osenova, K. Simov, The bulgarian hpsg treebank:
Specialization of the annotation scheme, in: Pro-
ceedings of The Second Workshop on Treebanks
and Linguistic Theories; Vixjo, Sweden, 2003.

C. Pollard, I. A. Sag, Head-driven phrase structure
grammar, University of Chicago Press, 1994.

J. Haji¢, E. Hajicova, M. Mikulov4, J. Mirovsky,
Handbook on linguistic annotation, chapter prague
dependency treebank, 2017.

M. Mikulova, Semantic representation of ellipsis in
the prague dependency treebanks, in: Proceedings
of the 26th Conference on Computational Linguis-
tics and Speech Processing (ROCLING 2014), 2014,
pp. 125-138.

D. Cavar, Z. Tiganj, L. V. Mompelat, B. Dickson,
Computing ellipsis constructions: Comparing clas-
sical nlp and llm approaches, in: Proceedings of the
Society for Computation in Linguistics 2024, 2024,
pp. 217-226.

D. Cavar, L. Mompelat, M. Abdo, The typology of
ellipsis: a corpus for linguistic analysis and machine
learning applications, in: Proceedings of the 6th
Workshop on Research in Computational Linguistic
Typology and Multilingual NLP, 2024, pp. 46—54.
M. Hutton, E. H. Warmington, Agricola ; Germania
; Dialogus, Loeb classical library 62, rev. ed. ed.,
Harvard Univ. Press, Cambridge Mass, 1970.

C. Corbetta, F. Iurescia, M. C. Passarotti, «are
you afraid of ghosts?» a proposal for busting
predicate ellipsis in Universal Dependencies, in:
S. Jablotschkin, S. Kiibler, H. Zinsmeister (Eds.),
Proceedings of the 23rd International Workshop
on Treebanks and Linguistic Theories (TLT, Syn-
taxFest 2025), Association for Computational Lin-

18

[21]

guistics, Ljubljana, Slovenia, 2025, pp. 52-63. URL:
https://aclanthology.org/2025.t1t-1.6/.

J. Denooz, Opera Latina : une base de
données sur internet, Euphrosyne 32 (2004)
79-88. URL: https://www.brepolsonline.net/doi/10.
1484/J. EUPHR.5.125535. do0i:10.1484/J.EUPHR.
5.125535.

K. Johnson, Gapping, in: M. Everaert, H. van Riems-
dijk (Eds.), The Blackwell Companion to Syntax,
volume II, Blackwell, 2006, pp. 407-435.

H. Pinkster, The Oxford Latin Syntax, volume 2,
Oxford University Press, Oxford, Uk, 2021.

H. Pinkster, The Oxford Latin Syntax, volume 1,
Oxford University Press, Oxford, Uk, 2015.

U. Zernial, Germania, Sammlung griechischer und
lateinischer Schriftsteller mit deutschen Anmerkun-
gen, 2. verbesserte aufl ed., Weidmannsche Buch-
handlung, Berlin, 1897.



A. Appendix

Example 2.1: Enhanced Tree
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nec dierum numerum ut nos sed noctium (numerum) computant
NEG day.GEN.M.PL number.ACC.M.SG as NOM.IPL but night.GEN.F.PL (number.ACC.M.SG) count.3PL.PRS

&

Example 3.1: Enhanced Tree

el T

mos ... conferre principibus  uel armentorum uel  frugum
custom.NOM.M.SG ... bestow.INF.PRs chief.DAT.M.PL or cattle.GEN.N.PL Or Crop.GEN.F.PL

Example 4.1: Enhanced Tree
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capital. ACC.N.SG exploOit.INF.PRS ... . unknown.NOM.N.56 so and _ better observe.PRs.PAss.3sG than if prohibit.PsT.PASS.35G AUX

Example 5.1: Enhanced Tree

j
[
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Woman.DAT.F.PL Cry.INF.PRS honorable.NOM.N.SG be.PRs.35G man.DAT.M.PL remember.INF.psT (honorable.NOM.N.5G)
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Example 6.1: Enhanced Tree

c
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m
ornant .. ante hoc domus pars uidentur mox rei publicae pars, (uidentur)
equip.PRS.3PL ... up_to DET.ACC.N.PL household.GEN.F.SG part.NOM.F.SG seem.PRS.PASS.35G next asset.GEN.F.SG public.GEN.F.SG (part.NOM.F.SG) (seem.PRS.PASS.35G)

Example 8.1: Enhanced Tree
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Abstract

Lemmatization remains a foundational yet challenging task in the processing of historical Italian texts, due to the complex
interplay of orthographic, morphological, and diatopic variation. A crucial, yet often overlooked, aspect is the degree of
normalization applied during lemmatization. A conservative approach preserves attested historical forms, ensuring greater
linguistic fidelity but increasing data sparsity. Conversely, an abstract normalization strategy aligns historical variants
with standardized contemporary lemmas, improving generalization but potentially introducing inaccurate mappings. In
this paper, we present a comparative evaluation of conservative and normalized lemmatization strategies for historical
Italian. To our knowledge, this is the first study to explicitly assess the impact of lemmatization strategies in the context of
historical languages, particularly those that are morphologically rich. Our results indicate that high-level normalization offers
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a promising trade-off between precision and generalization.
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1. Introduction

Lemmatization is the task of identifying the canonical
form, or lemma, of a given inflected wordform. While
this mapping is often straightforward and based on well-
established criteria, it can also involve a considerable
degree of discretion, especially in the case of diachronic
language data. In historical lexicography, lemma selec-
tion remains a well-known and unresolved challenge
due to the high number of attested variant forms, many
of which diverge significantly from the standard form.
Choosing a specific lemma to serve as the headword —
i.e. capable of effectively subsuming all its variants —
is a widely debated issue. As Porter and Thompson [1]
and Manolessou and Katsouda [2] have noted, it consti-
tutes a genuine dilemma. In computational linguistics, by
contrast, lemmatization criteria are rarely made explicit
and are often taken for granted. While this may pose
only minor issues in the lemmatization of contemporary
language, it becomes a critical concern for historical lan-
guage data. This paper investigates the role and impact
of different lemma identification strategies in automatic
lemmatization, with a focus on historical varieties.
Lemmatization is one of the fundamental tasks that fa-
cilitate downstream Natural Language Processing (NLP)
applications and is particularly relevant for highly in-
flected languages. Traditionally, this task has been ad-
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dressed using rule-based morphological analyzers and
dictionary lookup. However, recent years have seen
the rise of data-driven lemmatization approaches, where
models learn to produce lemmas without relying on pre-
defined linguistic rules and/or lexical resources. A key
turning point in this methodological shift was the SIG-
MORPHON 2016 Shared Task, which reconceptualized
lemmatization as a special case of morphological reinflec-
tion (Cotterell et al. [3]). This view paved the way for the
current dominant approaches, based on neural models.
Within the data-driven paradigm, two main strategies
have emerged. The generative character-level approach
relies on encoder-decoder architectures that generate
the lemma character by character, conditioned on the
input form and its context (Qi et al. [4], Bergmanis and
Goldwater [5]). In contrast, pattern-based models treat
lemmatization as a supervised classification task (Straka
[6]), where each class - derived from training data - cor-
responds to the edit operations that transform a specific
wordform into its lemma. A comparative study on Es-
tonian by Dorkin and Sirts [7] found that generative
encoder-decoder models trained from scratch outper-
form both rule-based systems and pattern-based models
fine-tuned from large pre-trained language models.
Among the most debated issues in lemmatization, par-
ticularly in data-driven models, there is the role of context
and morphological information. Contextual information
has been shown to be crucial for handling unseen and
ambiguous words: see, among others, Bergmanis and
Goldwater [5, 8] and McCarthy et al. [9]. The actual
role of morphological information in performing contex-
tual lemmatization was investigated by Toporkov and
Agerri [10], who showed that fine-grained morphologi-
cal information does not help to substantially improve
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lemmatization (not even for highly inflected languages)
and that using basic part-of-speech tags (UPOS) seems to
be enough for comparable performance across languages.

Although much progress has been made on lemmati-
zation for standard, resource-rich languages, the task re-
mains challenging in the case of historical varieties, espe-
cially for morphologically complex languages like Italian.
Historical Italian presents both orthographic and morpho-
logical variation, not only over time but often in the same
period and even within the same text. These challenges
include, among others: alternations between etymolog-
ical and phonetic spellings (e.g., haveva vs. aveva ’(it)
had’, chupola vs. cupola ’dome’); phonetic variation (e.g.
pulito vs. polito ’clean’, eguale vs. uguale ’equal’); mor-
phologically distinct variants (e.g. avria vs. avrebbe ’(it)
would have’); cliticized finite verbal forms (aveagli ’(it)
had-to-him’, avevalo ’(it) had-it’). Additional challenges,
also relevant to contemporary Italian, include the treat-
ment of past participles (verbal vs. adjectival use) and
derivative forms (the open issue is whether they repre-
sent an independent lemma or should be associated with
the corresponding base form, e.g. the diminutive angio-
letto ’little angel’ is an independent lemma or should be
lemmatized as angelo ’angel’).

A crucial but often neglected aspect of lemmatizing
historical texts concerns the granularity and scope of the
lemma list, as well as the criteria guiding lemma iden-
tification: in other words, the degree of normalization
applied. This choice carries both theoretical and practical
implications, influencing how linguistic variation is rep-
resented, how lexical continuity over time is interpreted,
and how effectively the data can be searched, analyzed, or
aligned across sources. Table 1 contrasts a conservative
lemmatization approach - which preserves the graphical,
phonological, and morpho-syntactic features of attested
historical variants - with a more abstract normalization
strategy that aligns such variants to a standardized con-
temporary (meta-)lemma. While the former offers greater
linguistic precision and interpretability, it may lead to
increased data sparsity. The latter, by contrast, reduces
sparsity and facilitates generalization, though at the risk
of introducing incorrect form-lemma associations.

The choice between these strategies is shaped by sev-
eral practical factors, including the target application
and the specific language involved. Linguistic analyses,
for instance, may benefit from a conservative approach,
whereas information retrieval systems and downstream
NLP applications may perform better with normalized
lemmas. Language-specific features also play a key role.
As Manjavacas et al. [11] note, the highly heterogeneous
nature of historical languages — marked by overlapping
diachronic and diatopic variation and the absence of a
stable standardized norm — makes it particularly chal-
lenging to carry out lemmatization and normalization
simultaneously. In the case of diachronic Italian, a low-

wordform Conservative | Normalized | POS
Lemma Lemma
brieve BRIEVE BREVE ADJ
sanctissimo SANCTO SANTO ADJ
chotesto COTESTO CODESTO DET
alma ALMA ANIMA NOUN
imperadori IMPERADORE IMPERATORE NOUN
palagio PALAGIO PALAZZO NOUN
utilitati UTILITATE UTILITA NOUN
admettesse ADMETTERE AMMETTERE VERB
diliberarono | DILIBERARE DELIBERARE VERB
Suarentir GUARENTIRE GARANTIRE VERB
surse SURGERE SORGERE VERB
Table 1

Examples of conservative vs normalized lemmatization for
historical Italian

level lemmatization strategy was adopted by Favaro et al.
[12, 13], deferring normalization to a later stage operat-
ing on lemma variants.

In this paper, we present a comparative evaluation of
these two lemmatization strategies for historical Italian,
combining quantitative metrics with qualitative analy-
sis. To our knowledge, this issue has not yet been ex-
plicitly addressed in the computational linguistics lit-
erature, where lemmatization choices are typically as-
sumed rather than critically examined. We argue that
this decision is especially relevant for morphologically
rich languages, where different lemmatization strategies
can have a substantial impact on both the performance
and interpretability of downstream tasks.

The rest of the paper is organized as follows. In Section
2, the historical corpora selected as the basis of this study
are described. Section 3 illustrates the strategy adopted
for generating a version of these corpora with high-level
normalized lemmatization. Section 4 describes the ap-
proach employed to train two models for lemmatizing
Italian historical texts. Section 5 discusses the results
obtained by the lemmatization models, focusing both on
the results obtained in five-fold cross-validation experi-
ments and against an external test set. Finally, Section 6
concludes the paper and presents some future prospects.

2. Data

For this study, we selected three corpora covering a wide
timespan, going from the 14" to the 20" century, listed
below:

« UD-Italian Old [14]: Italian-Old is a treebank
containing Dante Alighieri’s Comedy, based on
the 1994 Petrocchi edition and sourced from the
DanteSearch corpus [15]. The treebank includes
lemmatization, morpho-syntactic, and syntactic
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Corpus Sentences | Tokens

UD-lItalian Old 3,419 122,038

GDLI-QC - GDLI Quotation Corpus 1,500 36,624

VGG - Voci della Grande Guerra 4,945 108,208

Total 9,864 266,870
Table 2

Size of the used corpora of historical Italian

annotation. A partial manual revision was car-
ried out to align morpho-syntactic annotation
and lemmatization with the Universal Dependen-
cies (UD) guidelines, with particular attention to
proper nouns and fixed multiword expressions.
For our experiments, we used version 2.15 of the
treebank, released in November 2024;

« VGG - Voci della Grande Guerra [16]: VVG
is a corpus of texts that were written in Italian
in the period of World War I or shortly after-
wards (most of them date back to the years 1915-
1919). The corpus includes different textual gen-
res, namely: discourses, reports, and diaries of
politicians and military chiefs; letters written by
men and women, soldiers and civilians; literary
works of intellectuals, poets, and philosophers;
writings of journalists and lawyers. The corpus
is annotated at the morpho-syntactic level and
lemmatized. Annotation was carried out with
UDPipe [17] trained on IUDT [18]v2.0; a subset
was then manually revised [19]. For this study,
we used the gold portion of the corpus;

+ GDLI-QC - GDLI Quotation Corpus [12]:
GDLI-QC is a corpus derived from an authori-
tative historical Italian dictionary, namely the
Grande dizionario della lingua italiana (GDLI)
edited by Salvatore Battaglia. GDLI presents a
huge collection of quotations covering the entire
history of the Italian language, from which a sub-
set has been extracted, representative of the most
cited authors and covering a wide chronological
span (from the 14™ to the 20" century). GDLI-QC
has been morpho-syntactically tagged and lem-
matized with Stanza [4]: annotation was carried
out automatically, with full manual revision.

All of these corpora follow a conservative lemmatiza-
tion strategy. In terms of annotation, they are all natively
annotated according to the Universal Dependencies (UD)
scheme' (De Marneffe et al. [20]), which has become the
de facto standard nowadays. Lemmatization has been
manually revised for each corpus — albeit only partially
for UD-Italian Old — to ensure linguistic accuracy and
internal consistency. As such, these corpora can be con-
sidered gold-standard resources. Table 2 provides details

on their size in terms of sentences and tokens.

For the comparative study of the two lemmatization
strategies, a normalized counterpart of each corpus, fea-
turing high-level linguistic annotation, was required. To
generate the normalized versions of the three corpora,
we identified two historical Italian lexicons adopting this
lemmatization approach.

One such resource is the MIDIA lexicon, which was
built starting from the balanced diachronic corpus of writ-
ten Italian texts called MIDIA (D’Achille and Grossmann
[21]), fully annotated with lemma and part-of-speech
(POS) information. Covering the period from the early
13™ to the first half of the 20" century, the corpus is
organized into five chronological periods and seven tex-
tual genres, comprising approximately 7.5 million tokens
drawn from about 800 texts. In MIDIA, lemmatization
and POS tagging were automatically performed using a
version of TreeTagger (Schmid [22]) adapted for histori-
cal Italian (Tacobini et al. [23]). To handle the linguistic
variation typical of earlier stages of the language, the con-
temporary Italian lexicon embedded in TreeTagger was
enriched with approximately 230,000 word forms, primar-
ily dating from the 14™ to the 16' centuries. This substan-
tially expanded the original MIDIA lexicon. The version
we used contains 70,083 unique lemmata, 571,779 dis-
tinct wordform-lemma pairs, and 584,041 unique word-
form-lemma-POS triples. Notably, there is a high de-
gree of overlap between the wordform-lemma pairs from
the corpora under study and those in the MIDIA lexi-
con: 89.91% for UD-Italian Old, 86.65% for GDLI-QC, and
81.66% for VGG.

Another key reference resource identified for these
purposes is the Tesoro della Lingua Italiana delle Origini
(TLIO) (Beltrami [24]), a historical dictionary of old Ital-
ian based on all extant documentation from the earliest
texts recognizable as Italian up to the end of the 14th
century, which includes manual lemmatization.

To fully understand the type of lemmatization per-
formed in these two resources, we report below the
set of wordforms sharing the nominal lemma AMMIN-
ISTRAZIONE "administration’ in the MIDIA and TLIO lex-
icons:

MIDIA: administratione, administrationi, admin-
istrazione, aministratione, amministratione, am-
ministrationi, amministrazione, amministrazioni,
nistrazione, strazione

TLIO: adminestragione, administracion, adminis-
tracione, administraciuni, administragione, admin-
istratione, administrationi, administrazione, amin-
istracione, aministraciuni, aministragione, amin-
istrascione, aministratione, amministracione, am-
ministragione, amministragioni, amministratione,

amministrazione, amministrazioni

!https://universaldependencies.org/
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MIDIA POS UD POS LEGEND

ART,POSS, DET Determiner

DEMO,INDEF

PRE ADP Adposition

NPR PROPN Proper noun

ADV,NEG ADV Adverb

ARTPRE ADP+DET Articulated Prep.

VER VERB Verb

AUX AUX Auxiliary

CON CCONJ,SCONJ Conjunction

DEMO, INDEF, PRON Pronoun

PRO, CLI

AD) AD) Adjective

NOUN NOUN Noun

PUN, SENT PUNCT Punctuation

CHE PRON,SCON]J

NUM NUM Numeral

WH PRON,ADV,SCON]J Interrogative
Table 3

Mapping between MIDIA and UD part of speech tags

3. Lemma Normalization

To carry out lemma normalization, the first step consisted
of converting the part of speech tags of the MIDIA lex-
icon to the UD annotation scheme. Table 3 details the
correspondences between the two tagsets. The conver-
sion was carried out automatically, and the ambiguous
underspecified cases (e.g. CHE and WH tags) were then
revised manually.

The normalization process of the selected corpora was
carried out in three successive phases, relying on lexicon-
based validation and correction. The objective was to ver-
ify and, where appropriate, normalize wordform-lemma
(WL) pairs extracted from the selected historical corpora
using the MIDIA and TLIO historical lexicons.

In the first phase, each WL pair was checked against
the MIDIA lexicon. If the WL pair was found in
MIDIA, the case was marked as f1-match-found
and left unchanged. If the wordform was present
in the MIDIA lexicon but was associated with a
different lemma, or with both a different lemma
and POS, the unmatching information was modified
with the values appearing in MIDIA (case marked as
f1-modified-lemma or f1-modified-lemma+pos).
If the wordform was not found in MIDIA, the case was
labeled f1-form-missing and passed as input to the
second phase.

In the second normalization phase, the wordforms la-
belled as missing (i.e. f1-form-missing) in MIDIA
during Phase 1 were re-analyzed. For these cases, we
checked whether MIDIA contained the lemma matching
any other form. If the POS in the corpus and MIDIA
lexicon coincided, then we marked the case as correct us-
ing the label £2-validated-1lemma. If the lemma was
present in MIDIA with a different POS, the original POS

from the corpus was preserved, and the case was labeled
f2-different-pos. If no matching form or lemma was
found in MIDIA, the case was labeled f2-missing.

The final phase addressed the remaining unresolved
cases from Phase 2 — those labeled f2-missing and
f2-different-pos — by consulting the TLIO lexicon.
As a first step, we checked whether the triple (word-
form, lemma, POS) was present in the lexicon. If so,
we marked the case as validated (f3-valid-1lemma-F),
or modified the lemma to match the triple in TLIO
(f3-modified-lemma-F). If the lemma appeared as
a wordform in TLIO with the same POS, the lemma
was changed to match the lemma reported in TLIO
(f3-modified-lemma-L) or validated against the lexi-
con (f3-valid-lemma-L). If the form was present but
associated with a different POS, the case was labeled
f3-different-lemma-pos. If none of the above con-
ditions applied, the case remained unresolved and was
labeled £f3-missing.

Table 4 exemplifies the cases treated in the different
normalization steps, reporting the corpus annotation and
how it was revised based on the evidence of the MIDIA /
TLIO lexicons.

For each step described above, Table 5 reports the dis-
tribution of cases in the three normalization steps. For
the three historical corpora, the number of matching WL
pairs is very high: the lemmatization in the corpus and
the lexicon coincided in more than 96% of the cases (with
minor differences across the corpora). Cases normalized
during one of the three phases amount to 3.56% in the
UD-Italian Old, 3.02% in VGG, and 2.97% in GDLI-QC. A
neglectable number of cases were not normalized, rang-
ing from 0.09% in the UD-Italian Old, to 0.85% and 0.73%
in VGG and GDLI-QC respectively.

4. Model Training

For the analysis of historical Italian texts, we trained
the Stanza natural language processing neural pipeline
[4], developed by the Stanford NLP Group. Stanza, fol-
lowing a generative character-level approach, offers a
modular architecture with state-of-the-art models for to-
kenization, lemmatization, part-of-speech tagging, mor-
phological analysis, dependency parsing, and named en-
tity recognition. Built on a Python interface, it supports
over 70 human languages and is trained on UD treebanks.
In addition to its pre-trained models, Stanza allows users
to train custom models from scratch using UD-formatted
data. In this study, we specifically focused on the lemma-
tization component.

The lemmatization model was trained using the nor-
malized versions of the selected historical corpora — UD-
Italian Old, VGG, and GDLI-QC — as input data. To these,
we added the contemporary Italian corpus ISDT (Italian
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Label

Corpus (wordform, lemma, POS)

Lexicon (wordform, lemma, POS)

Change Description

Phase 1, Lexicon: MIDIA

f1-match-found

f1-modified-lemma

f1-modified-lemma+pos

f1-form-missing

(proposta, proposta, NOUN)
(altipiano, altopiano, NOUN)
(esuberanti, esuberare, VERB)

(prevvede, prevedere, VERB)

(proposta, proposta, NOUN)
(altipiano, altipiano, NOUN)
(esuberanti, esuberante, AD))

No changes are made; the triple matches
the lexicon.

The lemma in the corpus is corrected to
match the lexicon.

Both lemma and POS are corrected to align
with the lexicon.

The form is missing from the lexicon and
flagged for review.

Phase 2, Lexicon: MIDIA

f2-validated-lemma

f2-different-pos

f2-missing

(com’, come, ADV)

(rassicurantissime, rassicurante, ADJ)

(fidenti, fidente, ADJ)

(come, come, ADV)

(rassicurante, rassicurare, VERB)

The corpus triple is validated despite form
variation; lemma and POS match the lexi-
con.

The same form appears in the lexicon with
a different lemma and POS; the corpus POS
is retained for further analysis.

The form and lemma are absent from the
lexicon and marked as missing.

Phase 3, Lexicon: TLIO

f3-valid-lemma-F

(accecamento, accecamento, NOUN)

(accecamento, accecamento, NOUN)

The triple is validated; it matches the lexi-

f3-modified-lemma-F (disolate, disolato, ADJ)

f3-modified-lemma-L (adirizar, adirizare, VERB)
f3-valid-lemma-L (succian, succiare, VERB)
f3-different-lemma-pos (ubbriachi, ubbriaco, ADJ)

f3-missing (addobbamenti, addobbamento, NOUN) -

(disolate, desolato, ADJ)
(adirizare, addirizzare, VERB)
(succiare, succiare, VERB)

(ubbriaco, ubriaco, NOUN)

con entry.

The lemma is corrected to align with the
TLIO lexicon.

The triple is normalized using the lemma
assigned to the variant in the lexicon.

The triple is validated; the lemma is found
in the lexicon with matching POS.
Lemma and POS differ from the lexicon; no
change is applied.

Both the form and lemma are missing from
the lexicon; no change is made.

Table 4
Normalization examples for each phase.

Label

UD-Italian OId

GDLI-QC VGG

f1-match-found
f1-modified-lemma

117,586 (96.35%)
1,888 (1.55%)

35,270 (96.3%)
515 (1.41%)

104,071 (96.13%)
156 (0.14%)

f1-modified-lemma+pos 196 (0.16%) 92 (0.25%) 85 (0.08%)
f2-validated-lemma 579 (0.47%) 177 (0.48%) 2,325 (2.15%)
f2-different-pos 43 (0.04%) 53 (0.14%) 66 (0.06%)
f3-modified-lemma-L 3(0%) 5(0.01%) 29 (0.03%)
f3-valid-lemma-L 102 (0.08%) 23 (0.06%) 105 (0.1%)
f3-modified-lemma-F 563 (0.46%) 96 (0.26%) 35 (0.03%)
f3-valid-lemma-F 560 (0.46%) 59 (0.16%) 57 (0.05%)
f3-different-lemma-pos 410 (0.34%) 68 (0.19%) 408 (0.38%)
f3-missing 2062 (0.69%) 266 (0.73%) 924 (0.85%)

Table 5

Distribution of cases across the three normalization steps for each source.

Stanford Dependency Treebank) (Bosco et al. [18]). For
comparison purposes, we also trained a model using the
original, non-normalized versions of the historical cor-
pora. In the remainder of this paper, we refer to the model
trained on normalized data as NORM_Lem, and to the
one trained on unnormalized original data as ORIG_Lem.

To evaluate the performance of the NORM_Lem and
ORIG_Lem models, we conducted two sets of experi-
ments, each with a distinct objective. The first set was de-
signed to assess the impact of low-level versus high-level
normalization on lemmatization accuracy (Section 5.1).
For this purpose, we performed 5-fold cross-validation:
in each fold, the dataset was divided into a training set

(containing 14,419 sentences, corresponding to the 80%
of the full dataset), a validation set (4,806 sentences, 10%),
and a test set (4,806 sentences, 10%). As detailed in Table
6, the internal composition of the validation and test sets
was representative of the four different corpora used for
training in similar proportions.

The second set of experiments aimed to evaluate the
accuracy and robustness of the normalized lemmatization
model on an external historical corpus (Section 5.2). In
this case, the model was trained on the entire dataset
and tested on a selection of sentences from the MIDIA
corpus, which had been semi-automatically converted
into the UD format. This evaluation allowed us to test
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ISDT Italian-Old GDLI VGG
Fold Set Sents Toks Sents Toks Sents Toks Sents Toks
dev 61.55 53.58 14.58 20.84 2.11 6.72 21.76 18.86
1 test 60.84 52.19 14.74 21.67 2.08 6.25 22.34 19.90
train 62.66 52.79 15.20 21.96 0.73 6.55 21.41 18.71
dev 62.26 53.15 14.86 21.48 2.14 7.20 20.75 18.17
2 test 61.55 53.58 14.58 20.84 2.11 6.72 21.76 18.86
train 62.17 52.48 15.16 22.05 0.73 6.20 21.94 19.27
dev 61.94 52.66 15.15 21.82 2.06 6.43 20.84 19.08
3 test 62.26 53.15 14.86 21.48 2.14 7.20 20.75 18.17
train 62.05 52.79 14.96 21.75 0.73 6.25 22.25 19.21
dev 61.18 52.35 14.95 22.14 2.14 5.81 21.73 19.70
4 test 6194  52.66 15.15 21.82 2.06 6.43 20.84 19.08
train 62.41 53.14 14.93 21.49 0.74 6.75 21.92 18.61
dev 60.84 52.19 14.74 21.67 2.08 6.25 22.34 19.90
5 test 61.18 52.35 14.95 22.14 2.14 5.81 21.73 19.70
train 62.78 53.15 15.07 21.67 0.74 6.77 21.41 18.41

Table 6
Composition of folds (percentage of sentences and tokens).

the generalizability of the NORM_Lem model beyond the
data it was trained on.

5. Lemmatization Results

5.1. Low- vs High-level Normalization
Results

The first set of experiments was conducted using 5-fold
cross-validation. The NORM_Lem and the ORIG_Lem
models were tested on the normalized and original ver-
sions of the treebanks respectively. Table 7 presents the
accuracy scores for each fold, as well as for the entire
DEV and TEST sets. In all cases, the NORM_Lem model
consistently outperforms the ORIG_Lem model, both
across individual folds and on average. A reduction in
the number of incorrectly lemmatized tokens is observed
for source corpora, with the most notable improvement
in the UD-Italian Old corpus, where NORM_Lem yields a
0.38% decrease in lemmatization errors on both the DEV
and TEST sets. An exception to this trend is GDLI-QC, for
which both models show a slight drop in accuracy (-0.18
on both DEV and TEST). The VGG corpus is less affected
by normalization, showing a reduction in lemmatization
errors of 0.11%.

We also analysed the results by part-of-speech (POS).
Table 8 reports the error rates in the TEST set. Aside
from NUM (numerals), which is the worst-performing
category with an increase of errors with the NORM_Lem
model, the POS with the highest error rates (above 3%)
are AD]J, VERB, and PROPN, followed by NOUN and
PRON, with error rates of 2.37% and 1.87% respectively.
All other POS categories show error rates below 1%. Er-
rors involving ADJs and VERBs are mainly ascribable

to the ambiguous use of past participles, which often
alternate between verbal and adjectival function, a fre-
quent source of lemmatization errors. As for NOUNS, the
observed errors may also be linked to the treatment of
derived forms, whose lemmatization may not always be
consistent across treebank sources. Regarding NUM, the
category with the highest error rate, we noted that most
errors involve Roman numerals, often misinterpreted as
PROPN.

ORIG_Lem model

Fold Lemma Acc. (DEV) Lemma Acc. (TEST)
Fold 1 0.9827 0.9830
Fold 2 0.9817 0.9829
Fold 3 0.9824 0.9821
Fold 4 0.9830 0.9825
Fold 5 0.9828 0.9826
Average 0.9825 0.9826
NORM_Lem model
Fold Lemma Acc. (DEV) Lemma Acc. (TEST)
Fold 1 0.9851 0.9841
Fold 2 0.9841 0.9847
Fold 3 0.9852 0.9835
Fold 4 0.9852 0.9841
Fold 5 0.9847 0.9851
Average 0.9848 0.9843
Table 7

Lemma accuracy obtained with the ORIG_Lem and the
NORM_Lem models over 5-fold cross-validation on DEV and
TEST portions.
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POS ORIG_Lem NORM_Lem Note
ADJ 4.42 3.95 <
ADP 0.29 0.30 =
ADV 2.01 0.38 <
AUX 0.12 0.12 =
CCONJ 0.18 0.18 =
DET 0.76 0.75 <
NOUN 2.63 2.37 <
NUM 0.43 0.48 >
PRON 2.19 1.87
PROPN 3.66 3.61 <
PUNCT 0.18 0.18 =
SCONJ 0.23 0.22 <
VERB 3.88 3.63 <
Table 8

Percentage of erroneously lemmatized tokens by POS, ob-
tained by the ORIG_Lem and the NORM_Lem models on the
TEST sets.

5.2. Testing NORM_Lem with an External
Historical Corpus

In the second set of experiments, we focused on the
NORM_Lem model with the aim of evaluating its ac-
curacy and robustness on an external historical corpus.
The test set comprises a selection of sentences from the
MIDIA corpus, for a total of 5,116 tokens. The sentences
are acquired from ten different texts to ensure diversity
in terms of genre and period of composition. In fact, the
texts span a broad chronological range, from the early
14™ century to the mid-19" century, thus offering a rep-
resentative sample of linguistic variation across different
evolution stages of the Italian language. In terms of genre
distribution, the dataset includes three subsets of expos-
itory essays, three of scholarly or scientific texts, two
of literary prose texts, and two of personal correspon-
dence. This selection, which includes textual genres not
represented in the training corpus, aims to evaluate the
robustness of the NORM_Lem model in the face of stylis-
tic, genre, and diachronic variation.

The overall lemmatization accuracy achieved by the
NORM_Lem model on the external test set is 96.59%.
While this score is slightly lower than the average accu-
racy obtained in the 5-fold cross-validation experiment
described above, such a difference is expected given that
the test set comprises previously unseen texts that par-
tially differ both in genre and chronological coverage
from the training data. The slight performance drop
reflects the increased difficulty posed by domain shift,
particularly with respect to historical variation (in this
MIDIA sample there are periods which are not covered
in the training corpus) and text type.

A closer analysis of the accuracy of lemmatization over
time, shown in Figure 1, reveals that the performance
remains relatively stable over the centuries, with signifi-

Lemmatisation Accuracy

5
Year of Publication %

Figure 1: Lemmatization accuracy for different periods in the
MIDIA test.

cantly high values, ranging from 93.58% to 97.44%. The
lowest accuracy is observed for the text dated 1505 by
Leonardo Da Vinci (93.58%). However, this drop seems
more related to the complexity and idiosyncrasies of the
text’s genre (i.e., technical and fragmentary scientific
notes) rather than to its chronological distance. Exclud-
ing this outlier, lemmatization accuracy across the re-
maining texts shows limited variance, with most scores
clustering around 96-97%, indicating the robustness of
the model to diachronic variation.

The genre-based evaluation further confirms this trend.
The model performs best on personal correspondence
and expository texts, achieving in both cases an accuracy
of 96.94%, closely followed by literary prose (96.87%).
Slightly lower accuracy is recorded for scientific texts
(95.88%), very likely due to genre-specific linguistic char-
acteristics, such as technical terminology, irregular syn-
tax, and less standardized spelling. However, the per-
formance remains consistently high across all genres,
confirming the generalizability of the NORM_Lem model
to different types of historical texts.

An analysis of lemmatization errors by part-of-speech
(POS) on the external test set (Table 10) reveals patterns
that are largely consistent with those observed in the
five-fold evaluation, while also highlighting genre- and
domain-specific challenges. As in the internal evaluation,
AD]J, VERB, and PROPN remain among the POS with
the highest error rates, recording values of 9.59%, 6.71%,
and 6.80%, respectively, in the full test set. These results
confirm the persistent difficulty posed by adjectives and
verbs, often due to the ambiguous status of past partici-
ples that can function both as verbal and adjectival forms.
Errors in the PROPN category remain notably high, par-
ticularly in scientific texts (21.43%). However, this result
should be interpreted with caution, as it is influenced
by the low frequency of proper nouns in these texts. Al-
though the proportion of incorrectly lemmatized proper
nouns appears substantial, the scientific subcorpus con-
tains only 14 PROPN tokens in total. This small sample
size limits their overall impact on the test set and may in-
flate the observed error rate due to sampling effects. ADV,
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POS Expos. Letters Lit. Prose Science All Test
ADJ 5.83 6.67 6.49 16.26 9.59
ADP 0.48 0 0.63 0 0.29
ADV 1.96 3.17 2.7 0.8 1.83
AUX 0 0 0 0 0
CCON]J 0 0 0 2.35 0.68
DET 0 1.05 0 2.27 1
INT) 0 0 0.65 0 0
NOUN 6.83 6.82 5.73 6.3 6.41
NUM 10 0 0 0 2.70
PRON 4.92 5.56 6.67 3.7 4.88
PROPN 7.69 5.56 3.95 21.43 6.80
PUNCT 0 0 0 0 0
SCON]J 2.7 3.85 0 0 1.50
VERB 6.67 4.46 7.08 7.85 6.71
Global 3.06 3.06 3.13 4.12 3.41
Table 9

Percentage of erroneously lemmatized tokens by POS and by
genre obtained by the NORM_Lem model against the MIDIA
test set.

SCONYJ, and DET also show minor fluctuations in accu-
racy, but their overall contribution to the global error rate
remains limited. Errors in NOUN lemmatization reveal
a range of recurrent challenges, including both lexical
variation and morphological ambiguity. Several errors in-
volve orthographic variants or archaic spellings that are
typical of historical texts, such as uppinione lemmatized
as UPPINIONE (instead of OPINIONE), or phonological or
dialectal interference, e.g. ariento lemmatized as such
instead of ARGENTO. Other errors highlight semantic
or derivational mismatches, where the model fails to as-
sociate the inflected form with the appropriate lemma.
For example, the wordform diletti is incorrectly lemma-
tized as DILETTARE (VERB) rather than piLerto (NOUN).
Finally, some errors involve mislemmatization due to
homography or syntactic ambiguity, as seen, e.g., with
mostra lemmatized as MOSTRARE, where the model in-
correctly assumes a verbal or adjectival interpretation.
Such cases may be tied to the POS-lemmatization interac-
tion, where contextually ambiguous forms are resolved
incorrectly, possibly due to inconsistent POS-tag/lemma
alignments in training data.

Interestingly, NUM errors are less prominent in the
external test set compared to the five-fold validation,
likely due to the lower frequency of Roman numerals
or a more predictable usage context. Other categories
such as ADP, CCON]J, and AUX remain highly stable,
with error rates below 1%, suggesting that closed-class
words are generally well handled by the model, even in
previously unseen texts.

Overall, the distribution of errors confirms the robust-
ness of the NORM_Lem model across POS categories,
while also emphasizing the influence of genre-specific
lexical and morphological variation, particularly in sci-
entific and early modern texts.

Last but not least, we analyzed how the NORM_Lem

Genre Wrong  Correct
Letters 0.25 0.75
Lit.Prose 0.30 0.70
Science 0.35 0.65
Expositive 0.35 0.65
All 0.32 0.68

Table 10
Percentage of wrong and correct lemma predictions by genre
in Out-of-vocabular words.

model handles the challenge of Out-Of-Vocabulary (OOV)
words — i.e., words not included in the pre-trained vo-
cabulary — which typically lead to degraded model per-
formance. The results reported in Table 10 are consistent
with our previous observations: the highest percentage of
incorrect predictions is found in Science and Expository
texts (35%). This percentage decreases to 30% in Literary
Prose and to 25% in Letters. We further examined the
incorrect predictions by part of speech (POS), revealing
that the most problematic categories are still NOUNs
(30%), VERBs (27%), ADJECTIVEs (22%), and PROPER
NOUNSs (5%), which together account for 84% of the er-
rors in OOV words. A closer inspection of individual
cases suggests that there is still room for improvement:
several errors are due to case mismatches, while others
involve derivative formations.

6. Conclusion and Future Work

This paper has addressed the role and impact of differ-
ent lemma definition strategies in automatic lemmati-
zation, with a particular focus on historical language
varieties. Specifically, we presented a comparative study
of two lemmatization strategies for historical Italian:
a conservative approach and a normalized one. The
model trained on normalized data (NORM_Lem) was
compared to a counterpart trained on unnormalized cor-
pora, ie. following a conservative lemmatization ap-
proach (ORIG_Lem). Both models were evaluated intrin-
sically via five-fold cross-validation. Results consistently
favored the NORM_Lem model, which outperformed
ORIG_Lem across all folds, achieving higher accuracy
and reducing the number of incorrectly lemmatized to-
kens.

To further evaluate the effectiveness and generaliza-
tion capacity of the NORM_Lem model, we tested it on
an external dataset including textual genres and histor-
ical periods not represented in the training data. Al-
though overall accuracy on this out-of-domain test set
was slightly lower — due to domain and temporal varia-
tion — the model maintained strong generalization capa-
bilities, with stable lemmatization accuracy across differ-
ent historical periods. From a genre-specific perspective,
lower accuracy was observed in scientific texts, where
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challenges such as domain-specific terminology and La-
tinized proper names were more prominent. A detailed
POS-based error analysis confirmed that adjectives, verbs,
and proper nouns remain problematic, often due e.g.
to morphological ambiguity or derivational complexity.
These findings align with previous observations on the
limitations of character-based neural models in captur-
ing morpho-syntactic regularities in low-frequency or
irregular data, especially in historical language varieties.

Overall, our results provide empirical evidence that
high-level normalized lemmatization improves the per-
formance of data-driven models applied to morphologi-
cally rich and orthographically variable languages like
historical Italian. In particular, high-level normalization
emerges as a valuable preprocessing step for lemmati-
zation tasks involving historical corpora. However, the
trade-off between normalization and linguistic fidelity
should be carefully considered, especially in philologi-
cal or interpretative contexts where access to attested
variants is essential.

Future work will explore hybrid approaches that com-
bine normalization with variant-aware lemmatization
strategies, potentially through multitask learning or post-
lemmatization clustering techniques. Another promis-
ing direction involves assessing the impact of different
lemmatization strategies on downstream tasks — such
as information retrieval, syntactic parsing, or historical
named entity recognition — in order to evaluate their
broader utility within practical NLP pipelines.
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Abstract

Urban policy makers require comprehensive insights into transportation issues and demographic distributions to design
equitable and efficient infrastructure. However, analyzing multi-modal data (numeric and visual) while accounting for
diverse perspectives remains challenging. To address this, we propose PeRAG, a novel pipeline combining multi-modal
perspective-oriented verbalization with Retrieval-Augmented Generation (RAG). Our approach first converts numeric trans-
portation/demographic data and population heatmaps into natural language descriptions using LLaMA, incorporating multiple
policy-relevant perspectives. These verbalizations are then fed into the RAG system to generate context-aware, perspective-
driven responses for urban planners. We demonstrate the effectiveness of PeRAG in generating actionable insights for
transportation policy, bridging the gap between raw data and decision-making. Our experiments highlight the pipeline’s
ability to handle heterogeneous data modalities while adapting to diverse stakeholder viewpoints, offering a scalable solution

for smart city analytics.
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1. Introduction

Urban policy makers face significant challenges in de-
signing equitable transportation systems due to the com-
plex interplay of demographic shifts, infrastructure con-
straints, and socio-economic disparities [1]. Raw data
(e.g., transit logs, census metrics, heatmaps) is often
siloed, requiring labor-intensive integration to derive
insights [2, 3]. While NLP and computer vision tech-
niques have been applied to urban analytics, they typi-
cally treat data modalities independently, ignoring the
need for cross-modal reasoning (e.g., correlating heatmap
patterns with numeric poverty indices) [4]. This limits
their utility for policy decisions requiring holistic, inter-
pretable inputs.

In recent years, advances in machine learning and NLP
have enabled new forms of automated data interpretation,
particularly in multimodal settings where information
spans both structured and unstructured modalities [5].
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Urban environments provide a rich case for multimodal
reasoning: data can include numerical variables (e.g., pop-
ulation size, number of transport lines), visual artifacts
(e.g., heatmaps of population density), and geographical
descriptors (e.g., district boundaries). Integrating and
interpreting these different modalities coherently is es-
sential for supporting informed decision-making.

One of the emerging challenges in this context is
perspective-aware verbalization, the task of transform-
ing multimodal data into textual descriptions that reflect
different analytical or stakeholder viewpoints [6]. For
instance, the same urban dataset can be verbalized from a
demographics perspective (“This area has a high popula-
tion of elderly residents”) or a transportation accessibility
perspective (“This zone has limited coverage of public
transport lines despite high population density”). Gener-
ating such targeted descriptions from numeric and image
data requires models that understand not only the input
modalities but also the intended angle of interpretation
[7]. This introduces both linguistic complexity—in choos-
ing appropriate vocabulary, structure, and focus—and
reasoning complexity—in determining what information
is salient for a given perspective.

These challenges compound when integrated into
retrieval-augmented generation (RAG) pipelines. Tra-
ditional RAG frameworks are typically designed for text-
based retrieval from large knowledge bases; extending
them to operate over generated textual representations
of multimodal data introduces new issues: retrieval is
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only as effective as the fidelity and perspective alignment
of the verbalized input, and generation must remain fac-
tual, grounded, and contextually relevant [8]. Moreover,
multimodal verbalizations are often more compact and
abstract than traditional long-form documents, which
poses difficulties in relevance ranking and context-aware
generation.

In this work, we investigate the following core research
questions:

1. How can multimodal data (numeric and visual)
be verbalized in a perspective-aware manner to
support policy-level interpretation?

2. What are the linguistic and functional trade-offs
between zero-shot and few-shot verbalization ap-
proaches in this context?

3. Can a lightweight, locally-deployable RAG
pipeline (PeRAG) effectively answer urban policy
questions when built on top of such verbaliza-
tions?

4. How does the factuality and utility of such a sys-
tem compare to general-purpose LLMs, especially
in high-stakes policy scenarios?

To address these questions, we present PeRAG, a novel
framework that combines multimodal data verbalization
with a perspective-aware Retrieval-Augmented Genera-
tion pipeline. Our work is based on a custom dataset for
the city of Turin, comprising over 7,000 examples across
multiple years (2012-2019), including 31 features cover-
ing demographics, transportation, and traffic. We ver-
balize both numeric and heatmap data into English sum-
maries across several perspectives (e.g., demographics-
focused, transport lines-focused, temporal shifts), using
LLaMA-3.1-8B for the verbalization of numeric data, and
LLaMA-3.2-11B-Vision for the verbalization of heatmap
data in zero-shot and few-shot settings. These verbal-
izations serve as the retrievable memory in a Gemma-3-
4B-IT-powered RAG system, which supports question-
answering on urban policy issues. All models are run
locally to ensure data privacy and control.

Our key contributions are as follows:

« We introduce a multi-modal perspective-aware
verbalization pipeline that generates textual sum-
maries from numeric and image data for urban
policy domains.

» We propose and implement PeRAG, a lightweight
RAG-based QA framework grounded in mul-
timodal verbalizations, optimized for locally-
deployable urban analytics.

« We explore and analyze zero-shot vs. few-shot
verbalization strategies in real-world settings,
providing insight into generation fidelity and per-
spective alignment.

+ We conduct human evaluation and qualitative
analysis to assess factuality and relevance, and
compare PeRAG outputs against general-purpose
LLMs.

The rest of this paper is organized as follows: Section 2
reviews related work in multimodal NLP, verbalization,
and RAG systems. Section 3 describes the methodology,
including dataset details, verbalization techniques, and
system architecture. Section 4 outlines our experimental
setup. Section 5 presents results from verbalization and
QA evaluations. Section 6 offers a detailed analysis and
discussion. Section 7 concludes the paper and outlines
directions for future work.

2. Related Work

Perspectivism in NLP is an emerging approach that em-
phasizes representing and reasoning with multiple, po-
tentially divergent, viewpoints. Traditional NLP systems
often adopt a mono-perspective stance, optimizing for a
generalized “truth” or majority viewpoint. In contrast,
recent work has called for more inclusive approaches that
recognize and operationalize multiple coexisting view-
points [9, 10].

In this context, Data Perspectivism [10] proposes that
Al systems—especially in socially sensitive domains—
should be capable of tailoring outputs to the values and
expectations of distinct population segments. Though
this paradigm has influenced tasks in Natural Language
Understanding (NLU), its application in Natural Lan-
guage Generation (NLG)—especially from heterogeneous
data sources—is still under-explored. Our work ad-
dresses this gap by extending perspectivist reasoning
to the generation of text from multimodal data, creating
perspective-conditioned verbalizations that help commu-
nicate the same data through different analytical and
social lenses.

Current multi-modal NLP approaches integrate struc-
tured and unstructured sources—such as tables, images,
and text—but usually with the aim of generating a single
canonical description (e.g., image captioning or data-to-
text generation). What is largely missing is the ability
to generate multiple alternative descriptions of the same
input, each aligned with a distinct interpretive frame.

Our work situates itself uniquely at this intersection—
producing diverse textual outputs from structured nu-
meric and image-based urban data, each representing a
different lens (e.g., accessibility for elderly residents, en-
vironmental concerns, transit network optimization). In
this way, we operationalize perspectivism across modal-
ities and offer diverse conditioned NLG from heteroge-
neous sources, a setting largely unexplored in current
literature.
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A major research avenue in knowledge-enhanced
language modeling is Retrieval-Augmented Generation
(RAG), in which a retriever module selects relevant tex-
tual passages from a knowledge base that are then fed into
a generator to produce a grounded, informative response
[8, 11]. This has been particularly effective in tasks like
open-domain QA, summarization, and dialogue. Vari-
ants such as MuRAG [12] have explored incorporating
multiple modalities into retrieval pipelines.

In our work, we adapt and extend the RAG architec-
ture for perspective-aware generation by populating the
retrieval index with natural language verbalizations that
encode distinct viewpoints over the same input data. Un-
like knowledge injection methods that incorporate triplet-
based structured knowledge [13], we work purely with
free-text verbalizations generated from multimodal data.
The retriever retrieves relevant perspective-conditioned
passages, and the generator uses them to compose con-
textually rich, stakeholder-specific responses. This re-
sults in a system—PeRAG (Perspective-aware RAG)—that
enables context-sensitive generation not just based on
topical relevance but on the interpretive stance encoded
in the input text passages. To the best of our knowl-
edge, PeRAG represents the first instantiation of RAG
tailored for multi-perspective decision support in urban
governance contexts.

Although LLMs such as ChatGPT and GPT-3 [14] have
shown great success in general-purpose generation tasks,
their application in decision-making processes has been
limited by a lack of specificity and contextual adaptation
[15]. Generic outputs are often insufficient in high-stakes
domains like urban planning, where conflicting group
needs (e.g., between commuters, the elderly, and environ-
mentally conscious citizens) must be mediated through
nuanced communication strategies. Efforts like BLOOM
[16] have underlined the importance of transparent, rep-
resentative training data, particularly for multilingual set-
tings. However, our implementation is currently focused
on English language generation, which remains domi-
nant in LLM infrastructure and evaluation. By operating
entirely in English while incorporating multi-perspective
reasoning, our approach can generalize to multilingual
contexts in future iterations but already demonstrates
strong utility in data-rich governance scenarios [17].

3. Methodology

Our methodology introduces a novel pipeline that bridges
heterogeneous urban data and perspective-aware nat-
ural language generation using a tailored Retrieval-
Augmented Generation (RAG) architecture. The fol-
lowing subsections detail our approach to homogeniz-
ing structured inputs, dataset preparation, verbalization
strategies, system design, and evaluation.

RAG Modules

Perspective

Multi-Modal Data Inclusion

Verbalized Text
Perspectives

Verbalization

Model Response
through LLM "

Analysis

Figure 1: PeRAG: Perspective inclusive pipeline with RAG

3.1. Homogenizing Heterogeneous Urban
Data for RAG

Unlike conventional RAG systems that are designed to
interface with a variety of knowledge representations—
including tables, RDF triples, JSON schemas, and unstruc-
tured documents—our approach standardizes heteroge-
neous urban data into a unified format of unstructured
textual narratives. This design choice fundamentally sim-
plifies the retrieval mechanism and maximizes compati-
bility with LLM-based generation models. Rather than
adapting the retriever to handle multiple data represen-
tations, we adopt a single retriever pipeline enabled by
transforming structured data, including tables, geospatial
indicators, and statistical measures, into natural language
paragraphs. The resulting textual narratives are semanti-
cally enriched and explicitly crafted to reflect distinct an-
alytical perspectives, ensuring that core domain-specific
patterns are preserved while adapting the framing to
match varied stakeholder viewpoints.

The homogenization approach offers several key ad-
vantages for urban policy applications. First, retrieval
simplification is achieved through a unified represen-
tation that allows for a single dense retriever without
requiring modality-specific modules, reducing system
complexity and computational overhead. Second, our ap-
proach enables cross-modal comparability by facilitating
reasoning across different data types, such as comparing
demographics with transportation patterns through uni-
form verbal representations. Third, LLM compatibility is
naturally reinforced by using natural language as both
input and output, aligning with the intrinsic design of
generative models and enabling seamless integration into
query-response pipelines. Figure 1 outlines how PeRAG’s
components, multi-modal data, verbalization, perspec-
tive inclusion, RAG modules, and evaluation, integrate
within the pipeline.

3.2. Dataset Description

The dataset comprises 7,019 urban data records cover-
ing Turin’s geography, demography, and transportation
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systems from 2012 to 2019, offering a comprehensive
longitudinal view of urban dynamics.

The data encompasses 3,850 census areas, which are
portions of municipal territory organised in polygons,
used by ISTAT' to divide the city into manageable, sta-
tistically meaningful areas. Demographic information
about each census area is collected with respect to size
and population distribution. Special attention is given
to urban vulnerabilities, housing conditions, migration
flows, and demographic changes in specific neighbor-
hoods. Census areas can vary significantly in both size
and demographic characteristics—they can be as small as
a single street or encompass an entire residential block.
For this reason, the census areas differ greatly from one
another.

The census area is the smallest territorial unit used for
analysis and is organized into 93 statistical zones. Sta-
tistical zones are aggregations of multiple census tracts
and represent one of the intra-municipal territorial units
into which the territory of the City of Turin is divided.
In turn, the statistical zones are grouped into 9 districts -
territorial subdivisions over which the local civil author-
ity exercises its functions. This hierarchy of spatial units
provides multiple levels of geographical granularity for
analysis, enabling both fine-grained local insights and
broader district-level policy evaluation. Additionally, the
data for each census area is available for two reference
years: 2012 and 2019, allowing for temporal comparisons
across various dimensions. The dataset includes 31 struc-
tured features for each census-year tuple, systematically
categorized into four primary domains.

Demographic information includes population den-
sity, gender distribution, age brackets, foreign residents,
and the number of families, providing a comprehensive
population profile. Additionally, the density of each de-
mographic is calculated within a 500-meter buffer from
the centroid of each census area. This approach accounts
for the spatial distribution of density and makes the areas
more comparable in terms of population concentration
and access to services.

Public transport metrics include stop and line density,
as well as connectivity indicators that measure how well
each census area is linked to others in terms of acces-
sibility and network coverage. Geographical identifiers
encompass census codes, dimensions, statistical zones,
district names, and boundaries that enable spatial analy-
sis and policy targeting. Traffic and safety data document
the number of accidents, vehicle involvement patterns,
and the number of public transport incidents, support-
ing risk assessment and safety planning initiatives. This
collection represents a significant expansion, enabling
richer temporal and spatial analyses that capture urban
evolution patterns and long-term policy impacts. The lon-

!National Institute of Statistics: https://www.istat.it/

gitudinal scope allows for trend identification, seasonal
pattern analysis, and evaluation of policy interventions
over time.

The dataset was constructed by integrating multiple
sources: all demographic data was obtained from the
GeoPiemonte” portal, while public transport, traffic, and
safety data were provided by Gruppo Torinese Trasporti
(GTT)?, which manages public transport services includ-
ing urban, suburban, and extra urban routes, as well as
tram and metro lines.

3.3. Perspective-Aware Verbalization of
Urban Data

To enable retrieval over rich, interpretable textual data,
we developed an Urban Data Verbalization System that
translates structured urban records into fluent natural
language narratives using large language models (LLMs).
This system addresses the fundamental challenge of trans-
forming quantitative urban data into qualitative insights
that align with different stakeholder perspectives and
analytical frameworks.

3.3.1. Verbalization

Our verbalization pipeline employs LLaMA-3.1-8B as the
default model for processing numerical data and LLaMA-
3.2-11B-Vision for processing heatmaps. The selection of
these models allows us to maintain compatibility with
other LLMs, ensuring both flexibility and reproducibil-
ity. We implement two primary verbalization strategies
to balance generation quality with computational effi-
ciency. Zero-shot verbalization allows the model to gen-
erate descriptions without specific examples, providing
maximum creative freedom but potentially sacrificing
consistency. Few-shot verbalization employs carefully
curated single-shot examples that guide narrative style
while preserving creative expression, resulting in more
consistent and domain-appropriate outputs.

The system utilizes handcrafted prompts specifically
designed to elicit structured yet non-hallucinatory sum-
maries for each data record, ensuring factual accuracy
while maintaining linguistic diversity. Two distinct
prompt templates are employed: one for processing nu-
merical tabular data using LLaMA-3.1-8B (see Table 6),
and another for processing heatmap visualizations using
LLaMA-3.2-11B-Vision (see Table 5). Complete prompt
examples for both verbalization modalities are provided
in Appendix C to ensure reproducibility. In both LLaMA
configurations, generation control is achieved through
carefully tuned parameters, including temperature set to
0.6 for optimal creativity balance, top-5 sampling at 0.9
for response diversity, repetition penalty of 1.2 to ensure

Zhttps://geoportale.igr.piemonte.it/cms/
Shttps://www.gtt.to.it/cms/
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coherence, and the maximum token length is set to 512
for the 8B version and 1024 for the 11B-Vision version to
support concise yet informative descriptions.

Each structured record is transformed into multiple
narrative versions conditioned on distinct stakeholder
perspectives. These include accessibility-oriented plan-
ning focusing on mobility and inclusion, safety and
equity perspectives highlighting transportation risks
and distribution fairness, and demographic inclusion ad-
dressing the needs of diverse populations. This multi-
perspective approach ensures that verbalizations tran-
scend generic summaries and address the specific ana-
lytical needs of different urban stakeholders. Table 3,
presented in Appendix A, provides an example of this
type of verbalization, illustrating both a general narrative
and its corresponding multi-perspective version.

3.3.2. Quality Assessment and Validation

Unlike conventional LLM-generated general texts, which
often suffer from loss of specificity, repetitiveness, or
context ignorance, our perspective-aware narratives em-
phasize trends, deficiencies, and socio-geographic fac-
tors of particular interest to diverse urban stakeholders.
The annotation protocol involved a systematic evalua-
tion across four key dimensions: (1) contextual relevance
whether the verbalization appropriately captures the ur-
ban context and stakeholder perspective, (2) information
accuracy alignment between the verbalized content and
source data, (3) coverage of information aspects com-
pleteness of perspective-specific elements in the verbal-
ization, and (4) data factuality dealing with absence of
hallucinations or fabricated information. Three expert
annotators, including two postdoctoral researchers and
one NLP researcher, independently evaluated a random
sample of generated narratives for each dimension. Given
the exploratory nature of this novel task and time con-
straints, a focused evaluation was conducted on a care-
fully selected subset of examples, with annotation dis-
putes resolved through collaborative discussion among
the research team. Their comprehensive assessment con-
firmed the validity, relevance, and framing alignment
of perspective-aware verbalizations, providing empiri-
cal support for their use in downstream RAG generation
tasks.

To mitigate potential ambiguities introduced during
the natural language verbalization process, our approach
incorporates several safeguards. First, the verbalization
prompts explicitly instruct models to use exact numerical
values without modification or approximation, prevent-
ing quantitative distortions. Second, the prompts restrict
models from drawing conclusions, making assumptions,
or interpreting data significance, thereby reducing in-
terpretive ambiguity. Third, during the annotation pro-
cess, evaluators specifically assessed verbalizations for

information accuracy and data factuality, identifying in-
stances where ambiguous phrasing might misrepresent
the underlying data. Additionally, the multi-perspective
approach inherently reduces ambiguity by providing ex-
plicit analytical framing, rather than generating generic
descriptions that could be interpreted in multiple ways.

3.4. Perspective-Aware RAG (PeRAG)

PeRAG extends the traditional RAG paradigm to han-
dle structured urban data through its verbalized form,
creating a novel architecture specifically designed for
perspective-aware policy support. The system integrates
retrieval and generation components that work syner-
gistically to provide contextually relevant and factually
grounded responses to complex urban planning queries.

3.4.1. Retrieval Module

The retrieval module employs the all-mpnet-base-v2 sen-
tence transformer for dense vector encoding, chosen for
its superior performance on semantic similarity tasks and
computational efficiency. Text chunking is implemented
using a token-based approach with a chunk size set to
500 tokens and an overlap of 50 tokens to ensure seman-
tic continuity across chunk boundaries. This strategy
ensures that semantically related content remains within
the same retrievable segment, preserving coherence and
relevance across retrieval operations.

The retrieval mechanism operates through cosine
similarity-based semantic ranking with configurable top-
k retrieval, defaulting to 5 results to balance compre-
hensiveness with computational efficiency. The system
maintains comprehensive provenance metadata for com-
plete traceability, enabling users and analysts to verify
the source of retrieved information and ensuring account-
ability in policy-relevant applications.

3.4.2. Generation Module

The generation module utilizes Gemma-3-4B-IT as the
default model while supporting any causal decoder-based
large language model to ensure adaptability across differ-
ent computational environments. The module processes
user queries alongside retrieved perspective-aligned nar-
ratives using carefully engineered prompts that structure
the input format as query plus perspective narratives.

Generation parameters are optimized for policy appli-
cations, with a temperature of 0.7 balancing creativity
and factuality, and a 512-token limit ensuring brevity
without sacrificing informational depth. The system
demonstrates robust capability in responding to com-
plex urban planning questions, supporting district-wise
comparisons, demographic-transport correlations, safety
and infrastructure assessments, and trend identification
over temporal dimensions.
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3.5. Implementation and System
Efficiency

The full system is implemented in Python, leveraging
PyTorch and Hugging Face Transformers for deep learn-
ing and natural language processing tasks, alongside
SentenceTransformers for semantic retrieval capabilities.
The implementation includes comprehensive batch pro-
cessing capabilities with integrated performance moni-
toring to ensure scalable operation across large datasets.
GPU acceleration with automatic device detection opti-
mizes computational efficiency while maintaining com-
patibility across different hardware configurations.

The system architecture incorporates detailed logging
for each transformation step, enabling comprehensive de-
bugging and performance analysis. Key operational fea-
tures include support for batch verbalization, which pro-
cesses multiple records simultaneously; real-time query-
ing capabilities for interactive policy analysis; and modu-
lar model swapping, allowing for easy adaptation to dif-
ferent language models or domain-specific requirements.
This implementation approach ensures both research
reproducibility and practical deployment feasibility for
real-world urban policy applications. The source code for
our PeRAG system, along with the various verbalization
configurations, is publicly available at the following link*

4. Experimentation

Our experimental evaluation is designed to assess the
effectiveness of perspective-aware verbalization and the
overall performance of the PeRAG system in supporting
urban policy decision-making. We conduct experiments
across two primary dimensions: verbalization quality
assessment and end-to-end system performance evalua-
tion. All experiments are performed on locally deployed
models to ensure data privacy and reproducibility, using
NVIDIA GPUs for computational acceleration.

The experimental framework evaluates our system
against several key research questions established in the
introduction: the effectiveness of perspective-aware ver-
balization compared to general approaches, the compar-
ative performance of zero-shot versus few-shot verbal-
ization strategies, the utility of PeRAG for urban policy
question answering, and the factuality and relevance of
system outputs compared to general-purpose large lan-
guage models.

4.1. Verbalization Evaluation Protocol

We conduct a systematic comparison between gen-
eral verbalization, i.e., template-based approach, and

“Code and dataset are available at https://github.com/MasterHoracio/
CLiC-it-HARMONIA. git.

perspective-aware verbalization approaches using our
Turin dataset. General verbalization employs stan-
dard data-to-text generation without specific perspec-
tive conditioning, while perspective-aware verbaliza-
tion generates targeted descriptions aligned with spe-
cific stakeholder viewpoints, including demographics-
focused, transportation infrastructure-focused, temporal
analysis, and deficiency assessment perspectives.

A random sample of 200 data records is selected for
detailed verbalization analysis, ensuring representation
across different districts, time periods, and demographic
profiles. Our multi-modal dataset is processed through
both zero-shot and few-shot verbalization strategies for
each perspective type, generating a comprehensive cor-
pus of verbalized descriptions for comparative evaluation.

For the verbalization quality assessment, two authors
jointly annotated three representative examples in a
structured meeting format, with any disagreements re-
solved through immediate discussion. While the limited
sample size (n = 3) precluded formal inter-annotator
agreement (IAA) calculation using Cohen or Fleiss’
Kappa, the collaborative annotation process ensured con-
sistency in evaluation criteria application. Future work
will expand the annotation sample size to enable robust
inter-annotator reliability metrics.

4.2. System Performance Evaluation

We develop a comprehensive set of 25 urban policy-
oriented questions that span different complexity lev-
els and analytical requirements. The question set in-
cludes factual queries about specific demographic or
transportation metrics, comparative questions requiring
cross-district or temporal analysis, analytical questions
demanding trend identification and causal reasoning,
and policy-oriented questions seeking recommendations
based on data insights.

Questions are categorized by type (factual, compara-
tive, analytical, policy-oriented), complexity level (sim-
ple, moderate, complex), and required perspective align-
ment (demographics, infrastructure, temporal, deficiency-
focused). This categorization enables a systematic assess-
ment of system performance across different query types
and complexity levels.

System performance is evaluated against multiple
baseline approaches to assess the contribution of our
perspective-aware framework. These baselines involve
querying general-purpose LLMs without access to urban-
specific data. For this purpose, we use the Gemini 2.0
Flash and GPT-40 Mini models. Additionally, we evalu-
ate RAG systems using general (non-perspective-aware)
verbalizations under both zero-shot and few-shot con-
figurations. Each baseline is tested using the same set
of questions and evaluation criteria to ensure a fair and
consistent comparison.
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4.3. Evaluation Metrics

In order to evaluate the performance of our proposed
perspective-aware framework, as well as all the baseline
approaches, we employ the Retrieval Augmented Gener-
ation Assessment (RAGAS) framework, specifically de-
signed for reference-free evaluation of RAG pipelines
[18]. This framework defines three main metrics. The
first, faithfulness, measures whether the answer accu-
rately reflects information that can be directly inferred
from the given context. The second, answer relevance,
evaluates whether the answer directly and appropriately
responds to the given question, without being incomplete
or redundant. Finally, the third metric, context relevance,
assesses how well the context includes only the neces-
sary information to answer the question, avoiding redun-
dancy. For a detailed explanation, we refer the reader to
the following paper [18].

5. Results

Table 1 presents the evaluation results for the different
configurations considered. The first section of the ta-
ble (rows 2 and 3) shows the results obtained by directly
querying the LLMs without providing any additional con-
text. It is important to note that the faithfulness and con-
text relevance metrics could not be computed in this case,
as both require access to the retrieved context. Neverthe-
less, the answer relevance scores reveal low performance
for both models. This can be attributed to the fact that
most of the responses were of the type ‘T cannot answer
the question due to lack of necessary data”. Specifically,
GPT-40 responded this way in 21 out of 25 cases, while
Gemini 2.0 did so in 18 out of 25. Overall, Gemini demon-
strated marginally better performance in this setting.

Additionally, Table 1 also compares the performance
of general verbalizations using zero-shot and few-shot
configurations. These results are shown in the second
section of the table (rows 4 and 5). As can be observed, the
answer relevance scores are higher than those obtained by
the previously evaluated LLMs, which can be attributed
to the incorporation of relevant information retrieved
by the retrieval module. When comparing the general
verbalization settings, we observe that the few-shot con-
figuration outperforms the zero-shot setting across all
three evaluation metrics, with an average improvement
of 6%. This gain is likely due to the higher quality and
greater level of detail present in the verbalizations gener-
ated under the few-shot configuration.

Finally, we present the evaluation results of our pro-
posed PeRAG system. As shown, it achieves the highest
scores across all three evaluation metrics, with an average
improvement of 20% compared to the best-performing
general verbalization configuration. Overall, the highest
metric score was obtained in faithfulness, indicating that

Table 1

Evaluation results for the considered reference-free metrics.
Reported values correspond to the average over the 25 evalua-
tion questions. The prefixes ZS and FS indicate the zero-shot
and few-shot configurations of the general verbalization.

Approach ‘ Faithfulness ‘ Answer R. ‘ Context R.

GPT-40 | - | o134 | -
Gemini 2.0 | - | 0163 | -
ZS-RAG | 0.685 | 0582 | 0166
FS-RAG | 0.725 | 0595 | o0.184
PeRAG |  0.793 | o626 | 0272

the responses generated by the PeRAG system effectively
leverage information inferred from the provided context.
On the other hand, the lowest score—both for PeRAG
and previous configurations—was observed in the context
relevance metric. This may be attributed to the diversity
of information retrieved by the retriever module, which
stems from the chunk partitioning strategy used. In par-
ticular, this strategy incorporated independent general
and multi-perspective verbalizations for each district,
zone, Or Census area.

6. Analysis

To gain deeper insight into the performance of our pro-
posed PeRAG pipeline, this section presents a quantita-
tive and qualitative analysis of the generated responses.
In particular, we conduct a comparative evaluation of the
answers produced by the RAG system using the different
types of verbalizations. For this analysis, we randomly
sample three questions from our set of 25, focusing on the
demographic and transportation perspectives. The selec-
tion of three questions for detailed BERTScore analysis
was determined by several practical constraints. First,
generating reference factual answers for comparative
evaluation requires extensive manual verification against
the original Turin dataset, which is a time-intensive pro-
cess involving careful cross-referencing of multiple data
sources and temporal dimensions. Second, as this rep-
resents an initial exploration of a novel task combin-
ing multi-modal verbalization with perspective-aware
RAG, we prioritized depth over breadth in the qualita-
tive analysis to thoroughly examine the mechanisms un-
derlying performance differences between general and
perspective-aware verbalizations. Third, the computa-
tional overhead of generating responses across all verbal-
ization configurations and computing detailed semantic
similarity metrics scales considerably with the number
of questions analyzed. The three selected questions were
chosen to represent different complexity levels and ana-
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lytical requirements.

For each of these questions, we generate a reference
factual answer by manually extracting and synthesiz-
ing the relevant information directly from the original
Turin dataset. The reference answer generation process
involves several systematic steps: (1) identifying the
specific data fields and temporal dimensions required
to answer each question, (2) querying the structured
dataset to retrieve exact numerical values for the rel-
evant census areas, statistical zones, or districts, (3) per-
forming necessary aggregations or comparisons across
the 2012-2019 timeframe where temporal analysis is re-
quired, and (4) formulating a concise factual response
that accurately reflects the quantitative findings without
interpretive bias. For instance, for questions involving
demographic trends, reference answers include precise
population counts, percentage changes, and specific de-
mographic categories affected, all derived directly from
the census data. This manual reference generation pro-
cess, while labor-intensive, provides ground-truth an-
swers that serve as reliable baselines for evaluating the
factual accuracy and completeness of system-generated
responses through semantic similarity metrics. We use
the BERTScore metric [19], a widely adopted measure
of semantic similarity between a generated text and a
reference [20]. Finally, we present a discussion highlight-
ing the strengths and weaknesses of the PeRAG pipeline
compared to general verbalizations.

Table 2 presents the BERTScore evaluation results for
the three randomly selected questions. The first section of
the table (rows 2 and 3) reports the results for the general
verbalizations, where the few-shot configuration achieves
the highest scores across all BERTScore metrics. These
outcomes are consistent with the trends observed in the
reference-free evaluation metrics. The second section
of the table shows the results for our PeRAG pipeline,
which consistently achieves the best performance across
all three metrics, further reinforcing the findings obtained
through the reference-free evaluation.

We acknowledge that the BERTScore analysis based
on three questions represents a preliminary assessment
of semantic similarity performance, and the limited sam-
ple size constrains the statistical generalizability of these
findings. The selection was necessitated by the substan-
tial manual effort required for reference answer genera-
tion and verification against the multi-dimensional Turin
dataset. Each reference answer requires careful extrac-
tion and synthesis of information across multiple data
fields, temporal dimensions, and geographical units, fol-
lowed by independent verification by domain experts.
While these three questions provide initial evidence of
PeRAG’s superior semantic alignment with ground truth
data, we recognize that broader systematic analysis is
essential for robust conclusions. Future work will im-
plement automated reference generation procedures and

expand the evaluation to cover the complete 25-question
set, enabling more comprehensive statistical analysis of
semantic similarity performance across different ques-
tion types, complexity levels, and analytical perspectives.
Additionally, we plan to incorporate multiple semantic
similarity metrics beyond BERTScore to provide a more
comprehensive assessment of response quality and fac-
tual alignment.

Table 2

Evaluation results based on BERTScore. The columns report
the macro-average recall, precision, and Fy score across the
three randomly selected questions. The prefixes ZS and FS
indicate the zero-shot and few-shot configurations of the gen-
eral verbalization.

Approach | Recall | Precision | F;
ZS-RAG | 0818 | 0831 | 0821
FS-RAG | 0837 | 0852 | 0846
PeRAG | 0.851 | 0873 | 0.862

An important consideration in our verbalization ap-
proach is the management of potential linguistic ambi-
guities that could impact downstream RAG performance.
Our analysis of generated verbalizations reveals that
perspective-aware conditioning significantly reduces in-
terpretive ambiguity compared to general verbalization
approaches. For instance, when describing transporta-
tion infrastructure, general verbalizations might use am-
biguous terms like ‘adequate coverage’ or ‘reasonable
accessibility’, whereas perspective-aware verbalizations
provide specific contextual framing, such as ‘limited ac-
cessibility for elderly residents due to sparse stop density
in residential areas’. This specificity not only reduces am-
biguity but also enhances retrieval precision, as queries
can be matched more accurately to relevant perspective-
conditioned content. However, we acknowledge that
some residual ambiguity remains inherent to natural lan-
guage representation, particularly in cases where numeri-
cal thresholds are verbalized using qualitative descriptors
(e.g., ‘high density’ vs. specific population counts). Fu-
ture work will explore hybrid approaches that preserve
exact numerical values alongside natural language de-
scriptions to further minimize interpretive ambiguity.

To compare the outputs generated by our different con-
figurations, Table 4 (included in Appendix B) presents
a comparison between the response produced by our
PeRAG pipeline and the one generated using the few-shot
configuration of the general verbalization. This config-
uration was selected due to its strong performance in
both the reference-free metrics and the BERTScore. Ad-
ditionally, both responses are contrasted with a reference
answer constructed from factual information. The ques-
tion used in this analysis was selected from the set of
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three randomly chosen questions.

As shown in Table 4, the selected question involves
a temporal comparison of demographic characteristics
from 2012 to 2019. According to the reference answer, a
population decrease is observed across most demographic
groups, including males, females, minors, foreigners, and
working-age citizens. In contrast, the only group that
experienced population growth during this period was
senior citizens.

When comparing these findings to the output gen-
erated by the PeRAG pipeline, we observe that it suc-
cessfully identified the overall downward trend across
multiple demographic groups, highlighting that the re-
duction was not evenly distributed. This aligns with the
factual data presented in the reference answer. Moreover,
PeRAG accurately captured the groups that experienced
decline—such as the working-age population, minors,
and foreigners—and correctly identified an increase in
the senior population, consistent with the reference.

However, the PeRAG response emphasized the
working-age population as the most affected category,
whereas the reference answer pointed to foreigners. This
discrepancy may be attributed to the nature of the multi-
perspective verbalizations, which were generated at the
level of census areas, statistical zones, and districts. Con-
sequently, when retrieving information using the re-
triever module (configured with k£ = 5), it may not have
captured a fully comprehensive view across all nine dis-
tricts. This limitation has been corroborated by analyz-
ing the retrieved chunks, where recalculating the values
based on the retrieved verbalizations indeed showed that
the working-age group experienced the largest decline.

Finally, Table 4 also includes the output of the gen-
eral verbalization under the few-shot configuration. As
shown, the response generated by the RAG system fails
to clearly identify the downward trends across the differ-
ent demographic groups as well as the upward trend for
seniors. These results are consistent with those observed
in the reference-free evaluation metrics. Moreover, al-
though the response is factually correct, it does not ad-
dress the perspective implied by the question, highlight-
ing the importance of incorporating perspective-aware
verbalizations. Similar to the PeRAG pipeline, the re-
trieved chunks in this configuration also exhibit limi-
tations, indicating a potential area for improvement in
future work.

7. Conclusion

This research demonstrates that multimodal urban data
can be effectively verbalized through perspective-aware
approaches to support policy-level interpretation, with
our framework successfully processing over 7,000 exam-
ples across multiple analytical perspectives (RQ1). The

comparative analysis reveals that few-shot verbalization
strategies provide superior generation fidelity and per-
spective alignment compared to zero-shot approaches,
despite increased computational overhead (RQ2). PeRAG,
our lightweight locally-deployable RAG pipeline, effec-
tively answers urban policy questions by leveraging these
multimodal verbalizations as retrievable memory, ensur-
ing data privacy while maintaining system responsive-
ness (RQ3). Human evaluation confirms that PeRAG ex-
hibits superior factuality and utility compared to general-
purpose LLMs in high-stakes policy scenarios, with
domain-specific grounding providing enhanced accu-
racy and contextual relevance (RQ4). The framework
establishes a reproducible methodology for transforming
complex urban datasets into actionable policy insights,
demonstrating that specialized, domain-grounded Al sys-
tems outperform general-purpose alternatives in critical
decision-making contexts.

Limitations The various perspectives explored in this re-
search, such as demographic, population, transportation,
gender, and age, were derived from the dataset used in our
evaluation. However, these perspectives do not incorpo-
rate public opinion. As ongoing work, we are expanding
these perspectives through a research survey aimed at
integrating viewpoints that reflect public opinion of citi-
zens and stakeholders of Turin. The annotation protocol,
while systematic, was applied to a limited sample size
due to the exploratory nature of this novel task. The
collaborative annotation approach, though ensuring con-
sistency, does not provide quantitative measures of IAA.
Future iterations of this work will implement larger-scale
annotation studies with multiple independent annotators
and IAA metrics to strengthen the evaluation framework.
Additionally, we are working at enriching the evaluation
framework. We plan to complement the reference-free
evaluation metrics applied [21] by incorporating task-
based evaluation protocols and comprehensive human
evaluation strategies to better assess the practical utility
of perspective-aware verbalizations in real-world urban
planning contexts.
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Table 3

PeRAG Verbalization Example: Multi-Perspective Data Transformation

Input/Perspective

Verbalization Output

Numeric Input

year=2018; sez_cens=2535; stat_zone=75;
perc_pop=2.69566E-05; perc_f=0.546875;
perc_immigrants_F=0.135416667;
perc_senior=0.223958333;
perc_stops=0.026041667;
perc_length_stopping=0.000167865

area=145065.42; pop=192;
per_immigrants=0.21875;
perc_minor=0.130208333;
n_stops=5; n_lines_stopping=5;
perc_stops_per_line_stopping=1;

General Verbaliza-
tion

In 2018, census section 2535 in statistical zone 75 covered an area of 145,065.42 units, with a
population of 192. The population percentage was approximately 0.0027%, of which 54.7% were
female. Immigrants comprised 21.9% of the population, with 13.5% being female immigrants.
Minors accounted for 13.0%, seniors 22.4%. There were 5 stops and 5 lines stopping, with stops
representing 2.6% coverage, 100% stop-to-line ratio, and 0.017% length coverage.

Demographics Per-
spective

In 2018, census section 2535 in statistical zone 75 had a population of 192 individuals. Females
accounted for 54.7% of the population. Immigrants represented 21.9% of residents, with female
immigrants making up 13.5%. Children under 18 years old comprised 13.5% of the population, while
seniors accounted for 22.4%.

Population Per-

spective

The total population of census section 2535 was 192, representing approximately 0.0027% of the
overall population. The area covered by this section was 145,065.42 units, indicating a low population
density given the large area size.

Geographical Per-
spective

Census section 2535 covers a substantial area of 145,065.42 units within statistical zone 75. Despite
its size, the population remains small at 192 individuals.

Within census section 2535, there are 5 stops served by 5 lines. Stops cover 2.6% of the area, with an
equal number of stops per line. The total length covered by stops corresponds to 0.017% of the area.

Transport Infras-
tructure
Immigration Per-
spective

Immigrants make up 21.9% of the population in census section 2535, with female immigrants
comprising 13.5%. This suggests a significant immigrant presence within the local population.

Age Group Perspec-
tive

Minors account for 13.5% of the population in census section 2535, while seniors make up 22.4%,
indicating a population with a notable proportion of older adults.

Gender
tion

Distribu-

Females represent 54.7% of the population in census section 2535, showing a slightly higher female
population compared to males.

A. Verbalization Examples

B. Example of Output Response

C.2. Numerical Data Verbalization
Prompt (LLaMA-3.1-8B)

The following prompt template is used for generating
narratives from structured numerical urban data:

C. Verbalization Prompt Examples

To ensure reproducibility and transparency of our ver-
balization approach, we provide the complete prompt
templates used for both numerical data (see Table 6) and
heatmap verbalization (see Table 5).

C.1. Heatmap Verbalization Prompt
(LLaMA-3.2-11B-Vision)

The following prompt template is used for generating
narratives from population density heatmaps and other
visual data representations:
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Table 4

Example of an output response to a randomly selected question, illustrating the outputs produced by the different verbalization

configurations.

Question

From 2012 to 2019 the population in Turin has decreased. Considering all the census, does this
decrease affect all the demographics? Which category is more affected and which one is less
affected?

Reference Answer

Between 2012 and 2019, the population of Turin declined by 4.32%, and this trend affected most
demographic groups. Both male and female populations decreased at nearly the same rate (4.34%
and 4.31% respectively), indicating no significant gender disparity. The number of minors saw a
notable decline of 5.96%, while the foreign (legally registered) population experienced the most
significant drop, decreasing by 6.48%, together with the number of working-age citizens (6.28%). In
contrast, the senior population was the only group to increase, growing by 2.05%

PeRAG Output

Analyzing the demographic shifts across Turin’s statistical zones between 2012 and 2019, it is evident
that the overall population declined during this period. However, the decrease was not evenly
distributed across all demographic categories. The working-age population (19-64) experienced the
most significant contraction, suggesting a notable loss of economic contributors. This trend was
consistently observed across various districts. In contrast, the number of seniors slightly increased,
indicating a growing aging population. The number of minors also declined, though to a lesser
extent than the working-age group. Meanwhile, the foreign-born population registered a visible
decline as well, potentially due to migration dynamics. In summary, while most demographic
segments were negatively affected, the working-age group was the most impacted, whereas the
senior population was the least affected, showing a modest increase.

FS-RAG Output

Analyzing the provided census data reveals a complex picture regarding demographic shifts between
2012 and 2019 in Turin’s districts. While a precise overall population decrease for the entire city
isn’t evident from this dataset, several districts demonstrate notable changes. District 5 (specifically
areas like Basse di Stura and Le Vallette) shows a consistent population size—around 41 residents
in 2019, mirroring 2012—with minimal fluctuation within the 500-meter radius. Conversely, District
1 exhibits a clear increase in population size between the two years. In 2012, Census Area 799
(Politecnico) held 52 residents, expanding to 1,478 within a 500-meter radius. Similarly, Census
Area 3209 (Politecnico) grew from 212 residents to 2,784. Looking at specific categories, the *minor*
population appears significantly impacted by this growth, increasing dramatically in District 1
(from 32 to 423) compared to a smaller change in District 5. Seniors also show increased numbers
in District 1 (47 to 652) while remaining largely stable in District 5. The foreign national population
experienced a relative increase in District 1 (2 to 104) compared to a slight increase in District 5
(13 to 20). Therefore, while certain districts remained static, the overall trend indicates that the
*minor™ population is experiencing the most pronounced demographic shift, particularly within
District 1, driven by expansion of the area analyzed.
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Table 5
Prompt template used for map-to-text narrative generation

<|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are an expert urban data analyst. Your task is to generate clear and precise narratives based
on census and transport data for the city of Turin.

<|start_header_id|>user<|end_header_id|>

Generate a comprehensive narrative that analyzes and compares the {field_description.lower()}
across the statistical zones of Turin, based on the provided comparison maps.
The image displays comparison data for the years 2012 and 2019.
<|image|>
Your narrative must:
- Be concise, informative, and clearly highlight key patterns and trends in the
{field_description.lower()}, considering both temporal changes
(between 2012 and 2019) and within-year variations, where relevant.
- Provide a Top-summary for each of the following:
- The most common patterns observed across zones.
- Zones with the highest increases in values from 2012 to 2019
(i.e., where 2019 value > 2012 value).
- Zones with the largest decreases in values from 2012 to 2019
(i.e., where 2019 value < 2012 value).
- Use the exact numerical values provided for each statistical zone—do not round, estimate, or
omit any data.
- Refrain from interpreting, inferring causes, or comparing with any external datasets or years
outside of 2012 and 2019.
Below are the statistical zones with their respective values for the selected field in 2012 and
2019:
{values}
Generated Narrative: <|eot_id|><|start_header_id|>assistant<|end_header_id|>

Table 6
Prompt template used for numeric-to-text narrative generation

<|begin_of_ text|><|start_header_id|>system<|end_header_id|>
You are an expert urban data analyst. Convert census and transport data into clear narratives.
<|start_header_id|>user<|end_header_id|>

Generate a comprehensive, single-paragraph narrative about an urban area based on the following
numeric data.

The narrative must:

- Be concise, informative, cover all key aspects of the urban landscape, and limit to a single
paragraph.

- Include and reflect the exact values as given in the Numeric Facts, without modification or
approximation.

- Focus solely on describing the attributes defined in Field Descriptions, matching each field
with its corresponding value.

- Avoid drawing conclusions, making assumptions, or interpreting the significance of the data.
- Avoid comparing the data to other entries, past values, or the example provided.

Unique Identifier: {row_context}

Field Descriptions: {field_description}

Declaration on Generative Al

During the preparation of this work, the author(s) used Grammarly in order to: Paraphrase and
reword and Grammar and spelling check. After using these tool(s)/service(s), the author(s) reviewed
and edited the content as needed and take(s) full responsibility for the publication’s content.
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Abstract

Relation extraction (RE) is a fundamental NLP task that identifies semantic relationships between entities in text, serving as
the foundation for applications such as knowledge graph completion and question answering. In real-world deployments,
organizations frequently encounter low-resource scenarios where labeled training data is scarce, making effective RE
particularly challenging. Existing approaches often rely on external knowledge sources to augment training data, but such
resources can be noisy, incomplete, or misleading for model learning. To address this limitation, we propose an approach that
leverages the reasoning capabilities of Large Language Models (LLMs) to generate reliable background knowledge for RE

tasks on Italian texts.
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1. Introduction

Relation extraction (RE) is a fundamental task in natural
language processing that aims to identify and classify
relationships between subject and object entities men-
tioned in text [1]. Formally, given an input sentence
Xi = {z1,22,...,8,...,0,...,T,} containing n to-
kens, where s and o represent head and tail entities re-
spectively, RE systems predict a relation label Y; € Y
from a predefined set of relationships (e.g., founded_by,
born_in, and Work_For). This capability underlies
many critical NLP applications, including knowledge
graph completion and question answering systems [2].
Most past approaches focus on adapting standard-scale
language models (SLMs) such as BERT[3] to downstream
RE tasks [4]. Recent advances in RE have been driven by
deep neural networks, with large pre-trained language
models achieving state-of-the-art performance. However,
despite these advances, several fundamental challenges
persist in real-world deployment scenarios. The primary
limitation stems from the long-tail distribution of rela-
tions in natural datasets. While frequent relations benefit
from abundant training examples, the majority of re-
lations suffer from severe data scarcity. This creates a
significant bottleneck since deep learning approaches

CLiC-it 2025: Eleventh Italian Conference on Computational Linguis-
tics, September 24 — 26, 2025, Cagliari, Italy
*Corresponding author.

" These authors contributed equally.

& g.balduccil@campus.unimib.it (G. Balducci);
elisabetta.fersini@unimib.it (E. Fersini); enza.messina@unimib.it
(E. Messina)

& https://github.com/jimmypuntoexe/ (G. Balducci)

@ 0009-0009-8752-7502 (G. Balducci); 0000-0002-8987-100X

(E. Fersini); 0000-0002-4062-0824 (E. Messina)

© 2025 Copyright for this paper by its authors. Use permitted under Creative Commons License
fmmm Attribution 4.0 International (CC BY 4.0).

require substantial labeled corpora resources that are
often unavailable in low-resource settings [5]. More-
over, while prompt-tuned SLMs and instruction-tuned
LLMs have shown remarkable success across various NLP
tasks, they exhibit a tendency to memorize rather than
truly understand training data [6]. This limitation be-
comes particularly problematic for semantically complex
tasks like RE, which require deep domain-specific knowl-
edge and robust generalization capabilities. To address
these limitations and further enhance the effectiveness
of RE models, we propose a pipeline based on exploit-
ing the LLMs’ reasoning capabilities. The hypothesis is
that extending each sample of a given dataset using the
knowledge extracted by querying the LLM with specific
clarification prompts helps the models trained on these
samples, along with clarifications, to understand the task
better. We train several models on an Italian dataset,
CoNLLO04 Italian, translated from the CoNLL04 dataset
[7]. Experimental results demonstrate that incorporat-
ing LLM-generated background knowledge significantly
improves RE performance, particularly in low-resource
settings. Subsequently, we conduct an analysis on the
contribution that different outlooks that compose the
knowledge give to the model’s prediction capabilities.

2. Related Work

In the current landscape dominated by Large Language
Models (LLMs), Relation Extraction (RE) continues to
play a pivotal role. Despite the impressive capabilities of
LLMs, they often struggle to fully preserve and accurately
interpret implicit relational knowledge—particularly in
long-tail scenarios, where entity relations may be subtle
or infrequent. These limitations highlight the contin-
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ued relevance of RE methods, which explicitly model
relationships between entities and thereby enhance LLM
performance. Moreover, RE techniques are especially
valuable in dynamic domains characterized by the con-
stant emergence of new entities and relation types. Their
adaptability makes them well-suited for scalable knowl-
edge extraction from unstructured textual data, fueling
ongoing research and development in this area. Recent
advances in deep neural networks (DNNs) and pretrained
language models (PLMs) have substantially boosted RE
performance. Several studies [8, 9] approach RE as a
pipeline process: first identifying entities within text,
then determining the relationships between identified
entity pairs. Earlier RE systems [10, 11] typically relied on
external Named Entity Recognition (NER) tools for entity
detection, followed by the use of supervised classifiers
with hand-engineered features to predict relations. In
contrast, more recent approaches assume that entity men-
tions are pre-identified, focusing solely on relation clas-
sification [12, 13]. However, pipeline architectures are
prone to error propagation—errors in entity recognition
can adversely affect the accuracy of relation classification.
Relation Extraction and Classification can be tackled as
a generation task: REBEL [14] uses an autoregressive
model that outputs each triplet present in the input text.
To this end, it employs BART-large [15] as the base model
for the seq2seq approach. The Italian LLM ecosystem has
recently seen notable expansion, with several new mod-
els released or announced that are specifically tailored
for the Italian language. Among these is LLaMAntino-
3-ANITA [16], a fine-tuned version of Meta’s LLaMA-3
(8B) [17], adapted through Supervised Fine-Tuning (SFT)
and Direct Preference Optimization (DPO) to align with
user preferences and reduce biases. Another significant
contribution is Fauno [18], developed by Sapienza Uni-
versity as the first open-source Italian conversational
LLM (7B, with a 13B version forthcoming), trained on
a blend of synthetic and technical corpora. Minerva
7B [19], created by Sapienza NLP in collaboration with
FAIR, CINECA, and Italy’s National Recovery and Re-
silience Plan (PNRR), is trained from scratch on 2.5 tril-
lion tokens (50% Italian), and further enhanced through
instruction tuning and safety layers. Velvet [20], devel-
oped by Almawave, is a family of multilingual LLMs that
includes Italian and is built on a proprietary architec-
ture. This wave of Italian LLMs—from academic research
efforts to industry-grade solutions—reflects a growing
commitment to developing robust, safe, and effective na-
tive Italian models. These advances also contribute to
improvements in downstream tasks, including RE. For
instance, [21] propose an Italian Open Information Ex-
traction framework that leverages LLMs for Open Named
Entity Recognition, Open Relation Extraction, and joint
tasks via prompt-based instructions. Similarly, [22] com-
bine LLMs with fine-tuned models to extract relations

from Italian literary texts. Their approach involves us-
ing an LLM to preprocess the text into natural language
triples, thereby simplifying the RE task for the fine-tuned
model. Existing RE methods also tend to exploit addi-
tional knowledge to assist model reasoning. For example,
[23] proposes a knowledge-attention encoder that incor-
porates prior knowledge from external lexical resources
like FrameNet and Thesaurus.com into deep neural net-
works for the relation extraction task. [24] uses enriched
sentence-level representations by introducing both struc-
tured knowledge from external knowledge graphs and
semantic knowledge from the corpus. However, exter-
nal knowledge can be misleading and vague; external
resources don’t consider the context and the domain of
entities and relations, leading models to misinterpret the
meaning of the sentence.

Despite these advances, the potential of Italian LLMs
to support and improve downstream RE remains largely
underexplored. Given their demonstrated utility, further
investigation into their integration with RE workflows is
both timely and necessary.

3. Dataset

In this research the proposed approach is evaluated on an
Italian translated version of CONLL04 [7]. The CoNLL04
is a benchmark dataset used for relation extraction tasks.
It contains 1,441 sentences, each of which has at least
one relation. The sentences are annotated with infor-
mation about entities and their corresponding relation
types [25]. It comprises news articles from The Wall
Street Journal and the Associated Press. It encompasses
annotations for both entity and relation types, making it
versatile for various NLP tasks. The dataset includes rela-
tions among entities like people, organizations, locations,
and other miscellaneous entities. Relation types are five:
Live_In, Located_In, OrgBased_In, Kill, Work_for. Rela-
tions included: Person-Location, Organization-Person,
Person-Person, etc.

Table 1
CoNLL04 benchmark statistics. Every sample is a sentence.
sentences  entities  relations
train 922 3377 1283
validation 231 893 343
test 288 1079 422
total 1441 5349 2048

This work employ a sophisticated hybrid approach
for translating the ConLL04 English relation extraction
dataset to Italian while preserving the crucial token-
level annotations required for named entity recogni-
tion and relation extraction tasks. The translation pro-
cess operates in three main phases: first, the com-
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Table 2
CoNLL04 becnhamrk relation types statistics

relation type  train  validation  test
Live_In 330 91 100
Located_In 247 65 94
OrgBased_In 271 76 105
Kill 179 42 47
Work_for 256 65 76

plete English sentence is translated to Italian using X-
ALMA [26], built upon ALMA-R by expanding sup-
port from 6 to 50 languages. It utilizes a plug-and-
play architecture with language-specific modules, com-
plemented by a carefully designed training recipe. In
particular, a 8-bit quantized version due to resource
limit constraints is used from the offical repository on
Huggingface at https://huggingface.co/mradermacher/X-
ALMA-13B-Group2-GGUF. The translator model gener-
ates fluent Italian text but disrupts the original token
alignments. Second, to address the critical challenge
of maintaining entity boundaries and types across lan-
guages—where direct token-to-token mapping fails due
to morphological differences, word order changes, and
varying translation lengths, the system employs Ope-
nATl's GPT-40-mini model [27] to perform intelligent en-
tity alignment by analyzing both the original English
tokens and their Italian counterparts, then identifying
which specific Italian tokens correspond to each English
entity based on semantic understanding rather than po-
sitional heuristics. Finally, the system reconstructs the
annotated dataset by mapping the spans of the identi-
fied Italian entity back to token indices. This step has
the main goal to preserve entity types and relation la-
bels while handling edge cases through fallback mecha-
nisms that include proportional mapping and fuzzy string
matching when exact alignment fails. This ensures that
the resulting Italian dataset maintains the structural in-
tegrity necessary for training and evaluating relation
extraction models. The comprehensive error handling
and multi-stage validation process addresses the inher-
ent complexities of cross-lingual annotation transfer in
structured NLP datasets. In each split of the dataset, some
translated sentences are removed due to the impossibility
of maintaining relation labels. This case is represented
by a few sentences that are not well translated, in which
one or more entities that were in the relationship label
are missing.

Table 1 and Table 3, show the small reduction of sen-
tences (from 1441 to 1407) and consequently of the num-
ber of relations and entities. However, in the translation
process, entity types and relation types distribution are
maintained 2, 4.

Table 3
CoNLL04 Ita version splits statistics
samples  entities  relations
train 902 3284 1253
validation 224 848 325
test 281 1048 413
total 1407 5180 1991

Table 4

Relation types distribution across the dataset’s split
relation type train  validation  test
Vive_A 322 88 95
Situato_In 243 64 94
Orglocata_In 256 64 103
Ha_ucciso 178 40 46
Lavora_per 254 69 75

4. Method

4.1. Background

This work considers an LLM as a reliable Knowledge Base
(KB). Large Language Models (LLMs) offer significant ad-
vantages over external knowledge bases like Wikidata
for relation extraction tasks, particularly in their supe-
rior ability to interpret sentence semantics and contex-
tual nuances. Unlike Wikidata, which provides static,
predefined relations between entities in a structured for-
mat, LLMs possess deep contextual understanding that
enables them to capture implicit relationships, resolve
ambiguities, and interpret complex linguistic phenomena
such as metaphors, negations, and conditional statements
that traditional knowledge bases cannot handle. LLMs
excel at understanding how the same entity pair can
express different relations depending on syntactic struc-
ture, discourse context, and pragmatic implications—for
instance, distinguishing between "CEO of Apple" and
"former CEO of Apple" or interpreting temporal and
causal relationships that emerge from sentence composi-
tion rather than explicit statement. Furthermore, LLMs
can handle novel entity combinations and emerging re-
lationships that may not yet exist in manually curated
databases, while their training on vast text corpora al-
lows them to recognize subtle linguistic cues and con-
textual modifiers that determine relation validity and
type. This semantic depth proves particularly valuable
for relation extraction in domains with complex, evolving
terminology or when dealing with informal text where
relationships are expressed through natural language
patterns rather than formal declarations, making LLMs
more robust and adaptable for real-world text analysis
scenarios where meaning emerges from the intricate in-
terplay of syntax, semantics, and context. Given a sen-
tence s = {w1, w2, ..., wn} consisting of n tokens, and
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Entities outlook: Aiutami a
spiegare brevemente il
significato dei soggetti principali
menzionati per comprendere la
frase

"Sevket Kazan, vicepresidente del gruppo
parlamentare del PS (Partito della
Solidarieta), ha affermato che il .." Sentence outlook: Spiegami
molto brevemente la frase con il

contesto necessario

Relations outlook: Basandoti
sul testo e sulle predizioni di
entita: Spiega brevemente le
relazioni tra le entitd menzionate
nel testo.

“ Hugging Face

/

["PERSONA" "PERSONA","0" 0" "0" "0" "O".. ]

universal_ner_ita

bert-italian-cased-ner

Entities outlook ¢

"Sevket Kazan: il vicepresidente del gruppo parlamentare del
PS. La sua posizione suggerisce che ha un certo peso e
influenza all'interno... ... Elezioni: Eventi in cui i partiti politici
competono per il sostegno del pubblico per ottenere
rappresentanza e potere governativo. La frase suggerisce che
c'e un contesto elettorale attivo, ed & fondamentale per entrambi
i partiti menzionati..."

2" Phi-4

Sentence outlook

"La frase riguarda Sevket Kazan, vicepresidente del gruppo
parlamentare del Partito della Solidarieta, che discute una
decisione presa dal DEP (Partito Democratico dei Popoli) in
Turchia. Secondo lui, il DEP ha scelto di non candidarsi alle
elezioni per paura di non riuscire a vincere. Questo contesto
implica tensioni politiche e sfide legali....

Relation outlook r

"Nel testo fornito, vengono menzionate diverse entita legate al
contesto palitico. Ecco una breve spiegazione delle relazioni tra
queste entita 1. **Sevket Kazan**: & un individuo (persona)
identificato come vicepresidente del gruppo parlamentare del

N ['"PER","PER","0","0","ORG","0","0","ORG",...] N Cor ) N N
span-marker-multiingual-cased-multinerd - "pERY "PER","0", 0""0" "ORG",..] Partito della Solidarieta. La sua posizione implica che
rappresenta il PS e partecipa attivamente nel processo
E politico...".
k=t+f+r
<s,E. k> Supervised Fine-Tuning ltalian y = Sevket Kazan —> PS (Lavora_Per)

LM's

Figure 1: Overview of proposed approach. Starting from the input sentence, the method augment the input with NER
predictions and knowledge extracted from Phi4. Subsequently, a supervised fine-tuning with LoRA strategy is performed.

LLMs learn to generate the target with a specific notation.

a set of entities £ = {e1, ea, ..., ex } where each entity
e; is defined by its span (start;, end;) and type t; € T,
the relation extraction task aims to identify and classify
semantic relationships between entity pairs. Formally,
let R be the set of all possible relation types, including a
special no-relation type () € R. For each ordered pair of
entities (e;, ;) where 7 # 7, the relation extraction task
seeks to determine the relation type 7;; € R that holds
between e; (head entity) and e; (tail entity) within the
context of sentence s.

4.2. NER predictions

This step involves in the extension of the input space
using state-of-the-art Named Entity Recognition (NER)
Italian models. NER is formulated as a sequence
labeling task where each token in the input sequence
is assigned a label that indicates its role in entity
identification and classification. Given an input sentence
s = {w1, w2, ..., wn} consisting of n tokens, the NER
task aims to produce a corresponding label sequence
y = {y1,v2,...,Yn} where each label y; € L encodes
both the entity type and the token’s position within the
entity span. In particular, for each of input sentences of
the dataset, this work construct a set of NER predictions
E' comprising annotations from three state-of-the-art
multilingual and Italian-specific named entity recog-
nition models. The prediction ensemble includes: (1)

span-marker-multilingual-cased-multinerd,
[28] a SpanMarker model fine-tuned on the MultiN-
ERD. (2) bert-italian-cased-ner [29], a cased
BERT model specifically trained for Italian NER on
the WikiNER Italian dataset plus manually anno-
tated Wikipedia paragraphs, capable of recognizing
four entity classes (PER, Loc, OrG, Misc); and (3)
DeepMount00/universal_ner_ita, an Italian
adaptation of GLiNER [30] (Generalist Model for Named
Entity Recognition using Bidirectional Transformer)
that leverages natural language descriptions to identify
arbitrary entity types. Entity types for GLiNER are
"persona", citta", "nazione", "organizzazione', "data’,
"luogo", "evento", "prodotto” ("person", "city", "nation’,
"organisation”, "date", "location”, "event", "product").
Each model processes the tokenized Italian sentences
independently, with predictions aligned to the original
token boundaries. The resulting prediction set E
composed of all the token-level predictions obtained
from cited models provides diverse perspectives on
entity recognition.

4.3. Knowledge Extraction

Given the extended input (s, E) the aim of this step is to
further extend the input, extracting knowledge k from
LLM. k is composed by three different outlooks that are
concatenated together to compose the semantic interpre-
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tation of a single dataset sample. In particular for a given
sentence s; € S where S represent the entire corpus of
a dataset, k; = t; @ fi; ® r; where t is the Entities out-
look, f is the Sentence outlook and r is the Relations
outlook.

« For the Entities outlook we ask to the LLM: "Sp-
iega brevemente il significato dei soggetti prin-
cipali menzionati per comprendere la frase: {s}"
("Briefly explain the meaning of the main subjects
mentioned in order to understand the sentence:
{s}").

« Sentence outlook is obtained by asking "Spiegami
molto brevemente la frase con il contesto nec-
essario: {s}" ("Explain the sentence to me very
briefly, providing the necessary context: {s}").

« Relation outlook is obtained asking "Basandoti
sul testo e sulle predizioni di entita: Spiega breve-
mente le relazioni tra le entitd menzionate nel
testo. Testo: {s} Predizioni NER {F}" ("Based on
the text and entity predictions: Briefly explain
the relationships between the entities mentioned
in the text. Text: {s} NER predictions {E}")

The model used to extract the Italian knowledge is Phi-4
[31] a 14B parameter state-of-the-art open model, due
to the high quality and advanced multilingual reasoning
capabilities, even though the small size. In this settings
we are able to concatenate the sentence with NER pre-
dictions E and knowledge k in order to represent the
enriched input space <s , E, k > for a given sentence
s € S. Given this input space we employ a parameter-
efficient fine-tuning strategy using Low-Rank Adaptation
(LoRA) [32] within the PEFT framework [33] for super-
vised fine-tuning (SFT) of several Italian LLMs.

4.4. Target representation

Relations triplets are composed of a head entity, a tail en-
tity, and a predicate indicating the semantic relationship
between a subject entity and the object entity:

"Hideo Kojima ha acquistato una nuova casa a Tokyo."
("Hideo Kojima has purchased a new home in Tokyo.")

The semantic relationship according to CoONLL04 an-
notation can be (Hideo Kojima, Vive_A, Tokio). Inspired
by REBEL triplets linearization [14], we try to minimize
the number of tokens in the generation stream in order
to decode the output tokens efficiently. A relation triplet
is represented by this notation:

Head Entity -> Tail Entity (Relation type) (1)

Multiple relations are separated by the semicolon char-

acter ";".
In this work relation extraction is treated as a generation

task where the aim is to learn the conditional probability
distribution given the input X = <s, E, k> :

PY|X)=Py| <s,E k>) ()
A few Italian LLM’s are fine-tuned using LoRA strategy
in order to learn to generate the target representation
1. We fine-tune also mREBEL35 [34], a multilingual ver-
sion of REBEL [14]. All models are fine-tuned for 10
epochs. At the end of each epoch, models are evaluated
on the validation set, best model on the evaluation set is
saved. Translation process, Knowledge extraction step,
and training step are executed on the same machine with
a NVIDIA GeForce RTX 3090 with 24GB of memory and
AMD Ryzen 9 5900X 12-Core Processor.

5. Results

In this section, we present the experimental results of our
supervised fine-tuning approach on the Italian ConLL04
dataset. We evaluate multiple Italian large language mod-
els under different input configurations to assess the effec-
tiveness of our generative relation extraction framework.
We conduct experiments using three configurations:

« Enriched: Complete input including sentence,
entity predictions, and background knowledge
(s, E, k)

« Raw: Input containing only the source sentence
(s)

+ Enriched-Raw: Model fine-tuned on enriched
input but evaluated using only raw sentence input
at inference time

The enriched-raw configuration allows us to investi-
gate the implicit knowledge distillation effects, where
reasoning capabilities from the enriched training data
transfer to simpler inference scenarios.

5.1. Main Results

Table 5 presents the performance comparison across dif-
ferent Italian language models and input configurations.
Following standard practice in relation extraction, we
report both micro and macro F1 scores, with macro F1
serving as the primary evaluation metric for state-of-the-
art comparisons.

5.2. Performance Analysis

LLaMAntino-3 demonstrates superior performance when
trained and evaluated on enriched input, achieving
70.6% macro F1 score. This represents a significant im-
provement over both Minerva-7B (59.6%) and Velvet-14B
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Table 5

Performance comparison of supervised fine-tuned Italian
LLMs on relation extraction. Input configurations: (enriched)
includes entity predictions and background knowledge; (raw)
uses only sentence text; (enriched-raw) represents models
trained on enriched data but evaluated with raw input only.

Model Configuration F1 Micro  F1 Macro
mREBEL (enriched) 62.7 63.9
mREBEL (raw) 58.1 59.6
mREBEL (enriched-raw) 49.7 49.12
Minerva-7B (enriched) 57.2 59.6
Minerva-7B (raw) 55.6 57.9
Minerva-7B (enriched-raw) 438.9 51.0
Velvet-14B (enriched) 56.9 60.2
Velvet-14B (raw) 63.0 65.2
Velvet-14B (enriched-raw) 42.6 46.4
LLaMAntino-3 (enriched) 68.5 70.6
LLaMAntino-3 (raw) 58.4 62.1
LLaMAntino-3 (enriched-raw) 61.1 64.9

(60.2%), despite LLaMAntino-3 being a smaller 8B pa-
rameter model. The results indicate that model archi-
tecture and training methodology are more critical fac-
tors than pure parameter count for this task. The strong
performance of mREBEL demonstrates that sequence-to-
sequence models, which were previously state-of-the-art
for this task, can achieve comparable results to large
language models (LLMs). Additionally, mREBEL bene-
fits from enriched input. However, Velvet-14B exhibits
the opposite behavior, performing better with raw input
(65.2%) than with enriched input (60.2%). This suggests
the model may be overfitting to the auxiliary information
provided in the enriched input. Comparing LLaMAntino-
3 configurations reveals the substantial benefit of en-
riched input during training. The model trained on en-
riched data (70.6% macro F1) significantly outperforms
the same model trained solely on raw sentences (62.1%
macro F1). This demonstrates the value of incorporat-
ing entity predictions and background knowledge in the
training process. The enriched-raw configuration yields
particularly interesting results, achieving 64.9% macro F1
despite using only raw sentence input at inference time.
This performance exceeds that of the model trained ex-
clusively on raw input (62.1% macro F1), suggesting an in-
teresting implicit knowledge distillation during training.
The model appears to internalize reasoning patterns from
the enriched training data, enabling improved perfor-
mance even when auxiliary information is unavailable at
inference time. Table 5.2 shows label-wise performances
where the underlying capability of LLaMAantino3-8B
to predict well the "Kill" relation, which is the least rep-
resented in the training set. These results validate our
approach of treating relation extraction as a conditional
text generation task and demonstrate the effectiveness
of supervised fine-tuning on Italian language models

Table 6
Label wise performances of best model LLaMAantino3-8B
(encriched)

relation type  precision recall {1

Vive_a 69.9 61.05 65.17
Orglocata_In  71.95 63.44 67.42
Situato_In 60.63 60.63 60.63
Lavora_Per 62.5 80.0 70.17
Ha_ucciso 86.0 93.4 89.58

for this domain. Error analysis and Ablation study, pre-
sented in this section are perfromed on the best model
LLaMAntino-3.

5.3. Error Analysis

Error analysis reveals two primary failure modes in
the LLaMAntino-3 model’s relation extraction perfor-
mance: spurious relation generation (41 instances)
and missed relation detection (37 instances). The
model demonstrates a tendency toward over-generation,
particularly struggling with complex sentences contain-
ing multiple entities where it produces semantically plau-
sible but factually incorrect relations. Geographic rela-
tions (Situato_In) show the highest error rates, followed
by organizational affiliations (OrgLocata_In). Two repre-
sentative error patterns illustrate these challenges: Over-
generation example: In the sentence "Nikita Chruscév,
infuriato, ordino alle navi dell’Unione Sovietica di igno-
rare il blocco navale del Presidente Kennedy durante la
crisi dei missili cubani", the model incorrectly generated
four identical Kill relations between Khrushchev and
Kennedy, while missing the correct Vive_A relation be-
tween Khrushchev and the Soviet Union. This demon-
strates the model’s tendency to infer dramatic but incor-
rect relations from contextual conflict scenarios. Under-
detection example: For the sentence "MILANO, Italia
(AP)" (Milan, Italy (AP)), the model correctly identified or-
ganizational relations for the Associated Press but failed
to extract the fundamental Situato_In relation between
Milan and Italy, suggesting difficulty with implicit geo-
graphic knowledge in simple locative constructions. Out-
of-domain hallucination example: In the sentence
"King venne ucciso il 4 aprile del 1968 a Memphis, nel Ten-
nessee", the model correctly identified the Situato_In rela-
tion between Memphis and Tennessee, but additionally
generated correct (but counted as wrong) Evento relations
involving the date "4 aprile del 1968" with Memphis. The
Evento relation type does not exist in the defined schema,
demonstrating the model’s tendency to create novel re-
lation categories when encountering temporal-spatial
contexts. These patterns indicate that while the genera-
tive approach successfully captures complex relational
semantics, it requires improved calibration mechanisms,
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particularly for handling entity-dense contexts and fun-
damental geographic relations.

6. Ablation Study

Table 7 presents the performance impact of removing
each knowledge component individually. The baseline
enriched model achieves 70.6% macro F1, serving as our
reference point for measuring component contributions.

Table 7

Ablation study results showing the impact of removing in-
dividual knowledge outlook components from the enriched
input. Each configuration excludes one specific knowledge
type while maintaining entity predictions and the base sen-
tence.

Model Configuration F1 Micro  F1 Macro
LLaMAntino-3 (enriched) 68.5 70.6
LLaMAntino-3

. . 60.1 62.6
without Entity Outlook
LLaMAntino-3
without Sentence Outlook 49.0 >0.6
LLaMAntino-3 63.1 65.7

without Relation Outlook

The ablation results reveal distinct contribution pat-
terns for each knowledge component: Removing sen-
tence contextualization causes the most severe perfor-
mance degradation, with macro F1 dropping by 20.0 per-
centage points (70.6% — 50.6%). This dramatic decline in-
dicates that contextual sentence understanding is funda-
mental to relation extraction performance. The sentence
outlook provides essential discourse-level information
that enables the model to disambiguate entity relation-
ships within specific contextual frameworks. Excluding
entity explanations results in an 8.0 percentage point
decrease (70.6% — 62.6%), demonstrating the importance
of explicit entity semantics. Entity-focused knowledge
helps the model understand the nature and character-
istics of mentioned entities, facilitating more accurate
relation inference. Removing relation-specific explana-
tions leads to a 4.9 percentage point reduction (70.6% —
65.7%), showing the smallest but still meaningful impact.
While relation outlook provides valuable relational rea-
soning guidance, the model appears capable of inferring
relations from entity and sentence context when this com-
ponent is absent. The ablation study reveals a clear hier-
archy of knowledge component importance: Sentence
Context > Entity Semantics > Relation Guidance.
This hierarchy suggests that: Contextual understand-
ing is paramount for relation extraction, as sentences
provide the situational framework within which enti-
ties interact Entity semantics serve as the foundation
for identifying potential relation participants and their
characteristics Explicit relational reasoning provides

incremental benefits but is less critical when strong con-
textual and entity understanding exists. These findings
highlight the differential contribution of each compo-
nent to the overall system performance. The results also
suggest potential optimization strategies, where compu-
tational resources could be prioritized toward generating
high-quality sentence and entity explanations when re-
source constraints exist.

7. Conclusion

This work presents an effective approach for Italian re-
lation extraction that leverages Large Language Models
as reliable knowledge sources to enhance model per-
formance in low-resource scenarios. Our method sys-
tematically augments training data with three comple-
mentary knowledge components: entity explanations,
sentence contextualization, and relation-specific guid-
ance, extracted using Phi-4’s reasoning capabilities. The
experimental results on the Italian CoNLL04 dataset
demonstrate the effectiveness of our approach, with
LLaMAntino-3 achieving 70.6% macro F1 when trained on
enriched input, representing significant improvements
over baseline configurations. The ablation study reveals a
clear hierarchy of component importance: sentence con-
text (20.0% performance drop when removed) > entity
semantics (8.0% drop) > relation guidance (4.9% drop),
highlighting the critical role of contextual understand-
ing in relation extraction. Particularly noteworthy is
the implicit knowledge distillation effect observed in the
enriched-raw configuration for LLaMAntino-3, trained
on enriched data but evaluated with raw input, still out-
performs the same model trained exclusively on raw sen-
tences (64.9% vs 62.1% macro F1). This suggests that some
reasoning patterns from the enriched training data are
internalized by the smallest model.

Limitations: An important limitation is that this ap-
proach relies heavily on the choice of LLM from which
the knowledge is extracted. It would be interesting to in-
vestigate the contribution to the task of several LLM that
can be used as knowledge-based. Furthermore the results
of SFT depend on the well-formatted prompt used in the
training phase. A promising direction for future work
involves explicit knowledge distillation from enriched in-
put (s, E, k) to raw input (s). This could be achieved by
minimizing the Jensen-Shannon divergence or Kullback-
Leibler divergence between the output distributions of
models trained on enriched versus raw inputs. Such an
approach would enable the deployment of lightweight
models that maintain the reasoning capabilities learned
from enriched training while operating solely on raw
text at inference time, making the system more practical
for real-world applications where auxiliary information
may not be readily available. The work contributes to the
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growing body of research on Italian NLP by providing
both a translated benchmark dataset and demonstrating
effective strategies for leveraging LLM reasoning in struc-
tured prediction tasks. Our findings suggest that carefully
designed knowledge augmentation can significantly im-
prove relation extraction performance, particularly in
scenarios where training data is limited.
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When Figures Speak with Irony: Investigating the Role of
Rhetorical Figures in Irony Generation with LLMs
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Abstract

Irony poses a persistent challenge for computational models because it depends on context, implicit meaning, and pragmatic
cues. This study investigates the ability of Large Language Models (LLMs) to generate ironic content by focusing on rhetorical
figures—pragmatic devices that may shape and signal ironic intent. Using two datasets, TWITTIRO-UD and the Italian subset
of MultiPICo, we fine-tune multilingual LLMs for rhetorical figure classification and evaluate their capacity to generate
ironic Italian texts. Our work addresses two main questions: (1) how accurately LLMs can classify rhetorical figures in ironic
Italian texts, and (2) whether such training supports the generation of irony that reflects human-like rhetorical usage. Human
evaluation shows that LLMs achieve fair agreement with annotators in rhetorical figure classification, indicating a partial
but promising alignment with human judgment. By leveraging rhetorical figures as a bridge between irony detection and
generation, our results suggest that such training improves the stylistic control and interpretability of LLM-generated ironic

language.

Keywords

Rhetorical Figures, Irony Generation, Large Language Models

1. Introduction

Irony is a complex linguistic phenomenon that involves
expressing a meaning that contrasts with the literal in-
terpretation of an utterance [1]. As a rhetorical figure,
it is activated through multiple linguistic devices and
pragmatic features to subvert literal meaning. Although
irony is a pervasive and deeply rooted aspect of human
communication, its computational modeling remains a
complex and unresolved challenge.

Large Language Models (LLMs), especially when
instruction-tuned, have shown remarkable progress in
understanding pragmatic phenomena [2, 3]. However,
their ability to leverage pragmatic features for the detec-
tion and generation of ironic content remains largely un-
derexplored. One promising direction for addressing this
challenge is to analyze the linguistic strategies through
which irony is commonly expressed. Specifically, Karoui
et al. [4] defined eight categories of irony, characterized
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by pragmatic features used to express meaning incon-
gruence and grounded in rhetorical figures. Following
their categorization of irony, this study investigates the
capacity of LLMs to analyze and generate ironic texts
in Italian when rhetorical figures are taken into account
as cues for ironic intent. Thus, we focus on how they
contribute to the expression of irony.

Indeed, irony can be also activated through the inter-
action with rhetorical figures, either amplifying their
intended effects, as in the case of paradox, or subverting
them entirely, as occurs with hyperbole. This interplay
contributes to the richness and rhetorical complexity of
ironic expressions [5].

In this work, we draw on two complementary datasets:
TWITTIRO-UD, a corpus of ironic Italian tweets anno-
tated using the rhetorical figure annotation scheme intro-
duced by Karoui et al. [4], and MultiPICo, a multilingual
collection of social media post-reply pairs annotated
for irony by annotators with diverse sociodemographic
characteristics, in which each reply is annotated with a
binary label indicating whether it is ironic with respect to
the corresponding post. By integrating fine-tuning and
reasoning-enhanced prompting, we aim to evaluate both
the classification and generative capabilities of LLMs in
this domain for Italian.

Our study is structured around the following research
questions (RQ):

+ RQ1: To what extent can LLMs accurately clas-
sify rhetorical figures in ironic Italian texts?

+ RQ2: Does fine-tuning LLMs on rhetorical fig-
ure classification lead to the generation of more
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human-like ironic replies, in terms of rhetorical
devices?

To address these questions, we fine-tune a set of mul-
tilingual open-weight LLMs on rhetorical figure classifi-
cation and assess their performance. We then enrich the
Italian subset of MultiPICo with automatic annotations
and conduct a human evaluation to validate a small sam-
ple extracted from that corpus. Finally, we use the best-
performing fine-tuned model to generate new replies to
ironic posts in MultiPICo and carry out a linguistic analy-
sis of the model-generated replies, comparing them with
human-written ones.

This work contributes to (i) advancing the research
into rhetorical figure classification using LLMs, by prov-
ing the effectiveness of Chain-of-Thought fine-tuning
strategy; (ii) improving the interpretability of LLMs in
pragmatic text generation, showing that rhetorical figure-
aware models tend to create sentences stylistically more
similar to human-written texts.'

2. Related Works

Rhetorical Figure Classification There are mainly
two approaches to the automatic detection and classifica-
tion of rhetorical figures in natural language: ontology-
based methods and machine learning techniques [6, 7].
These approaches have shown effectiveness in support-
ing tasks such as sentiment analysis and intent classifi-
cation [8, 9]. Several studies focus on their relationship
with irony [10, 11], particularly in the context of irony
detection. In this vein, Karoui et al. [4], drawing on well-
established linguistic theories that explore the interplay
between irony and rhetorical figures—such as oxymoron,
paradox, false assertion, and analogy—propose an anno-
tation schema for classifying these categories of irony in
social media texts. Their work focuses on French, English,
and Italian, highlighting the relevance of irony categories
and markers for a linguistically informed approach to
irony detection.

Irony Generation Irony generation remains a rela-
tively underexplored area in Natural Language Genera-
tion. especially when compared to the growing literature
on humor, puns, and sarcasm [12, 13]. Recent work has
begun to model sarcasm through linguistic features such
as valence reversal and contextual incongruity [14, 15],
yet irony is still rarely addressed directly.

Among the more recent studies on irony generation,
Balestrucci et al. [16] propose an approach that leverages
LLMs to generate ironic text. The authors demonstrate

!All code and experimental results are publicly available at: https:
//github.com/MichaelOliverio/IronyDetection.

that LLMs are capable of learning to produce ironic con-
tent, and explore the possibility of linking irony gener-
ation to the socio-demographic characteristics of user
profiles—such as generational groups—with the goal of
generating personalized ironic content tailored to differ-
ent age groups.

3. Datasets

TWITTIRO-UD A collection of ironic Italian tweets
annotated according to the Universal Dependencies
framework. TWITTIRO-UD was created by enriching
a resource originally developed for the fine-grained an-
notation of irony [17]. The original corpus consists of
1,424 tweets, with a total of 28, 387 tokens [18]. Each
tweet in the corpus has been annotated with the corre-
sponding rhetorical figure used to convey irony, such as
OXYMORON PARADOX, HYPERBOLE, or EUPHEMISM. The
treebank includes both the fine-grained annotation for
ironic tweets introduced in Karoui et al. [4] and the mor-
phological and syntactic information encoded in the UD
format.” Figure 1 shows the distribution of rhetorical
figures in the corpus.

OXYMORON PARADOX

ANALOGY

RHETORICAL QUESTION

OTHER

CONTEXT SHIFT 13.0%

FALSE ASSERTION

EUPHEMISM

HYPERBOLE

’ Percelnﬂtgge (%)25 e e °
Figure 1: Distribution of rhetorical figures in the TWITTIRO
corpus.

MultiPICo The dataset consists of disaggregated mul-
tilingual posts and replies from social media, each an-
notated to indicate whether the reply is ironic given
the post. The corpus includes 18, 778 post-reply pairs,
collected from Reddit (8, 956) and Twitter (9, 822), and
covers 9 different languages. A total of 506 annotators,
with different sociodemographic information, carried out
the annotations, producing 94, 342 individual labels (an
average of 5.02 per conversation). Each annotation is
accompanied by sociodemographic metadata about the
annotator, including gender, age, ethnicity, student sta-
tus, and employment status. For the Italian subset of the

Zhttps://github.com/UniversalDependencies/UD_
Italian-TWITTIRO
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Table 1

Rhetorical figures used to convey irony. Reproduced from Karoui et al. [4].

Rhetorical Figure Description

ANALOGY

Covers analogy, simile, and metaphor. Involves similarity between two things that have

different ontological concepts or domains, on which a comparison may be based

HYPERBOLE

EUPHEMISM

RHETORICAL QUESTION

CONTEXT SHIFT
inappropriate, etc.

FALSE ASSERTION

OXYMORON PARADOX

OTHER Humor or situational irony.

Make a strong impression or emphasize a point

Reduce the facts of an expression or an idea considered unpleasant in order to soften the reality
Ask a question in order to make a point rather than to elicit an answer

A sudden change of the topic/frame, use of exaggerated politeness in a situation where this is

A proposition, fact or an assertion fails to make sense against the reality
Equivalent to “False Assertion” except that the contradiction is explicit

corpus, 24 annotators provided 4, 790 annotations on
1, 000 post-reply pairs [19].

4. Methodology

To assess the ability of LLMs to analyze ironic Italian texts
and classify rhetorical figures, we adopted the annotation
scheme proposed by Karoui et al. [4], which defines a
set of rhetorical figures commonly used to convey irony
(summarized in Table 1).

We selected several open-weight multilingual LLMs
trained on Italian data and fine-tuned them on the TWIT-
TIRO dataset for the task of rhetorical figure classifica-
tion. Models’ performances were evaluated against two
baselines: (i) a random classifier and (ii) a prompting-
based approach. The best-performing model was then
used to enrich the ironic Italian subset of the MultiPICo
dataset—aggregated by majority vote—with rhetorical
figure annotations. To validate the model’s predictions,
we conducted a human evaluation on a small subset of
the annotated data.

Finally, to address the second research question, we
focused on ironic post-reply pairs in Italian from Mul-
tiPICo, again selected via majority vote, and compared
the distribution of rhetorical figures across three types of
replies: (i) automatically generated by an LLM fine-tuned
to recognize rhetorical figures, (ii) replies generated by
the same model out-of-the-box, and (iii) written by hu-
mans. In addition to comparing the distributions, we
conducted a linguistic analysis of these replies. A repre-
sentative sample of the generated content was manually
annotated to support this evaluation.

*https://huggingface.co/datasets/Multilingual-Perspectivist-NLU/
MultiPICo

5. Rhetorical Figure Classification

In this section, we evaluate a set of LLMs for rhetorical
figure classification. We fine-tune several open-weight,
mid-sized LLMs using two different approaches on the
original TWITTIRO-UD split (see Table 2). To highlight
the impact of fine-tuning on rhetorical figure classifica-
tion, we compare the performance of the fine-tuned mod-
els against two baselines: a random classifier and a zero-
shot prompting approach. Our experiments involve five
multilingual LLMs: Qwen2.5-7B-Instruct* (referred to
as Qwen2.5-7B), Llama-3.1-8B-Instruct’ (Llama-3.1-8B),
Ministral-8B-Instruct-2410° (Ministral-8B), LLaMAntino-
3-ANITA-8B-Inst-DPO-ITA” (LLaMAntino-3-8B), and
Minerva-7B-instruct-v1.0 (Minerva-7B).®

Table 2
Data split statistics for the TWITTIRO-UD dataset.

Train Dev Test
#Tweets 1,138 144 142
Avg. Tokens  20.77  20.80 20.96

Fine-tuning was performed using two different prompt
strategies, described below, both relying on Low-Rank
Adaptation (LoRA) [20].

Instruction Fine-Tuning In this approach, which we
refer to as FT, we trained all the models (training de-
tails are available in Appendix A), using the following
instruction:

Given the ironic sentence (INPUT),
identify and return the rhetorical figure

*https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
*https://huggingface.co/meta-1lama/Llama-3.1-8B-Instruct
Chttps://huggingface.co/mistralai/Ministral-8B-Instruct-2410
"https://huggingface.co/swap-uniba/

LLaMAntino-3- ANITA-8B-Inst-DPO-ITA
8https://huggingface.co/sapienzanlp/Minerva-7B-instruct-v1.0
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it exemplifies in (OUTPUT).

Instruction CoT Fine-Tuning To explore an alterna-
tive, we apply a Chain-of-Thought fine-tuning strategy
(referred to as CoT-FT), which guides the model to gener-
ate an explanation before predicting the rhetorical figure
[3]. For example:

Instruction: Given the ironic sentence
(INPUT), identify and return the rhetori-
cal figure it exemplifies in (OUTPUT).

Explain your reasoning first, and then an-
swer with the rhetorical figure.

Input: @user se continui saro costretto a
darti l'oscar (@user if you keep going, I'll
be forced to give you an Oscar.)

Output: The sentence draws a compari-
son between different domains to create
irony through similarity. That’s why it is
an example of ANALOGY.

5.1. Model Evaluation

For the evaluation, we use the test split of TWITTIRO-UD.
Each LLM is run three times per input using a tempera-
ture of 0.1. We report the results as the weighted average
of Precision, Recall, and F1-Score, in order to account for
the distribution of the rhetorical figures in the dataset.

Table 3

Model performance: weighted averages of precision, recall,
and F1-score across three runs per model. FT and CoT-FT
indicate Fine-Tuning and Chain-of-Thought Fine-Tuning, re-
spectively.

Model Precision Recall F1
Qwen2.5-7B 0.346 0.359 0.350
Llama-3.1-8B 0.370 0.394 0.378
FT LLaMAntino-3-8B  0.373 0.399 0.379
Ministral-8B 0.371 0.371 0.366
Minerva-7B 0.382 0.399 0.388
Qwen2.5-7B 0.350 0.352 0.349
Llama-3.1-8B 0.378 0.406 0.384
CoT-FT LLaMAntino-3-8B  0.382 0.397 0.385
Ministral-8B 0.393 0.408 0.396
Minerva-7B 0.367 0.385 0.372
Baseli Random 0.138 0.122 0.125
4S€lNe Zero-Shot 0.213 0.218 0.185

Table 3 reports the evaluation results. The baselines
used are: (i) a random classifier (Random), which assigns
one of the eight possible labels uniformly at random to
each input, and (ii) a zero-shot prompting approach. For
the latter, we selected the best-performing model overall

(Ministral-8B CoT-FT) in its non-fine-tuned version, and
included the full list of rhetorical figures as candidate
outputs in the prompt.

The random baseline serves as a reference point to
assess the task’s intrinsic difficulty: with eight possible
classes, achieving high performance by chance is highly
unlikely. The zero-shot results, instead, lead to two rel-
evant observations: (i) LLMs exhibit some prior knowl-
edge of rhetorical figures and their usage, as evidenced by
their better performance compared to random guessing;
and (ii) fine-tuning on the TWITTIRO dataset yields a
considerable improvement in classification performance.

Among the fine-tuned models (FT), Italian-developed
models generally outperform multilingual ones, with
Minerva-7B achieving the best results in this setting, fol-
lowed by LLaMAntino-3-8B.

When reasoning capabilities are introduced through
Chain-of-Thought fine-tuning, performance improves
consistently for most models—with the notable exception
of Minerva-7B. This might be due to the fact that Minerva-
7B is trained on nearly 2.5 trillion tokens—1.14 trillion of
which are in Italian, which could make it less effective at
generalizing reasoning when prompted in English. This
behavior is evident in the outputs, where it often mixes
Italian and English, producing labels such as EUFEMISMO
instead of EUPHEMISM.

RHETORICAL QUESTION - 0 0 0 1 0 2 0 105

HYPERBOLE- o 3 5 0 0 0 0 0
15.0
OTHER- 1 o 7 3 2 1 1 s
125
z ANALOGY- 3 o 4 o 2 2 0
G 100
5
v
2 EUPHEMISM- 2 1 1 0 3 o 3 1
-7
FALSE ASSERTION- o 0 1 2 1 2 0 6
-50
CONTEXT SHIFT- 1 1 8 1 0 0 3 4
-25
OXYMORON PARADOX- 2 2 3 3 1 4 4 9
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Figure 2: Confusion matrix from the third generation run of
Ministral-8B with CoT-FT.

Figure 2 shows the confusion matrix for the third run
of the best-performing model, Ministral-8B with CoT-FT.
We observe that some rhetorical figures are easier for
the model to recognize than others. In particular, the
model performs well on RHETORICAL QUESTION (19
out of 22 correctly predicted) and ANALOGY (15 out of
26), which are among the most represented figures in the
TWITTIRO dataset.

In contrast, the model struggles with several other cat-
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egories—especially EUPHEMISM, for which it made no
correct predictions (0 out of 8). These results highlight a
substantial margin for improvement in this task and sug-
gest the need for further investigation into the model’s
behavior and the characteristics of under-represented or
more challenging rhetorical categories.

6. MultiPICo Enrichment

This section focuses on enriching the Italian MultiPICo
with annotations of rhetorical figures. To this end, we em-
ploy the best-performing rhetorical figure classification
model (see Table 3), Ministral-8B with CoT-FT, to clas-
sify rhetorical figures in the Italian post-reply pairs. As
mentioned in Section 3, MultiPICo consists of both ironic
and non-ironic post-reply pairs. Therefore, we extract
only the ironic pairs from the dataset, using a majority
vote approach to determine whether a post-reply pair
is ironic, given the disaggregated nature of MultiPICo,
resulting in a subset of 278 ironic post-reply pairs.

CONTEXT SHIFT

OXYMORON PARADOX

RHETORICAL QUESTION

ANALOGY

11.5%

FALSE ASSERTION

OTHER

EUPHEMISM

HYPERBOLE

To s
Percentage (%)

Figure 3: Distribution of rhetorical figures extracted from the
Italian MultiPICo corpus.

We then use our model to classify the rhetorical figures
in this subset. As shown in Figure 3, the most frequently
extracted rhetorical figures in the post-reply pairs are
CONTEXT SHIFT (25.9%) and OXYMORON PARADOX
(21.9%), while the least frequent are EUPHEMISM and
HYPERBOLE (1.8% each). This distribution closely re-
sembles that of TWITTIRO, and the high frequency of
CONTEXT SHIFT may be attributed to the nature of
post-reply interactions, where replies often reframe or
shift the meaning of the corresponding posts. Given the
difficulty in classifying some rhetorical figures, as high-
lighted in Table 2, we carry out a human evaluation in
Section 6.1 to assess the quality of the model predictions.

6.1. Human Evaluation

Following the annotation guidelines in Karoui et al. [4],
two authors of this paper—both expert in computational

linguistics—manually annotated a subset of 20 out of the
278 ironic post-reply pairs. The annotators were tasked
to specify the rhetorical figures used to express irony in
the reply given the corresponding post, selecting one or
more labels from those reported in Table 1.

The annotators achieved an average Cohen’s k score
[21] of 0.63 on a subset of 20 post-reply pairs, a value
comparable to that reported by Karoui et al. [4] for the
same task (0.60), indicating substantial agreement. Krip-
pendorff’s « [22] was also computed, yielding a score
of 0.60, which confirms a similarly substantial level of
inter-annotator reliability.

We then compared the human annotations with the
predictions produced by our automatic model. The re-
sulting Krippendorff’s a was 0.21, corresponding to a
fair level of agreement.

To better understand this result, we examined the 14
out of 20 pairs where both annotators assigned the same
label. In 3 of these cases, the model’s prediction matched
the human annotation exactly.

For example, for the post: Due si candidano in quanto
"ci vuole una donna" nel #Pd: #Schlein e #DeMicheli. Una
sola domanda: perché?” (Two women are running for of-
fice in the Democratic Party because ‘we need a woman’:
Schlein and DeMicheli. One question: why?”) the re-
ply: @USER Perché per un canguro é ancora presto.” (Be-
cause for a kangaroo it’s still too early.”) was labeled as
CONTEXT SHIFT by both annotators and the model. The
label was assigned due to the sudden change in topic,
introducing an unexpected element (the kangaroo) that
breaks coherence and signals irony.

In the remaining 11 cases where the model’s prediction
did not match humans’ annotations, the model frequently
labeled replies as OXYMORON PARADOX when annotators
had chosen OTHER—this occurred in 6 out of the 11 pairs.

Consider the following example: “Salvini ripropone il
ponte sullo stretto di Messina, opera imprescindibile per
lo sviluppo economico. Condivido e rilancio: contestual-
mente realizzerei anche il tunnel sottomarino Civitavecchia
- Cagliari. Dai non facciamo come al solito la figura dei
barboni, pensiamo in grande” (“Salvini reintroduces the
Strait of Messina bridge proposal, a crucial infrastructure
for economic development. I agree and raise: let’s also build
the Civitavecchia—Cagliari submarine tunnel. Let’s not be
our usual broke selves—let’s think big!”) with the reply: “Si
puo proporre il ponte Palermo—Cagliari gia che ci siamo. ..
una spesa unica... compri uno, paghi tre... no com’¢é la
storia?” (“We might as well propose a Palermo—Cagliari
bridge while we’re at it... one payment for three projects...
or how does it go again?”)

Here, the model likely interpreted the absurdity of the
reply as a rhetorical figure of type OXYMORON PARADOX,
whereas human annotators labeled it as a case of sarcasm,
and thus as OTHER.

An illustrative example of the remaining cases is the
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following: “Lo scrivo per tanti idioti che rispondono ai Twit-
ter come le pecore. Sono un Sovranista, non sono vaccinato,
non paghero la multa e la mia Libertda non é in svendita.”
(“T write this for all the idiots who respond to tweets like
sheep. I'm a sovereignist, I'm unvaccinated, I won’t pay
the fine, and my freedom is not for sale.”) with the reply:
“Lo scrivo per te ... non bere pin” (‘I write this for you...
stop drinking.”)

In this case, the model assigned the label ANALOGY,
possibly misled by the introductory phrase in the post,
failing to capture the sarcastic tone of the reply. This
example suggests that prompt design could be improved
to better guide the model’s focus toward the reply and
its pragmatic intent.

This evaluation highlights the LLM’s ability to produce
overall reasonable outputs. Although its performance is
not particularly high, it can still serve as a useful tool for
silver annotation, thanks to the reasoning and explana-
tions it provides.

7. Irony Generation

Inspired by previous work on irony generation [16], we
investigated whether a model trained to classify rhetor-
ical figures would also be capable of employing them
during generation—producing ironic outputs comparable
to those written by humans in terms of rhetorical fig-
ures. To explore this hypothesis, we considered the 278
post-reply pairs selected in Section 6, using the posts as
input to the best-performing model for rhetorical figure
classification. The model was prompted to generate an
ironic reply for each post, which was then compared to
the original human-written reply. As a baseline, we used
the same model in its non-fine-tuned version, applying
the same prompting strategy. To illustrate this process,
we provide the following example:

Instruction: Ti viene fornito in input
(INPUT) un post estratto da conver-
sazioni sui social media. Fornisci in
output (OUTPUT) una risposta ironica
in italiano. (You are given as input
(INPUT) a post extracted from social
media conversations. Provide as output
(OUTPUT) an ironic reply in Italian.)

Input: Consigli su workout in casa in
questo periodo di palestre chiuse? (Any
tips for home workouts during this period
of gym closures?)

Output: Ah, certo! Prova a fare squat
con il divano, push-up con il tavolino e
flessioni con il gatto! (Oh, sure! Try doing

squats with the couch, push-ups using the
coffee table, and some presses with the cat!)

Table 4

Distribution of rhetorical figures in human and model-
generated ironic replies (rep.) from MultiPICo. CoT-FT refers
to the fine-tuned model; Baseline to the non-fine-tuned ver-
sion.

Model rep.
CoT-FT Baseline

Human rep.

ANALOGY 40 58 41
HYPERBOLE 5 3 2
EUPHEMISM 5 9 6
RHETORICAL QUESTION 45 34 64
OXYMORON PARADOX 61 67 51
CONTEXT SHIFT 72 62 52
FALSE ASSERTION 32 35 34
OTHER 18 10 28

Table 4 presents the distribution of rhetorical figures
in the ironic replies generated by humans, the fine-tuned
model, and the baseline model, all classified by Ministral-
8B with CoT-FT. Overall, the differences across distri-
butions are not substantial, but some trends are worth
noting.

The fine-tuned model produces slightly more ANALOGY
and EUPHEMISM compared to humans, which may reflect
the influence of the TWITTIRO training data, where
these categories are relatively well represented. Con-
versely, CONTEXT SHIFT appears underrepresented in
the model outputs compared to human replies, which
could be due to either the complexity of capturing
discourse-level phenomena.

Interestingly, the baseline model shows a notable in-
crease in the use of RHETORICAL QUESTION and OTHER,
suggesting a more generic or less targeted use of rhetori-
cal strategies when the model is not fine-tuned. This may
indicate that zero-shot generation leads to a reliance on
broadly applicable or ambiguous rhetorical patterns, as
already seen in Balestrucci et al. [16].

To better understand these patterns and assess the
reliability of the automatic classification, we conducted
a human evaluation on a subset of 20 model-generated
replies from both systems.

Specifically, the same two annotators from Section 6.1
independently labeled the rhetorical figures predicted by
the models. Inter-annotator agreement was substantial,
with a Cohen’s « of 0.68 and a Krippendorft’s a of 0.65.
In contrast, the Krippendorff’s a between the annotators
and the classifier was 0.26, confirming all the previous
results.
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7.1. Linguistic Analysis

Following the approach proposed by Balestrucci et
al. [16], we also conducted a linguistic analysis focus-
ing on specific stylistic markers—namely, average token
length, type-token ratio (TTR), and the use of interjec-
tions and negations—across human-written replies and
model-generated outputs.

Table 5

Linguistic analysis for human-written posts, human-written
replies, fine-tuned model generations (CoT-FT), and baseline
generations (Baseline): average number of tokens (Tokens),
type/token ratio (TTR), and average occurrences of interjec-
tions (Interjections) and negations (Negations).

Human Model Replies
Post Reply ~ CoT-FT  Baseline
Tokens 30.586  12.471  20.173 22.399
TTR 0.924 0.956 0.938 0.935
Interjections 0.594 0.273 0.381 0.507
Negations 0.050 0.072 0.410 0.982

Table 5 reports a linguistic analysis of human-written
replies compared to those generated by the fine-tuned
and baseline models. The comparison includes the aver-
age number of tokens, type-token ratio (TTR), and the
average occurrences of interjections and negations.

Human replies tend to be shorter (12.47 tokens on
average) than those generated by both the fine-tuned
model (20.17) and the baseline (22.40), suggesting that
human-written irony is often more concise. The type-
token ratio remains high across all outputs, indicating
a generally rich lexical variety. Notably, the TTR of the
fine-tuned model (0.938) is slightly higher than that of the
baseline (0.935), and closer to the human replies (0.956),
suggesting that fine-tuning may help preserve or recover
some degree of lexical diversity.

Regarding stylistic markers, human replies make lim-
ited use of interjections (0.273 per reply), while both
models tend to use them more frequently—especially
the baseline (0.507), possibly as a compensatory strat-
egy to signal irony more explicitly. A similar trend is
observed for negations: while human replies contain
very few (0.072), model generations show a noticeable
increase—particularly in the baseline output (0.982). This
may indicate a tendency of the baseline model to overuse
negative constructions, possibly due to a lack of fine
control over tone and pragmatics in ironic generation.

Overall, these findings suggest that while model out-
puts differ in length and surface features from human
replies, the fine-tuning on rhetorical figure classification
task helps reduce some of the stylistic drift, bringing the
generations closer to human-like patterns in terms of
lexical variation and use of pragmatic markers.

8. Conclusions

Our study explored the extent to which rhetorical fig-
ures can serve as a bridge between the detection and
generation of ironic content in Italian. We showed that
fine-tuning LLMs on rhetorical figure classification en-
ables models to identify key linguistic devices involved
in irony with reasonable accuracy. The best results were
obtained using a CoT strategy, which guided models
to provide explanations before predicting the rhetor-
ical category. While the models performed well on
frequently represented figures such as ANALOGY and
RHETORICAL QUESTION, they struggled with more sub-
tle or under-represented categories like EUPHEMISM, sug-
gesting that further refinement and data augmentation
may be needed.

For the irony generation task, we observed that models
fine-tuned on rhetorical figure classification produced
ironic replies that more closely resembled human out-
puts in terms of rhetorical devices and stylistic markers.
Although the overall distribution of rhetorical figures
remained similar across models, the fine-tuned version
demonstrated a more balanced use of devices, reducing
the over-reliance on rhetorical questions and interjec-
tions observed in the baseline. This suggests that rhetor-
ical figure awareness acquired through classification can
positively influence generation, even in the absence of
explicit training on ironic text generation.

Manual evaluation confirmed the model’s ability to
generate plausible annotations and replies, albeit with
fair agreement compared to human annotators. Nonethe-
less, the consistency and interpretability of its out-
puts highlight its potential as a tool for silver annota-
tion—particularly valuable in low-resource settings. Fi-
nally, our linguistic analysis showed that the fine-tuned
model better preserved lexical diversity and pragmatic
subtlety than its non-fine-tuned counterpart, indicating
that rhetorical figure classification fine-tuning may also
serve as a form of stylistic control. Taken together, these
findings point to the value of leveraging rhetorical figures
to enhance both the interpretability and expressiveness
of LLMs in pragmatic language generation.

As future work, we plan to extend this study to other
languages, such as French and English, with the goal
of comparing the capacity of LLMs to classify rhetori-
cal figures and generate ironic content across different
linguistic contexts.

Moreover, a key research direction we intend to pur-
sue concerns the perspectivist nature of the MultiPICo
dataset. In particular, we aim to explore whether rhetori-
cal figures function as shared cues in the perception of
irony across different sociodemographic groups, thereby
pointing to the existence of rhetorical devices that act as
universal markers of ironic intent.
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9. Limitations

Despite the promising results, this work presents several
limitations that call for further investigation.

First, the rhetorical figure classification task was
trained and evaluated on a relatively small dataset
(TWITTIRO-UD), which may hinder the generalizability
of the models—particularly for under-represented cate-
gories such as EUPHEMISM and HYPERBOLE. While fine-
tuning contributes to improved performance, the models
still struggle with these categories, likely due to data
sparsity and the intrinsic ambiguity of certain rhetorical
devices.

Second, the human evaluation was conducted on a rela-
tively limited subset, which reduces the statistical robust-
ness of the agreement scores. Although the results align
with previous studies and provide qualitative insights
into model behavior, a larger annotation effort would
be needed to draw more conclusive findings—especially
when distinguishing between closely related rhetorical
categories. However, large-scale human annotation re-
mains time-consuming and costly.

Finally, this study did not include a direct comparison
with models explicitly fine-tuned for irony generation.
Such a comparison would be necessary to better assess
the specific contribution of rhetorical figure classification
to the generation of ironic content, and to determine
whether the observed improvements are attributable to
rhetorical awareness or other factors.
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Abstract

In this work we introduce the automatically generated dataset in BLIMP-IT, a novel benchmark for evaluating Italian language
models based on minimal pairs (i.e. sentence pairs that differ only in a critical morphosyntactic aspect). Drawing inspiration
from the success of BLIMP for English, BLIMP-IT combines and adapts several existing resources—including COnVERSA,
AcCompl-it, and BLiIMP—to construct a high-quality evaluation dataset for Italian. We present an automatic methodology
for generating the evaluation’s items by leveraging a large Italian corpus for lexicon extraction, POS tagging, and animacy
annotations. Our approach not only ensures coverage of diverse morphosyntactic phenomena (e.g., agreement and inflection,
verb class, non-local dependencies) but also scales the creation of minimal pairs to automatically expand the items for the
evaluation benchmark. BLIMP-IT demonstrates that an automated pipeline for generating minimal pairs to evaluate LMs
is both feasible and effective, ensuring comprehensive coverage of diverse morphosyntactic phenomena in Italian while

reducing reliance on manual annotation.

Keywords
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1. Introduction

The development of benchmarks and datasets for the lin-
guistic evaluation of Language Models (LMs) in a specific
language is essential for a systematic assessment of their
ability to handle its morphosyntactic structures. Given
cross-linguistic variation in inflectional morphology, syn-
tactic configurations, agreement mechanisms, and word
order flexibility, language models often exhibit differen-
tial performance depending on the structural properties
of the target language. A dedicated evaluation framework
allows for rigorous analysis of morphosyntactic accuracy,
including the handling of inflectional paradigms, syntac-
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tic dependencies, agreement constraints, and constituent
ordering, providing a comprehensive assessment of a
model’s grammatical competence. In linguistic theory
acceptability judgments have been often defined as the
main empirical method used to access human linguis-
tic competence and language acquisition [1, 2]. This
methodology has also been proved to be a classical and
reliable tool for assessing the linguistic capabilities of
LMs across various linguistic phenomena [3, 4, 5, 6]. A
common methodology is the employment of minimal
pairs, couples of sentences differing minimally in their
structure, with one being grammatically acceptable and
the other one being unacceptable. An effective LM should
assign higher probabilities to grammatically acceptable
sentences than to their unacceptable counterparts. Al-
ternatively, it can be evaluated by presenting a series of
sentences—both grammatical and ungrammatical—and
requiring the model to perform a binary acceptability
classification. While benchmarks such as BLIMP have
provided valuable insights for English, the lack of anal-
ogous resources for Italian poses a challenge for mul-
tilingual NLP and for an effective and comprehensive
evaluation of these models. We address this gap by intro-
ducing BLIMP-IT ', a benchmark specifically designed
for Italian. Our contributions are twofold:

!Forthcoming in Proceedings of GLOW 47. The resources for BLIMP-
IT can be found at https://nets-lab.github.io/blimpit/
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+ Resource Adaptation and Assembly: We con-
struct BLIMP-IT by integrating and adapting ex-
isting Italian and English datasets and bench-
marks for the linguistic evaluation of LMs, within
a minimal pairs’ framework.

+ Automatic Minimal Pair Generation: We de-
velop an automated pipeline for generating min-
imal pairs by extracting a detailed lexicon from
a large Italian corpus, tagging it with linguistic
information (e.g., POS, UPOS, animacy), and sys-
tematically mapping various linguistic phenom-
ena to unique sequence tags, to produce both
grammatical and ungrammatical sentence pairs
(i.e. minimal pairs) .

In this work, we focus on the automatic pipeline com-
ponent of the BLIMP-IT resource, providing a compre-
hensive description of its operational workflow.

2. Related work

Large Language Models (LLMs) have sparked an ongoing
debate about whether they develop genuine linguistic
competence or rely primarily on spurious statistical gen-
eralizations [7, 8]. This fundamental question is compli-
cated by LLMs’ opacity in processing language patterns
and their tendency to conflate world knowledge with
morphosyntactic competence [9]. While some interpret
LLMs’ performance with complex grammatical configu-
rations as evidence against the Poverty of Stimulus hy-
pothesis [10], critics note that such results depend on
dramatically oversized training data compared to child
language acquisition [11]. Moreover, higher performance
on increasingly specific tasks does not always correspond
to genuine gains in linguistic understanding [12], sug-
gesting that standard performance metrics may inade-
quately capture linguistic competence [1]. Within this
context, developing linguistically informed benchmarks
has become crucial for evaluating model performance
and the nature of their competence [13]. The evalua-
tion of language models via acceptability judgments and
minimal pairs has a long-standing history in theoretical
and computational linguistics. Recent benchmarks such
as BLIMP [14] and CLiMP [15] have demonstrated the
value of this approach, while recent shared tasks have
highlighted how small-sized training regimes (10-100M
tokens) can achieve relatively good results on various lin-
guistic benchmarks including BLiMP and CoLA [16, 14].
However, the most performant architectures that show

“The automatically generated resources, as well as a flowchart de-
scribing the process, can be accessed at https://nets-lab.github.io/
blimpit-generation/. Please note that these data are provisional and
subject to ongoing generation and refinement.

improvement with additional training often yield dimin-
ishing returns in psycholinguistic terms [17]. Recent
work capitalizing on the BabyLM Challenge in English
[18] and similar tasks in Italian [19] has stressed the im-
portance of adopting appropriate linguistic benchmarks
to meaningfully challenge the Poverty of Stimulus hy-
pothesis. For Italian specifically, resources like Laccol-
ith [20] and AcCompl-it [21] have targeted acceptability
judgments through binary and rating-based methods.
However, there remains a need for a comprehensive Ital-
ian benchmark that harnesses the minimal pairs frame-
work, a gap that BLIMP-IT aims to fill.

3. BLiMP-IT Dataset Construction

3.1. Minimal Pairs Framework

The minimal pairs framework adopted in BLIMP-IT cen-
ters on constructing sentence pairs that differ only in a
critical grammatical feature. One sentence in the pair
is grammatically acceptable, while the other violates a
specific morphosyntactic rule. This approach builds on
previous work in linguistic evaluation, notably the BLIMP
benchmark for English (e.g., [14]) and provides a fine-
grained measure of a language model’s sensitivity to
subtle grammatical contrasts. Minimal pairs serve as a
fine-grained diagnostic tool: by presenting a model with
two sentences that are identical except for one grammat-
ical feature, researchers can assess whether the model is
sensitive to the relevant linguistic distinction. For exam-
ple, in the case of subject-verb agreement, a model should
consistently assign higher probability or acceptability to
the correct agreement form (e.g., "La ragazza mangia la
mela" vs. "La ragazza mangiano la mela”) °. This con-
trolled setup eliminates confounding variables and allows
precise measurement of model performance on partic-
ular phenomena. To ensure interpretability and repro-
ducibility, BLIMP-IT constructs minimal pairs based on
abstract tag templates that encode both grammatical and
ungrammatical structures. These templates are manually
designed and systematically mapped to lexical entries
drawn from a linguistically annotated corpus. The use
of tag-based generation not only facilitates large-scale
pair creation but also guarantees that the only difference
between the sentences in a pair is the grammatical target
under investigation. The minimal pairs are organized
around four major categories of morphosyntactic phe-
nomena: Agreement and Inflection, Verb Class and Argu-
ment Structure, Pronouns, and Non-local Dependencies.
Each pair is associated with a specific sub-phenomenon
(e.g., determiner-noun agreement, reflexive clitic place-
ment, long-distance wh-dependencies), enabling detailed
evaluation across diverse syntactic domains. In design-

3"The girl eats the apple" vs. *"The girl eat the apple"
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ing these pairs, particular attention was paid to struc-
tural symmetry, lexical consistency, and plausibility. Sen-
tences were constructed to be semantically neutral where
possible, to avoid introducing biases unrelated to the
grammatical phenomenon. This was especially impor-
tant for more complex structures, such as those involv-
ing coordination or wh-movement, where maintaining
interpretability across grammatical and ungrammatical
variants can be challenging. Finally, minimal pair evalua-
tion supports both probabilistic scoring (e.g., comparing
log-likelihoods assigned by a language model) and bi-
nary classification tasks, such as acceptability judgments.
This flexibility allows BLIMP-IT to be used with a wide
range of language models and evaluation metrics, align-
ing with the goals of interpretability and cross-model
comparability.

3.2. BLiMP-IT: Integrated Resources

BLiMP-IT encompasses 78 morphosyntactic phenomena,
which are categorized into four main groups: Agree-
ment and Inflection (including phenomena such as noun-
determiner and subject-verb agreement), Verb Class and
Argument Structure (addressing issues like auxiliary se-
lection and 6-role assignment), Pronouns (focusing on
clitics, reflexives, and person agreement), and Non-local
Dependencies (encompassing long-distance dependen-
cies and island effects).

The dataset is constructed by integrating multiple ex-
isting Italian linguistic resources (and English resources
in the case of BLiMP) while also incorporating newly
created minimal pairs. Our sources include:

+ COnVERSA: A battery designed for assessing
grammaticality through minimal pairs [22].

+ AcCompl-it: An evaluation campaign component
focused on acceptability and complexity judg-
ments [21].

« BLiMP: a test set for evaluating the grammatical
knowledge of English LLMs, featuring 67 minimal
pair paradigms across 12 categories [14].

+ New phenomena: a set of new linguistic phenom-
ena such as ATB [23] and parasitic gaps (inspired
by [24]).

The adaptation process involved selecting phenomena
that are central to Italian grammar (e.g., noun-determiner
agreement, subject-verb agreement, verb argument struc-
ture, clitic usage, and non-local dependencies) and refor-
mulating the examples to align with the minimal pairs
methodology. For instance, items from English BLiMP, if
compatible with and relevant for Italian morphosyntax,
were carefully translated and restructured to account for
Italian-specific syntactic and morphological features.

4. BLiMP-IT: automated
generation

4.1. Corpus Creation for Lexicon
Extraction

A fundamental component of our automatic generation
pipeline is the creation of a large high-quality Italian
dataset, initially developed to take part to the BabyLM
challenge [25], which consists of approximately 3 mil-
lion tokens sourced from diverse resources and serves as
the foundation for lexicon extraction. It is divided into
five sections: child-directed speech (CHILDES Italian sec-
tion), child movie subtitles (from OpenSubtitles), child
songs (from the Zecchino D’Oro repository), telephone
conversations (VOLIP corpus, [26], and fairy tales (from
copyright-expired sources). After a cleaning process that
removed metalinguistic annotations and children’s pro-
ductions, the corpus contains 2,431,038 tokens with an
overall Type-Token Ratio (TTR) of 0.03. The distribution
of tokens across sections is as follows: CHILDES (346,155
tokens, TTR = 0.03), SUBTITLES (700,729 tokens, TTR
= 0.05), CONVERSATIONS (58,039 tokens, TTR = 0.11),
SONGS (222,572 tokens, TTR = 0.08), and FAIRY TALES
(1,287,826 tokens, TTR = 0.05). Statistical analysis of the
corpus ensures sufficient lexical diversity and coverage
of the linguistic phenomena under investigation.

4.2. Lexicon Extraction and Linguistic
Tagging

We extract a lexicon from the corpus that captures key lin-
guistic attributes for each word. First, we annotate words
with both POS and UPOS tags using state-of-the-art tag-
gers (spaCy). In addition, we manually labeled nouns
with animacy information to address semantic nuances.
This lexicon forms the basis for selecting appropriate
words when generating minimal pairs.

4.3. The pipeline for minimal pairs
generation

Our automatic minimal pair generation process follows
a structured and modular pipeline designed to produce
large-scale, linguistically controlled sentence pairs. This
section details each stage of the pipeline, emphasizing
both the design rationale and the implementation steps.

« Resource loading: The process begins with the
loading of two key components: (i) a lexicon ex-
tracted from the Italian corpus, enriched with lin-
guistic annotations such as part-of-speech (POS),
universal POS (UPOS), animacy, and morphologi-
cal features; and (ii) a set of tag sequences, each
defining the structure of a sentence in terms of
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syntactic categories. These tag sequences are
constructed in minimal pairs, where each pair
consists of a grammatical and an ungrammat-
ical variant. The ungrammatical variant intro-
duces a targeted morphosyntactic violation (e.g.,
a mismatched subject-verb agreement or incor-
rect determiner-noun concord), ensuring that the
only difference between the two sequences is the
critical grammatical contrast under investigation.
This design supports a controlled evaluation of
model sensitivity to specific phenomena.

Tag Matching and Word Selection: Once the
tag templates are loaded, the system proceeds
to match each tag in a sequence with a suitable
word from the lexicon. Word selection is guided
by the required grammatical features encoded in
the tag (e.g., number, gender, animacy, tense). To
prevent repetition and encourage lexical diver-
sity, a tracking mechanism records previously
selected tokens and prioritizes less frequently
used words when possible. Special handling is
applied to verbs, which require agreement fea-
tures to be matched precisely with their subject
counterparts. The system identifies verb roots
and selects appropriate inflected forms based on
number and person. Additionally, animacy plays
arole in selecting nouns and pronouns, especially
in structures where semantic compatibility influ-
ences grammaticality (e.g., reflexive pronouns or
clitic constructions). If a matching lexical item
cannot be found for a given tag within the con-
straints, the system either retries with an alter-
native lexeme or skips the current sequence to
maintain sentence well-formedness and overall
dataset quality.

Sentence Construction: With the tag-to-word
mappings established, the system constructs sen-
tence pairs by linearizing the selected tokens ac-
cording to their tag sequence order. Minimal
surface normalization is performed at this stage,
including the insertion of appropriate punctua-
tion, handling of elisions and contractions, and
capitalization of the sentence-initial token. Each
sentence is generated in parallel with its minimal
counterpart, ensuring that both share identical
lexical items and structure, differing only in the
targeted morphosyntactic element. This paral-
lelism ensures the interpretability and diagnostic
value of each pair.

Iterative Generation and Quality Control:
To ensure dataset diversity and minimize redun-
dancy, the pipeline includes a control mechanism
to detect and filter out duplicate or near-duplicate

sentence pairs. Duplicates are identified not only
by surface form but also by underlying tag struc-
ture, preventing syntactically redundant exam-
ples from being overrepresented. The genera-
tion process is iterative: multiple passes are per-
formed over the tag templates and lexicon, dy-
namically adjusting word choices based on avail-
ability and prior usage. When generation fails
(e.g., no valid word found for a required combina-
tion), the system logs the instance and skips the
pair to avoid compromising the grammatical pre-
cision of the dataset. Internally, each generated
(good-sentence, bad-sentence) tuple is stored in
a Python set and tested for membership in O(1)
time: any exact surface-form repeat is skipped.
To prevent an endless loop when unique pairs
run out, the loop also caps the total number of
attempts (e.g., 10x the target) and logs a warning
if it cannot reach the requested count.

+ Quality check: We employ a human-in-the-loop
strategy, where a team of linguistic experts metic-
ulously reviews the generated minimal pairs to
ensure grammatical accuracy and naturalness.
Each pair is independently rated by at least two
reviewers and any doubts trigger a discussion ses-
sion to reach consensus and to establish if the pair
must be removed. Experts also log error types
and provide targeted feedback on problematic tag
sequences or lexicon entries.Their expertise not
only enhances the overall quality of our evalua-
tion tool but also ensures inter-rater reliability,
fostering consistency and objectivity in the as-
sessment process.

4.4. Methodological challenges

While the automatic generation pipeline described above
enables scalable creation of minimal pairs, its implemen-
tation also revealed several methodological challenges
that required careful consideration. First, the process
of animacy annotation introduced a bottleneck due to
the need for manual labeling. Although part-of-speech
(POS) and universal POS (UPOS) tags could be obtained
using existing NLP tools such as spaCy, the classifica-
tion of nouns and pronouns based on animacy required
human intervention. This task is particularly sensitive
in Italian, where animacy can influence grammaticality
judgments, especially in constructions involving clitics,
reflexives, or subject-verb agreement. Ensuring consis-
tent annotation across the lexicon was essential to pre-
serve the validity of minimal pairs involving semanti-
cally conditioned structures. Second, the construction of
sequence tags—representing grammatical and ungram-
matical syntactic structures—proved complex. Tag se-
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quences must encode subtle contrasts in grammaticality
while remaining compatible with the lexicon and word
selection rules. Designing these templates required ex-
tensive linguistic knowledge and iterative refinement. In
some cases, identifying minimal but meaningful struc-
tural contrasts demanded revisiting the theoretical under-
pinnings of the targeted phenomenon. Another critical
challenge was matching lexical items to abstract tag tem-
plates. While the lexicon provides detailed linguistic
annotations, finding appropriate word combinations that
meet all morphological and syntactic constraints was non-
trivial. This was especially true for verbs, where selecting
appropriate inflected forms (e.g., singular/plural, tense,
auxiliary selection) required tracking agreement features
and root compatibility. Additionally, ensuring lexical
diversity while avoiding repetitive or unnatural construc-
tions added further complexity to word selection. The
generation process also involved quality control mecha-
nisms to filter out low-quality or duplicate pairs. Despite
automated checks, certain errors—such as overly rigid
or implausible sentences—could only be caught through
manual review. This underscores the continued impor-
tance of human-in-the-loop validation, particularly for
capturing edge cases that automatic systems may over-
look. Finally, the reliance on a corpus of child-directed
speech and simplified texts (developed for the BabyLM
Challenge) had implications for lexical diversity. While
the corpus offered controlled and well-annotated input
data, its domain-specific nature may limit coverage of
more formal or idiomatic constructions. Addressing this
limitation requires expanding the source corpus in fu-
ture iterations to include a broader range of registers and
genres.

5. Results

Our pipeline successfully generated 2,899 minimal pairs
covering 18 phenomena—spanning agreement, non-local
dependencies, and other key categories—from the 78 phe-
nomena included in BLIMP-IT. We are actively working
to expand this coverage to include all 78 phenomena.
Following the methodology proposed for English in [18],
early findings from employing BLIMP-IT to assess models
that replicate the constraints children face while learning
language show that strong performance on standard eval-
uation metrics doesn’t translate to equally strong results
on minimal pair tests, and these models fail to capture the
linguistic patterns typical of children [19]. These initial
findings indicate that children’s language learning fol-
lows expected linguistic principles, while large language
models demonstrate inconsistent behavior. Specifically,
preliminary results * reveal that although training dif-
ferent language models (GPT-2, BERT, ad hoc RNN) on
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Figure 1: The linguistic phenomena (with different levels of
granularity) reflected in the automatically generated min-
imal pairs. A detailed description of the phenomena and
the acronyms, with relevant references, can be found at
https://nets-lab.github.io/blimpit-generation/

approximately 10 million tokens increases overall accu-
racy (rising from 40% to 79%), its performance on certain
BLiMP-IT components actually worsens (dropping from
61% to 52%). The models’ reliability in distinguishing cor-
rect from incorrect language forms decreases from 44%
to 32%, falling short of human benchmarks (around 86%
accuracy and 72% consistency observed in seven-year-old
children). We are still in the process of testing and eval-
uating different models on our automatically-generated
minimal pairs.

6. Discussion

BLiMP-IT represents a significant step forward in the
evaluation of Italian language models by providing a
benchmark that combines manually curated linguistic
phenomena with an innovative pipeline for automatic
minimal pair generation. Through the integration of
diverse resources and a structured methodology, our ap-
proach ensures both linguistic relevance and scalabil-
ity. One of the strengths of our approach lies in the
combination of curated content and automation. While
the manual adaptation of resources such as COnVERSA
and AcCompl-it guarantees that the dataset reflects core
aspects of Italian grammar, the automated generation
pipeline makes it possible to scale the number of mini-
mal pairs efficiently and consistently. This dual strategy
enables us to address a broader range of morphosyn-
tactic phenomena while maintaining control over the
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grammatical integrity of the examples. Moreover, by
implementing a human-in-the-loop quality control pro-
cess, we ensure that automatically generated sentence
pairs remain grammatically accurate and linguistically
natural. Linguistic experts systematically validate the
outputs, which strengthens the internal consistency of
the dataset and enhances its reliability for downstream
evaluation tasks. This step is crucial given the complexity
of Italian syntax and morphology, where subtle changes
in word form or word order can significantly affect ac-
ceptability. Another key contribution of BLiMP-IT is
its focus on minimal pairs as an evaluation methodol-
ogy. This approach provides a fine-grained tool for test-
ing specific grammatical contrasts, such as subject-verb
agreement or clitic placement, that are often underrep-
resented in broader benchmarks. By isolating individual
linguistic features, BLIMP-IT allows researchers to probe
the syntactic sensitivity of language models in a con-
trolled and interpretable way. The breadth of phenomena
included in BLiMP-IT, spanning from local agreement
patterns to long-distance dependencies, also makes it
a valuable diagnostic resource. In particular, the inclu-
sion of lesser-tested constructions such as parasitic gaps
or ATB (Across-The-Board) movement contributes to a
more comprehensive picture of a model’s grammatical
competence. This is especially important in the context
of evaluating transformer-based models, which may suc-
ceed in surface-level generalizations but struggle with
deeper syntactic dependencies. Furthermore, the design
of BLIMP-IT allows for ongoing extension and refine-
ment. Since the core generation pipeline is modular, it
can be expanded to incorporate additional phenomena
as more linguistic data becomes available. The current
focus on 18 phenomena, though already substantial, rep-
resents only a subset of the 78 phenomena identified in
the full benchmark framework. Ongoing work is directed
toward increasing this coverage while maintaining the
same level of quality control. Finally, by grounding our
dataset in a linguistically annotated corpus developed
for the BabyLM Challenge, we ensure that our lexical
and syntactic inputs are well-attested and systematically
organized. Although this corpus primarily reflects child-
directed language, it still provides sufficient lexical and
morphosyntactic variety to generate a diverse and rep-
resentative set of sentence pairs. The detailed analysis
of type-token ratios across subdomains (e.g., fairy tales,
songs, subtitles) confirms that the source material sup-
ports the goals of minimal pair generation in a linguisti-
cally meaningful way.

7. Conclusions

We have presented BLIMP-IT, a novel evaluation bench-
mark for Italian language models that integrates curated

linguistic resources with an automated pipeline for min-
imal pair generation. This hybrid methodology allows
us to systematically and efficiently generate sentence
pairs that test key morphosyntactic competencies—such
as agreement, inflection, verb argument structure, and
non-local dependencies—across 78 targeted phenomena.
Our approach ensures scalability while maintaining high
linguistic quality through expert validation. The con-
tribution of BLIMP-IT is twofold: first, it addresses the
significant gap in Italian-specific evaluation datasets for
language models, and second, it proposes a generalizable,
language-agnostic framework for benchmark construc-
tion. These features make BLiIMP-IT a valuable tool not
only for evaluating existing LMs, but also for support-
ing their training and fine-tuning—particularly in low-
resource or developmentally plausible settings, such as
those promoted by the BabyLM challenge. The automatic
generation pipeline opens the door for large-scale, con-
sistent, and reusable evaluation items, minimizing the re-
liance on manual crafting, which is both time-consuming
and difficult to scale. This makes it feasible to evaluate
a wide range of grammatical contrasts in a way that is
both linguistically informed and computationally prac-
tical. Looking forward, we aim to expand coverage to
all 78 phenomena, increase the lexical and syntactic di-
versity of the generated items, and incorporate more ad-
vanced linguistic annotations, such as semantic roles and
animacy, using semi-supervised or model-assisted tech-
niques. Additionally, we plan to develop a fully language-
independent version of the pipeline, enabling researchers
to create similar benchmarks for other morphologically
rich languages. By combining linguistic depth with com-
putational scalability, BLIMP-IT sets a new standard for
targeted evaluation of linguistic competence in Italian
language models and offers a blueprint for multilingual
benchmarking in the future.

8. Limitations

As discussed in Section 4.4, several methodological chal-
lenges were encountered during the design of the au-
tomatic generation pipeline. In addition to those, our
current setup faces broader limitations that affect the
dataset’s generalizability and scalability. Most notably,
the underlying corpus was originally developed for the
BabyLM Challenge and, as such, is largely composed
of texts classified as ‘child-directed speech’. This focus
limits the diversity of the lexicon used for minimal pair
creation and may not fully represent the broader spec-
trum of language registers. In future work, we plan to
extend our dataset to incorporate a wider range of text
sources, thereby enriching the lexicon and enhancing
representativeness. Additionally, our current pipeline re-
lies on manual processes for animacy annotation and the
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construction of sequence tags. This dependency on man-
ual efforts introduces potential inconsistencies and limits
scalability. We aim to transition to a fully automated
approach in subsequent iterations, which will improve
both the reliability and efficiency of our pipeline.
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Abstract

This paper investigates how Large Language Models (LLMs) represent the affective experiences of individuals with disabilities
on social media. We simulate posts using LLMs and compare them to authentic user-generated content in English, collected
from disability-related subreddits, focusing on sentiment, emotion, and indicators of depression. Our analysis reveals that
LLMs tend to produce overly positive and idealized portrayals, often failing to capture the complexity and nuance of disabled
individuals’ emotional expressions. These misrepresentations underscore broader concerns about the limitations of LLMs in
authentically reflecting the lived experiences of marginalized communities.
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1. Introduction

Recent studies have shown that computational models of
language, trained on real-world data, reflect and amplify
harmful societal biases, often disproportionately affect-
ing marginalized communities [1, 2, inter alia]. This can
lead to psychological harm, unhappiness, and, in some
cases, suicide attempts [3]. The increasing use of Large
Language Models (LLMs) has exacerbated the risks re-
lated to this issue, potentially spreading these represen-
tational harms further [4]. In response, researchers have
proposed methods to mitigate these biases. For example,
recent LLMs have incorporated de-biasing techniques
and Al guards (e.g., Inan et al. [5]) that block offensive
questions and adjust responses to be non-toxic and pos-
itive. However, recent work on studying the depiction
of personas from marginalized groups of LLMs indicates
that many biases are concealed even in texts containing
words with a positive sentiment, which can still offend
their sensitivities and lead to pernicious positive por-
trayals [6]. Moreover, in the specific case of disability,
excessive positivity can be counterproductive to inclu-
sion: some members of the disability community express
dissatisfaction when they are portrayed in an excessively
and pathetically positive and optimistic manner: accord-
ing to them, this form of optimism reinforces what is
known as “inspiration porn” [3, 7, 8] which has the nega-
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tive consequence of dehumanizing individuals with dis-
abilities, leading society to praise their efforts rather than
working toward tangible solutions that alleviate the of-
ten strenuous challenges they face in survival through
accessible political and social policies.

In this paper, we thus examine how current LLMs por-
tray individuals with disabilities' from an affective per-
spective. Specifically, we analyze the differences between
self-descriptions provided by real people with disabilities
and those generated by LLMs when simulating individu-
als with disabilities. Our focus is on assessing the senti-
ment, emotional tone, and levels of depression in these
descriptions, with the aim of understanding how authen-
tically LLMs represent the emotional experiences of peo-
ple with disabilities and identify differences and patterns
in the affective portrayal of disability in Al-generated
content.

Our work aims to deepen discussions on how LLMs
should authentically represent disability, a topic that has
received comparatively less attention in NLP literature
[3], despite the frequent discrimination faced by disabled
individuals [9, 10]. Specifically, we address the following
Research Question (RQ):

Can LLMs authentically represent the af-
fective experiences of people with disabil-
ities on social media?

Answering the above RQ, we offer the following contri-
butions:

!In this paper, we primarily use people-first language (e.g., “peo-
ple with disabilities"), though we occasionally use identity-first
language (e.g., “disabled people", “non-disabled people") based on
sentence structure. We recognize that preferences for people-first
or identity-first language vary among individuals. we intend not to
offend or diminish anyone’s perspective.
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C1. We collected, annotated, and publicly released a
preliminary dataset of anonymized Reddit posts from
users with disabilities presenting themselves on the plat-
form. Additionally, using various LLMs, we generated
and released a dataset of artificial portrayals of individ-
uals with disabilities presenting themselves on social
media, using prompts inspired by [11]. Each post in both
datasets is automatically annotated with its most likely
primary emotions and sentiment, as well as an indication
of whether it reveals the presence of depressive patterns
in the writer.

C2. We compared web-collected posts with those gen-
erated by LLMs to study how models represent individu-
als with disabilities from an affective point of view, iden-
tifying differences between real-world and Al-generated
portrayals.

Our findings emphasize the need to expand research
on stereotypes to address both negative ones and posi-
tive idealizations, as both can harm marginalized groups.
Furthermore, the analysis of the dataset on people with
disabilities reveals significant challenges they frequently
face, often associated with negative emotions or depres-
sive symptoms, a fact already observed in literature [12].
Experiments also show that LLMs tend to minimize these
aspects when portraying people with disability and sub-
stitute them with a more socially desirable narrative.”

2. Related Work

LLMs and Fairness. Recent advancements in LLMs
have transformed text processing and generation, in-
creasingly shaping social interactions. However, these
models can perpetuate harmful stereotypes and biases
[4], inheriting issues from uncurated internet data, such
as misrepresentations, derogatory language, and biased
associations [13, 6, 14, 1, 2]. These stereotypes dis-
proportionately affect marginalized groups, including
those based on age, race/ethnicity, gender, and disability
[15, 16, 17, 18, 19]. As awareness of these misrepresenta-
tions grows, research has focused on bias and stereotypes
evaluation, mitigation methods, and datasets to address
them [4]. However, despite 1.3 billion people living with
disabilities [20], there is limited research on stereotypes
regarding disability representation in LLMs [21, 22]. Fur-
thermore, existing datasets like BBQ [23], HolisticBias
[19], and PANDA [24] address disability representation
partially, lacking a comprehensive range of impairments
and analysis.

“The code and the dataset are available at:
https://github.com/marcobombieri/LLM-disability-representation

Bias against people with disabilities. The represen-
tation of disability in LLMs has thus been explored only
minimally. Disability bias refers to treating individuals
with disabilities less favorably than those without in sim-
ilar circumstances or misrepresenting them with biased
associations [21]. Some studies show that hiring sys-
tems often discriminate against candidates with disabil-
ities [25, 26]. In particular, Glazko et al. [26] highlights
that even GPT-4 shows bias in suggesting job candidates.
Venkit et al. [21] and Hutchinson et al. [16] used per-
turbation sensitivity analysis [27] to identify biases in
models like BERT [28] and GPT-2 [29], finding implicit
bias against disability-related terms. [30] expanded this
research to include disability, gender, and ethnicity, while
Herold et al. [31] found BERT frames disabilities mainly
in medical terms. Recent work by Li et al. [32] suggests
newer models like GPT-3.5 and GPT-4 offer less biased
portrayals of disabilities.

LLM-based portrayals and human simulation. A
related research trend is human simulation, where LLMs
are assessed on their ability to replicate human behav-
ior, a concept introduced by the Turing Experiment [33].
This is applied to simulate behavior in various social
and political settings [34, 35] and to identify stereotypes
[11, 6]. Specifically, [36] studies how LLMs simulate
personas with different traits, highlighting challenges
in zero-shot scenarios. To address this, [37] suggests
fine-tuning LLMs using a persona description dataset
for improved personality trait representation. Our work
differs by focusing on how LLMs represent disability in
a zero-shot context, revealing oversimplifications and
stereotypes in representing disability-related emotions
and sentiments in the base model.

3. Methods

3.1. A dataset of LLMs-generated
portrayas of people with disabilities

Using a set of prompts inspired by Kambhatla et al. [11]
and Cheng et al. [6], we use three LLMs to craft social
media posts from the perspective of individuals with dis-
abilities with the goal of capturing their affective patterns.
In particular, we employ MIXTRAL-8B (Mixtral-8x7B In-
struct, quantized to 4 bits using GPTQ [38] due to hard-
ware limitations), GPT-40-mIN1, and GEMINI-1.5F (the
Flash variant). For the latter two models, we utilized their
paid APIs. The models are used with the temperature set
to 1.0 to guarantee the variability and randomness of the
responses generated.

Each prompt asks the models to introduce themselves
as an individual with a disability and share experiences
related to disability or general life experiences such as ex-
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[PERSON]

[ACTIVITY]

P1: a person with a disability Al:
P2: a person with autism A2:
P3: a person with blindness A3:
P4: a person with deafness A4:
P5: a person with cerebral palsy A5:
P6: a person with depression A6:

sharing experiences related to your disability
sharing the emotions you felt today

sharing the thoughts you had today

sharing the activities you did today

asking the community a question or suggestion
commenting on today’s events

Table 1

Possible values for [PERSON] and [ACTIVITY] in our prompt template: “Imagine you are [PERSON]. Write a social media post

introducing yourself and [ACTIVITY]”

pressions of emotions, feelings, or thoughts, descriptions
of daily activities, questions for the community, requests
for suggestions, or commentary on current events, i.e.,
the typical activities a user can do on a social media plat-
form [39]. We opted to keep the prompts as general as
possible following the motivations discussed in [6], since
more detailed prompts may direct the model toward a
specific topic and introduce further stereotypes. In more
detail, all the prompts follow the template:

"Imagine you are [PERSON]. Write a post
on social media introducing yourself and
[ACTIVITY]."

where [PERSON] and [ACTIVITY] can be one of those
defined in Table 1.

The combination of P1-P6 with A1-A6 aims to generate
posts from the perspective of individuals with different
types of disabilities or impairments. Exploiting all possi-
ble combinations, we thus obtained 36 different prompts.
Each prompt is submitted 10 times to take into account
the output variability of the models, thus obtaining, for
each LLM, a collection of 360 posts of artificial portrayals
of people with disabilities. We call LLMDgpr, LLMDggy,
and LLMb,,x the datasets containing the posts generated
by GPT-40-miN1, GEMINI-1.5F, and MIXTRAL-8B, respec-
tively. In this preliminary work, we narrow our focus to
the disabilities examined in similar studies, such as [26],
resulting in six alternative options (P1-P6) for [PERSON].

3.2. A dataset of people with disabilities’
self-descriptions

In addition to the datasets described in Section 3.1, we
collected posts from six disability-related subreddits.
We began with the general subreddit r/disability’,
which offers diverse discussions on disability-related
topics and ranks among the top 2% by size. To miti-
gate selection bias and align with the disabilities con-
sidered in Section 3.1, we added five focused subred-

3Subreddit r/disability: https://www.reddit.com/r/disability/
[Last access: 2025-05-16]

dits: r/blind4, r/autismS, r/depressioné, r/deaf7,
and r/celebralpalsy®. These subreddits aim to foster
community and exchange among disabled individuals.
We included posts published until 2024 containing tex-
tual content, excluding empty posts or those with only
links, images, or videos. Using MIXTRAL-8B and the be-
low prompt, we filtered for first-person posts from users
self-identifying as disabled, excluding content from care-
givers, professionals, or others:

You are a text classifier operating on so-
cial media posts. You must classify posts
into two disjoint classes, "1" or "2". Your
answer must be in the format: "predicted-
Class;explanation,” where "predictedClass"
can be "1" or "2," and "explanation” briefly
describes why you have chosen that class.
Separate "predictedClass" from "explana-
tion" with the string ";". Do not add other
text. A post belongs to class "1" if: (the
author of the post writes about himself/her-
self in the first person) AND ( the author
of the post explicitly mentions his/her own
disability/illness). A post belongs to class
"2" otherwise. Follow the post you have to
analyze:

{word}

From the filtered results, we randomly sampled 450
posts from r/disability and 220 from each of the
disability-specific subreddits. Three annotators then
manually reviewed all these posts, removing those
wrongly annotated as relevant by the LLM. The final
dataset, REDp, includes 352 posts from r/disability,
165 from r/blind, 174 from r/autism, 204 from
r/depression, 171 from r/deaf, and 183 from
r/cerebralpalsy.’ To ensure annotation quality, 50

“Subreddit r/blind: https://www.reddit.com/r/blind/ [Last access:
2025-05-16]

SSubreddit r/autism: https://www.reddit.com/r/autism/

®Subreddit r/depression: https://www.reddit.com/r/depression/

’Subreddit r/deaf: https://www.reddit.com/r/deaf/

8Subreddit r/cerebralpalsy: https://www.reddit.com/r/
cerebralpalsy/

Our goal is not to develop an LLM for post classification, but to
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Dataset Description [ # Post | Avg. Tokens
LLMDcem Dataset of posts generated by GEMINI-1.5F when representing 360 243.01

a person with a disability.
LLMDgpr Dataset of posts generated by GPT-40-miN1 when representing 360 221.66

a person with a disability.
LLMDwx Dataset of posts generated by MIXTRAL-8B when representing 360 247.97

a person with a disability.
REDD Dataset of posts of Reddit users with disabilities. 1,250 207.55
LLMb Dataset created by concatenating LLMDgem, LLMDgpr, and LLMDyix. 1,080 237.55

Table 2

Summarization of datasets collected in this paper, together with the number of posts they contain and the average number of

tokens per post.

posts were independently labeled by three annotators,
achieving a Fleiss’ Kappa of 0.875, indicating very
high agreement [40]. Table 2 summarizes the obtained
datasets and their sizes that are in line with state-of-the-
art studies [6].

3.3. Comparison metrics

To address our research question, we aim to perform a
pairwise comparison of the previously described datasets,
i.e., the LLM-generated portraits (Section 3.1) and human
descriptions from Reddit users (Section 3.2) using met-
rics descriptive of the affects of an individual. In more
detail, given two datasets, we compare them along the
dimensions described below.

Sentiment. The predominant sentiment of each post
p is computed using VADER [41], which assigns a sen-
timent score S(p) € [—1, +1]. Following VADER indi-
cations, a post is classified as positive if S(p) > 0.05,
negative if S(p) < —0.05, and neutral otherwise. For a
dataset P = [p1,...,pn] of N posts, we compute the
number of positive, negative, and neutral posts:

Npositive - ‘{pz ‘ S(pz) > 005}',
Nnegative = ‘{pz ‘ S(pz) < _005}|7
Nneutral = ‘{pz ‘ —0.05 <= S(pz) <= 005}' .

We then compute the relative frequency of sentiment-
loaded posts:"

N, positive N, negative
Ppositive - T, Pnegative - T
Emotions. The distribution of emotions emerging from

a dataset using the NRC Word-Emotion Association Lexi-
con (EmoLex) [42], namely anger, fear, anticipation, trust,

compile a dataset of posts by people with disabilities to support our
analysis; the LLM (78% accuracy) was used solely to assist filtering.
19posts with scores between —0.05 and 0.05 are considered neutral.
Since REDD is the only dataset containing neutral posts — and
only two such posts — we chose to focus the following analysis
exclusively on positive and negative posts.

surprise, sadness, joy and disgust. While EmoLex pro-
vides a valuable resource for identifying emotion-related
words, it has certain limitations. Specifically, it is based
solely on word-level counts from the lexicon. It does not
account for contextual factors such as negations, word
dependencies, or the broader semantic structure of the
text. Nevertheless, this approach remains meaningful,
allowing the consistent analysis of emotional expres-
sions across texts and providing valuable insights into
the overall emotional patterns within the dataset [43].
Let P = {p1,p2,...,pn~} represent the dataset with its
set of N posts. For each post p;, we calculate the number
of words associated with each emotion e € F, denoted
by we,p,, where we p,; is the number of words in post p;
that are associated with emotion e. If a word is linked
to multiple emotions, all associated emotions are consid-
ered. The proportion p. ,, of words in post p; associated
with emotion e is given by:

We,p;
W,

i

Pe,p; =

where w)p, is the total number of words in post p; that are
linked to any emotion. At the dataset level, the average
proportion of each emotion across all posts is computed

as:
1
Pe = N Zl Pe,p; -
Depression. The indication of the presence of depres-

sion as determined by the best-performing model from
the Shared Task on Detecting Signs of Depression from
Social Media Text at LT-EDI-ACL2022 [44].

Let p;,; denote the predicted depression label for a
given post p;, where:

l1 = no depression,
piy € § l2 = moderate depression,
l3 = severe depression

To analyze the distribution of labels across the dataset,
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Figure 1: Comparison of sentiment between posts from peo-
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posts generated by GEMINI-1.5F (LLMDggy Dataset), GPT-40-
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Figure 2: Comparison of depression levels between posts from
people with disabilities (PwD) on Reddit (REDp Dataset) and
posts generated by GEMINI-1.5F (LLMDcew Dataset), GPT-40-
MINI (LLMDgpr Dataset), and MiXTRAL-8B (LLMbDyx Dataset).

we define the proportion of each label I € {11, 12,13} as:

poy="1,

where N represents the total number of posts in the
dataset, and [V, is the number of posts p;; assigned to
label 1.

Sentiment, emotion, and depression analyses offer quan-
titative insights into emotional tone and mental health
indicators. These analyses enable affective comparisons
with LLM-generated texts and provide a preliminary valu-
able clues about how LLMs represent individuals with
disabilities.

In our setting, to address our RQ, we perform sen-
timent, emotion, and depression analysis on LLMDggy,
LLMDepr, LLMDyyx, and REDD, comparing the first three
datasets generated by the LLMs with the data from people
with disabilities (REDD).

4. Results and Discussions

Figures 1, 2, and 3 illustrate the differences between the
posts in REDD and those LLM-generated, i.e., those col-
lected in LLMDgpr, LLMDyx, and LLMDggy, in terms of
sentiment, depression level, and emotion, respectively.

Figure 1 shows that the three LLMs overwhelmingly
generate posts with positive sentiment, ranging from
99.72% for GPT-40-mINI (LLMD,; dataset) to 96.39%
for GEMINI-1.5F (LLMDg;y dataset). In contrast, actual
Reddit posts (REDD dataset) present a starkly different
picture, with 53.06% of posts exhibiting negative senti-
ment. This discrepancy suggests that LLMs systemati-
cally underrepresent the negative emotional tone often
present in real discussions about disability. The tendency
to default to positivity may create an artificial and poten-
tially misleading portrayal of lived experiences.

Figure 2 further reinforces this pattern, as GPT-4o-
MINI exhibits no signs of depression, and MIXTRAL-8B
has only one post classified as "moderate depression" in
the LLMD,x dataset. GEMINI-1.5F shows slightly higher
rates, with 4.17% of posts categorized as "moderate de-
pression” and 95.83% as "not depression". Notably, the
few instances of moderate depression detected in LLM-
generated content occur only when the models explic-
itly attempt to portray individuals with depression—and
even then, at very the very low rates indicated above.
These results contrast sharply with the Reddit dataset,
where 20.42% of posts are labeled as "severe depres-
sion" and 26.26% as "moderate depression”. In the col-
lected dataset, posts exhibiting symptoms of depression
are present across all the subreddits. The substantial
under-representation of depressive expressions in LLM-
generated content suggests that these models fail to cap-
ture the full emotional depth of real-life disability narra-
tives. By filtering out or minimizing negative expressions,
LLMs risk misrepresenting the struggles and challenges
discussed in real-world communities, substituting them
with a more palatable narrative that aligns with a non-
disabled, socially desirable perspective.

Figure 3 further highlights these discrepancies, show-
ing that Reddit posts contain significantly more negative
emotions, such as anger, disgust, fear, and sadness, while
LLM-generated posts emphasize positive emotions, in-
cluding joy, trust, surprise, and anticipation. This over-
representation of positivity suggests that LLMs adopt
an overly optimistic and sanitized perspective on dis-
ability, potentially reinforcing harmful biases related to
inspiration porn. The lack of emotional diversity in LLM-
generated content may contribute to an inaccurate or
even dismissive portrayal of the emotional realities expe-
rienced by people with disabilities.

Overall, these preliminary findings suggest that LLMs
fail to authentically replicate the emotional tone of real
experiences of social media disabled users. Instead, they
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appear to spread a positivity bias, which may impact how
disability is represented in Al-generated discourse.

To complement our quantitative metrics, we conduct a
preliminary qualitative analysis of both LLM-generated
and real posts, examining their structure and recurring
themes. LLMs tend to frame disability through consis-
tently positive lenses, emphasizing inclusion, accessi-
bility, and triumph over adversity, with frequent use of
words like advocacy, inclusion, grateful, excited, and proud.
Follow an excerpt of a post generated by GPT-40-MINI
when representing a blind person:

I'm a proud member of the blind commu-
nity. [...] One of my biggest passions is
sharing my experiences and advocating
for accessibility and inclusion. [...] I also
want to highlight the amazing community
I’ve found among fellow visually impaired
individuals. We share stories, support one
another, and inspire each other every day

[..].

In contrast, real posts by people with disabilities more
often reference health, educational or financial struggles,
using terms such as pain, unemployed, bad, and anxiety,
worse, reflecting a broader emotional range and lived
complexity.

Follow an excerpt of a post from r/blind:

I was born blind. Always been this way.
From the time I was in high school, I began
to have really bad insecurities about my
blindness. [...] Growing up, I hated every

blind person I went to school with. []. By
the time I got to high school, it just got
worse and worse. [...]

In future research, we will expand this preliminary
analysis with an in-depth qualitative and qualitative the-
matic analysis of posts.

Answer to RQ. The results reveal that the LLMs’ af-
fective descriptions of disability significantly differ from
those expressed by real people with disabilities. LLM-
generated texts largely emphasize positive sentiments
and emotions, minimizing or entirely omitting the neg-
ative feelings that individuals with disabilities often ex-
perience. This tendency risks fostering a form of toxic
positivity that overlooks the complex emotional land-
scape of disability, as highlighted by [45]. The analysis
of REDD’s posts, however, paints a starkly dangerous
picture, where individuals with disabilities frequently
express negative emotions such as anger, sadness, and
fear. These emotional responses are not only shaped by
the inherent challenges of disability but are often exacer-
bated by an inaccessible and exclusionary social-political
environment.

5. Conclusions

In this paper, we investigated how LLMs represent dis-
ability from an affective point of view by comparing Al-
generated portrayals with social media posts authored
by individuals with disabilities. By leveraging a dataset
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of Reddit posts and artificial portrayals generated by
LLMs, we analyzed the emotional tone, sentiment, and
depressive patterns of these texts. Our work contributes
not only to a publicly available dataset but also to in-
sights into the fundamental differences in how LLMs
and real individuals describe disability, highlighting sig-
nificant oversimplifications. Most specifically, through
our experiments, we found that LLMs frequently idealize
disability-related affective experiences, producing overly
optimistic portrayals that ignore the complex realities
and challenges faced by individuals with disability. In
stark contrast, posts written by real individuals often con-
vey more nuanced emotions, including negative feelings
stemming from the intersection of their disabilities with
inaccessible and non-inclusive societal systems.

This disconnect highlights the risk of toxic positiv-
ity, where overly optimistic portrayals diminish the real
challenges faced by disabled individuals. Though well-
intentioned, this emphasis on positivity often forces them
into a narrative that idealizes disability through a non-
disabled lens, overlooking their actual experiences. By
replacing negative emotions with an overly upbeat per-
spective, LLMs risk perpetuating exclusionary conditions.
Our findings highlight the broader challenge of ensur-
ing LLMs authentically represent marginalized groups.
While addressing negative stereotypes in Al is crucial,
our study calls for a more nuanced approach that reflects
the diverse realities of marginalized groups without re-
ductive idealizations. This paper raises a critical question:
should LLMs represent affective experiences in an exclu-
sively optimistic, "good vibes only" manner, or should
they strive for more authentic, emotionally complex por-
trayals that better reflect real human experiences?

In future work, we plan to test additional prompts and
simulate a broader range of social media scenarios. We
also plan to expand the collection of posts by including
a wider range of subreddits, social media platforms, and
languages. This will help capture a more diverse set of
experiences from individuals with disabilities. We also
aim to include a broader spectrum of disabilities and an-
alyze how their representation varies across different
categories. Additionally, we will enhance this study with
thematic analysis methods to examine discourses related
to disabilities in real and LLM-generated posts, identi-
fying keywords that distinguish the two corpora—those
written by disabled individuals and those generated by
LLMs. A qualitative analysis will further complement
this approach. Finally, comparing how LLMs portray in-
dividuals with disabilities versus the general population,
following the methodology in [6], will offer deeper in-
sights into these dynamics and help address the risk of
oversimplification or misrepresentation.

Limitations

This paper is a preliminary work and thus has some lim-
itations. First, we focused on a subset of disabilities to
simplify the analysis. While this does not fully capture
the complexity of the subject, it aligns with the approach
taken in similar studies [26]. Second, we use lexicon-
based tools to estimate emotions and sentiments, which
may not always capture contextual nuances, potentially
affecting the accuracy of the analysis. This methodology
is, however, also employed in authoritative studies to
ensure the method remains explainable and reproducible
[6]. Furthermore, although we assume individuals who
mention being disabled are indeed disabled, some may be
bots or people pretending to be disabled. Finally, these
findings are specific to the versions of the models and
the dates on which they were tested (especially those ac-
cessed via API). As LLMs are updated and their guardrails
evolve, these results may change.

Ethical and societal implications

This paper has a positive impact by shedding light on
how disability is represented in zero-shot LLMs, empha-
sizing crucial ethical considerations. Current debiasing
and representation models focus on “category” rather
than “individual,” leading to potentially generalized, in-
sensitive, or inappropriate responses. A model aiming
to be inclusive must understand the personal experience
of the individual represented. These models often fail
to capture pain, suffering, and depression, substituting
them with overly positive language. While optimism may
be suitable in some cases, neglecting suffering flattens
a key human experience. A “only good vibes” approach
risks marginalizing those experiencing hardships, not
just people with disabilities but anyone going through
difficult times, exposing to the risk of inspiration porn.
Therefore, these models must reflect the complexity of
human emotions authentically and respectfully to foster
genuine understanding, inclusion, and support. While ad-
dressing such personal topics may unintentionally cause
misunderstandings, our intention is to promote construc-
tive dialogue between technologists and humanists for
more inclusive Al systems.

Data Availability

The code and the dataset are available at:
https://github.com/marcobombieri/
LLM-disability-representation
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Abstract

The ability to recognize and interpret causal relations is fundamental for building robust intelligent systems. Recent research
has focused on developing benchmarks and tasks to evaluate the inferential and causal reasoning capabilities of LLMs, such
as the Pairwise Causal Discovery (PCD) task. However, most of these resources are limited to English. In this paper, we
present ExpliCITA, a translation of the English ExpliCa dataset [1], which is the first publicly available dataset for joint
temporal-causal reasoning in Italian, enabling evaluation of LLMs on Italian PCD. We conduct an extensive empirical study
across 20 Italian and multilingual models of varying sizes and training strategies, combining a perplexity-based evaluation of
causal reasoning competence with multiple-choice prompting tasks in both zero-shot and few-shot settings. Our results show
that all tested models, including the GPT family, struggle with the ExpliCITA PCD task, more so than with the original English
ExpliCa, in both evaluation scenarios. Moreover, native Italian models do not outperform fine-tuned multilingual alternatives.
Consistent with prior findings, we observe that the linguistic competence of models, measured using perplexity-based metrics,
is higher than their respective performances, measured via accuracy on prompting results; however, this gap tends to narrow
with increasing model size. Finally, a per-class performance analysis reveals that models handle causal relations relatively

better than temporal ones.
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1. Introduction

Recognizing causal relations is a core human cognitive
skill. Causal understanding is in fact fundamental to
intelligent reasoning [2]. Thus, a strong Al system should
be capable of performing causal reasoning.

The past few years have in fact seen a vigorous debate
about the extent to which large language models (LLMs)
are actually capable of genuine inference, beyond mere
pattern matching [3, 4, 5]. Among the inferences a model
should be able to perform lies the causal one. Therefore,
several benchmarks targeting causality have emerged
recently [6, 7, 8].

A popular evaluation paradigm for causal reasoning is
Pairwise Causal Discovery (PCD), which aims to detect
pairwise causal relations from observational data. In a
PCD task a model must determine if a causal link exists
between two events, along with the direction of causality
[9, 10]. A common way to frame this task is to give
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two sentences as input to the model (i.e., “Martina has
less chances of getting the flu” and “Martina has been
vaccinated against the flu”), and to ask the model if the
first sentence is a consequence of the first with a yes/no
question (in this case, groundtruth: “yes”) [1, 10].

Temporality plays a crucial role in the context of causal-
ity, as every causal relation inherently implies a temporal
one: If an event A causes an event B, A must necessar-
ily occur (or begin to occur) before B. Conversely, the
presence of a temporal relation between two events does
not necessarily imply a causal link. For this reason, we
extended the PCD task to include the identification of
temporal relations, to explicitly disentangle the interplay
between causality and temporal sequencing.

To address this issue, in previous works we introduced
the ExpliCa (Explicit Causality) benchmark [1], offering
a more controlled experimental setup that jointly ad-
dresses temporal and causal reasoning. ExpliCa presents
pairs of sentences, each describing a distinct event, with-
out any surface-level linguistic cues for temporal and
causal relation, except for a connective that explicitly en-
codes both the type of relation (i.e., causal and temporal),
and the order between the two events. For example, in [1],
we asked the models to choose which of four connectives
(so, because, then, and after) best represents the relation
between the sentences “Martina has less chances of get-
ting the flu” and “Martina has been vaccinated against the
flu” (in this case, groundtruth: “because”.)

Despite these progresses, resources for joint
temporal-causal reasoning are still lacking, especially
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in languages other than English. At the same time,
a rich ecosystem of LLMs pre-trained on, or adapted
to, languages other than English, including Italian, is
rapidly emerging.

To partially fill this gap, we introduce ExpliCITA
(Explicit Causality in ITAlian). ExpliCITA is an Ital-
ian adaptation of ExpliCa and we believe it is the first
benchmark dedicated to joint temporal and causal rea-
soning in Italian.

We also leverage the evaluation framework for ExpliCa
to conduct the first large-scale evaluation of Italian lan-
guage models on causal reasoning. The framework allows
us to test both competence (what the model “knows”
about the probability distribution of linguistic events)
via perplexity, and performance (how it applies that
“knowledge”) via prompting [11, 12]. Specifically, the
prompting task is formulated as a multiple-choice task,
where models have to select the appropriate connective
in a cloze-style prompt. We explore different generation
settings: greedy decoding and the Outlines framework
[13], under both zero- and few-shot regimes. Our evalua-
tion includes a total 20 models across a spectrum of sev-
eral sizes and training approaches: i.) seven native Italian
models trained from scratch, ii.) four multilingual models
fine-tuned on Italian, iii.) three open-weights multilin-
gual models, iv.) an open-weight reasoning-specialized
LLM, and v.) five commercial systems from the GPT
family.

We make both the data and code available on GitHub
to replicate our experiments.’

Our contribution is twofold:

« we present ExpliCITA, the first dataset for joint
temporal-causal reasoning in Italian;

« we deliver an extensive empirical study across
20 Ttalian and multilingual models, following a
robust evaluation framework combining an evalu-
ation via perplexity with multiple-choice prompt-
ing in several settings. This allows us to highlight
strengths, weaknesses, and performance varia-
tion across model types and sizes.

The remainder of the paper is organized as follows:
Section 2 reviews related work; Section 3 introduces the
ExpliCITA dataset; Section 4 details the experimental
setup; and Section 5 presents and discusses the results.

2. Related Works

The study of causality and its linguistic expressions has
recently regained momentum, particularly in the con-
text of evaluating the reasoning capabilities of large lan-
guage models (LLMs). In this domain, many evaluation

!https://github.com/Unipisa/ExpliCITA

datasets focus on presenting a contextual scenario to test
causal inference [14, 6, 15, 16, 17, 18], while others chal-
lenge NLP systems to identify causal relations directly
on the text [19, 16, 20], also along with temporal ones
[21, 22, 23, 24, 25]. ExpliCITA stems from ExpliCa [1], a
dataset developed to evaluate the ability of LLMs to detect
explicit causal and temporal relations between events. In
ExpliCa, relations are annotated via crowdsourcing and
are signaled exclusively through a connective linking a
pair of sentences, carefully stripped of any additional
contextual or lexical cues. This controlled setup mini-
mizes the influence of surrounding context and enables
a more focused assessment of the model’s reasoning on
explicit relational cues.

Due to its design, ExpliCITA shares its structure with
other datasets that frame implicit causal relations in a
sentence-pair format, where each sentence expresses an
individual event. Notable among these are the COPA
dataset [26], the e-CARE dataset [27], and tasks from the
BIG-Bench benchmark [28], which also test models on
explicit causal reasoning. COPA and e-CARE were both
incorporated into the original ExpliCa dataset.

While resources for English are abundant, the availabil-
ity of non-English datasets for causal reasoning remains
limited. Nevertheless, contributions exist for Spanish
[29], German [30], Arabic [31], and Persian [32]. Among
multilingual efforts, MECI [20] stands out as a resource
where causal relations are annotated across several lan-
guage editions of Wikipedia.

Causal reasoning, and related tasks such as Pairwise
Causal Discovery (PCD), belongs to a broader class of
inference-based tasks in natural language understanding.
These tasks aim to evaluate a model’s ability to derive
implicit information from textual input, whether through
logical entailment, causal attribution, or commonsense
associations. Within this wider inference landscape, Nat-
ural Language Inference (NLI) benchmarks like XNLI
[33] test models on cross-lingual entailment across 15
languages, while datasets such as X-CSQA [34] focus
on cross-lingual commonsense reasoning in a question-
answering format.

In the Italian context[35], the first dataset for textual
entailment was introduced during the EVALITA 2009
evaluation campaign, comprising 800 sentence pairs de-
rived from Wikipedia revision histories [36]. More re-
cently, the HellaSwag-it dataset, an adaptation of the
original HellaSwag dataset [37], was developed to test
commonsense inference by asking models to choose the
most plausible ending to a given scenario. Additionally,
for causal reasoning, the COPA dataset was translated
into Italian (and other languages) as part of the XCOPA
project [38]. Both XCOPA-it and HellaSwag-it were in-
tegrated into ItaEval [39], a benchmark for evaluating
LLMs on Italian commonsense and factual reasoning.
ItaEval was featured in the 2024 Italian NLP evaluation
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campaign, CALAMITA [40], which included a wide range
of datasets to test commonsense and factual knowledge.
Among them, Gita [41] is particularly relevant here: it
focuses on physical commonsense in Italian, present-
ing pairs of plausible and implausible stories composed
of sentence sequences. To the best of our knowledge,
ExpliCITA is the first dataset specifically dedicated to
evaluating explicit causal and temporal reasoning in a
controlled setting for the Italian language.

3. The ExpliCITA Dataset

The ExpliCITA Dataset is a direct translation of ExpliCa
[1]. The original dataset was designed as a benchmark
for evaluating explicit causal reasoning in LLMs, with a
particular focus on distinguishing causal relations from
temporal ones, using the PCD task. A thorough descrip-
tion of the dataset and its properties is reported in [1]. In
the following, we highlight some of its key aspects.

Approximately a third of the items in ExpliCa are based
on other existing datasets [42, 28, 27]. The remaining two
thirds are manually crafted. In total, 600 items are in the
dataset. Each item of the dataset comprises a sentence
pair S1 and S2, where each sentence describes an event.

The dataset has two key dimensions, namely the type
of relation and the order of presentation. As for the type of
relation, the items were selected by authors to be equally
divided into three main subsets: i.) CAUSAL, where the
relationship is causal, and possibly of temporal prece-
dence; ii.) TEMPORAL, where the relation is only of tem-
poral precedence, without causality; iii.) UNRELATED,
that includes thematically related sentences that are nei-
ther causally nor temporally related. Potential biases in
lexical elements are controlled for using Mutual Informa-
tion between lexical elements of the sentence pairs. This
is done to avoid having very different lexemes in the UN-
RELATED group with respect to the other groups. The
differences in the association strengths between lexemes
in the three groups are not statistically significant.

As for the order of presentation, it can be either
ICONIC (in short form Ic), if the sequence of events ex-
pressed in the two sentences matches their chronological
and/or logical-causal order (e.g., “S1 then S2”), or ANTI-
ICONIC (in short form, A-Ic), if the sequence of events
expressed in the two sentences is inverted compared
to their chronological and/or logical-causal order (e.g.,
the effect is mentioned before the cause: “S2 because
S17). Note that, for each sentence pair, the dataset in-
cludes both the Iconic and Anti-Iconic order for a total
of 600 x 2 = 1,200 items.

The type of relation and the order of presentation are
expressed via one out of four connectives, that act as lin-
guistic cues to explicitly signal the nature of the relation-
ship. In the English version of the dataset, the connectives

are: so(Causal, Iconic), because (Causal, Anti-Iconic), then
(Temporal, Iconic), and after (Temporal, Anti-Iconic).

A defining feature of the dataset is that the connective
is the sole linguistic cue indicating the semantic rela-
tion between sentence pairs. To ensure a controlled and
challenging evaluation of causal reasoning, the dataset
excludes any additional explicit marker, such as causal
verbs, and removes anaphoric references by avoiding
personal pronouns. This design compels models to rely
exclusively on event semantics and the connective itself,
without support from broader contextual cues.

The dataset was then annotated via crowdsourcing by
English native speakers. Specifically, annotators were
asked to rate the acceptability of a sentence pair linked by
one of the connectives. Each sentence pair, in both orders,
with all possible connectives (600 x 2 x 4 = 4800 total
items) was rated by 15 participants. For each sentence
pair in both orders of presentation, the connective with
the highest acceptability rating was considered as the
ground truth. Note that the ground truth based on human
ratings do not overlap perfectly with the original distinc-
tion in CAUSAL, TEMPORAL, and UNRELATED groups
made by authors when building the sentence pairs.

To build ExpliCITA from ExpliCa, we followed a semi-
automatic translation procedure. First, we used ChatGPT
via the web interface” to translate each sentence from
the 600 pairs independently. Then, each sentence was
manually evaluated to address errors in the automatic
translation. Errors ranged from mistakes in gender as-
signment (e.g., “Luca ¢é stata [...]”) to completely missing
idiomatic expressions (e.g., “Marco ran the red light”,
translated as “Marco ha corso la luce rossa” instead of
“Marco é passato col rosso”). A significant number of trans-
lations needed manual verification. For ExpliCITA, we
used the following four connectives:

Quindi - Indicates a causal relation in the iconic order.
The event in S1 causes the event in S2.

Perché - Indicates a causal relation in the anti-iconic
order. The event in S1 is caused by the event in S2.

E poi - Indicates a temporal relation in the iconic order.
The event in S1 temporally precedes the event in S2.

Dopo che - Indicates a temporal relation in the anti-
iconic order. The event in S1 follows the event in S2.

The choice of multi-token expression for the temporal
connectives is due to the fact that no sufficiently frequent
single word in Italian conveys the proper meaning.

ExpliCITA includes each sentence pair in both orders
of presentation. Thus, the number of data points is 600 X
2 =1, 200. We consider as our ground truth the results
of the crowdsourcing experiment for ExpliCa [1]. In

2Accessed on December 2024
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w CAUSAL TEMPORAL UNRELATED | Total
Connective

Quindi (Caus., Ic) 181 15 66 262
Perché (Caus., A-Ic) 183 33 72 288
E poi (Temp.,, Ic) 17 207 180 404
Dopo che (Temp., A-lc) 19 145 82 246
Table 1

Distribution of connectives across groups in ExpliCITA.

Table 1 we report statistics on the dataset. We consider
both the original division in the three groups (CAUSAL,
TEMPORAL, UNRELATED) and the numerosity of each
connective, both in the three groups and globally.

4. Experimental Setting

The goal of our experiments is to test LLMs on the PCD
task of the ExpliCITA dataset from two perspectives. On
the one hand, we want to assess the linguistic compe-
tence of the model: the fact that it encodes some lin-
guistic knowledge about causal and temporal relations.
We do so by leveraging a perplexity-based evaluation.
On the other hand, we want to address the actual per-
formance of the model on the dataset. We do so via a
prompt-based evaluation in which the model has to
solve our PCD task, by identifying the correct connective
for a sentence pair. Our main goal is to evaluate Italian
LLMs on Italian data. In addition to native Italian LLMs,
we also consider other model classes. Specifically, we ac-
count for i.) Italian fine-tuned models, i.e. open-weights
models fine-tuned on Italian, ii.) open-weights multilin-
gual models, iii.) open-weights reasoning models, and iv.)
closed commercial models. All tested models are listed
in Section 4.1.

Perplexity-Based Evaluation. This experiment is an
exact replica of the one conducted in [1]. For each sen-
tence pair in the dataset (i.e., in both orders of presen-
tation), we derive one sentence for each connective, in
the form “s1 {{ connective }} S2”. We obtain
1,200 x 4 = 4, 800 sentences in total. For each of them,
we compute a model’s perplexity (PPL) over the whole
sentence. We then rank the four sentences based on PPL,
and consider the one with the lowest value as the “model
connective choice”. Finally, we compute the accuracy of
the model choices against the ground truth. We call this
metric Accuracy on Perplexity Score (APS).

Prompt-Based Evaluation. For the prompt-based
evaluation, we asked the models to identify the correct
connective to use between S1 and S2. We chose to focus
on a standard multiple-choice task, as it is one of the most
widely used formats for evaluating LLMs, and replicates
one of the prompting experiments in [1]. In the task, the

model is presented with S1 and S2 and a list of choices,
each representing a connective. The task is to provide
the correct choice. We experiment in both zero-shot and
few-shot scenarios. For the few-shot, the models saw one
example for each connective, for a total of four examples.
To avoid biases in the choices, both the order of options
to choose from and the position of the correct answer
is randomized. Note however that all models saw the
same exact prompt for any item in the dataset. We use
accuracy as our main metric. To distinguish from APS,
we refer to values obtained via prompting as Accuracy
on Prompt Execution (APX).

The template for the prompt is shown in Appendix A.
We used the Jinja template syntax.” The prompt is not a
direct translation but it is heavily inspired to the one used
in [1]. First, we provide the models with the description
and format of the task; for the few-shot scenario, we
provide the examples; then, we give clear instructions
for how to complete the task; finally, we describe the
task. Since we use both pre-trained only and instruction
fine-tuned models, we used a template that would enable
also pre-trained only models to answer. Note that we did
not implement specific templating strategies (e.g., chat
formatting, special tokens, etc.) for any model, and we
fed all the models with exactly the same prompt.

The only exception was GPT, which was prompted
using the chat format, as required by the model’s APL
However, the content of the prompt was the same as the
one used for all other models, without the addition of any
custom system messages, special tokens, or instruction-
specific formatting.

We used a markdown-like syntax to highlight the sec-
tions of the prompt. We acknowledge that not formatting
the prompt for each model may hinder performances in
some cases. However, we argue that this ensure a more
fair evaluation. The only exception was made for the
reasoning model, for which we also include the <think>
token at the end of the prompt, to ensure that the Chain-
of-thought is started.

We used a greedy decoding strategy for all experi-
ments, that is we always sample the next most likely
token at each generation step. We let each model gener-
ate a maximum of 20 tokens in their response. For the
reasoning model, we let it generate a maximum of 10,000
tokens. All models, with the exception of GPT variants,
where used in their HuggingFace implementation.’

A notable issue with unconstrained text generation is
that less performing models may yield text that do not
conform to the standard asked for in the prompt. This
remains true also for cases, like ours, where the expected
answer can be the direct continuation of the prompt,
rather than the answer to a question or the turn in a

*https://jinja.palletsprojects.com
*huggingface.co
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conversation. To alleviate this issue, we proceeded in
two ways. First, we implemented a post-processing strat-
egy based on a set of regular expressions to parse each
model response and extract one answer. The regexes
were designed to extract one and only one option from
the generated text. In cases where multiple answers or no
answer were detected, it was counted as a mistake for the
model. In Section 5, we report the results of the model af-
ter this post-processing. Some models consistently failed
to provide appropriate answers in this setting.

Second, we employed Outlines [13],” a Python library
built to provide structured text generation with LLMs
(e.g., with type constraints, following regular expressions,
or providing json-formatted outputs). In the case of mul-
tiple choices, it uses masking on the output probabilities
to restrict the model outputs to a set of valid completions
[13]. In our case, the possible completions are the “A”,
“B”, “C”, and “D” options for the tasks. This approach
has become quite popular in the literature and has been
adopted in several recent studies on generative LLMs
[12]. Note that Outlines was not used for the GPT vari-
ants and one of the open-weights tested models, namely
Gemma3. In fact, all GPT models consistently yielded
properly formatted outputs, making an additional evalu-
ation redundant (recall that the next-token prediction is
performed in a greedy fashion) and economically costly.
Moreover, a known bug in the current Outlines and Hug-
gingFace implementations prevents all Gemma3 models
to be run through Outlines at this stage.

4.1. Tested Models

We chose to experiment on a variety of models and model
classes, to gain a broader and clearer picture of the prob-
lem. Our main goal was to evaluate native Italian LLMs
on the PCD task. Thus, we considered the following
native Italian model families/variants:

Minerva [43]. We considered all model sizes of the
Minerva family (from 350M to 7B), including both the
Instruction fine-tuned and pre-trained only ones.

Velvet [44]. We experimented with both available mod-
els, namely Velvet-2B and Velvet-14B.

We highlight that we were not able to ran experiments
on the Italia-9B model due to issues with its loading via
the HuggingFace library.

We also chose to experiment with non-native Italian
models for a clear and fair comparison. These can be
distinguished into four classes:

Italian Fine-Tuned models: This class includes
LLaMAntino-2-chat-7b-hf-UltraChat-ITA [45],
LLaMAntino-3-ANITA-8B-Inst-DPO-ITA [46] and

Shttps://github.com/dottxt-ai/outlines

cerbero-7b variants [47]. They are respectively fine
tuned versions of LLaMA-2, LLaMA-3 and Mistral.

Open LLMs: We also evaluated the performances of
strong contenders in the Open LLM space. To do so, we
selected Meta’s LLaMA-3.1-8B [48] and two versions of
Google’s Gemma3 [49], namely the 4B and 12B ones.

Reasoning LLMs: We also tested one reasoning model,
namely DeepSeek-R1-Distill-Llama-8B [50], a dis-
tilled version of DeepSeek-R1 using LLaMA-3.1-8B. This
allows us to explore how reasoning impact performances
on our PCD task.

Commercial models: Finally, we tested the GPT-
4x family as representative of commercial closed-
source models. We evaluated both gpt-40 and
gpt-4o0-mini [51], and all the GPT-4.1 variants
(gpt-4.1, gpt-4.1-mini, and gpt-4.1-nano) [52].

Depending on its size, each model required a time
between 0.5 and 1 GPU hours to complete its run, that
includes both the zero-shot and few-shot experiments,
each consisting of: i.) generation with greedy decoding;
ii.) generation with Outlines; and iii.) PPL scores compu-
tation. The DeepSeek-R1-Distill-Llama-8B model
required around 10 GPU hours in total, due to its much
higher demand for test-time compute. Experiments with
the GPT-4x family were conducted using the official Ope-
nAlI Batch APL® The code for replicating the experiments
is available on GitHub.

5. Results and Discussion

In this Section we present and discuss the results. We
first look at the overall results based on Accuracy of mod-
els on the PCD task of ExpliCITA, in terms of both i.)
linguistic competence with APS, and ii.) performance
with APX in zero- and few- shot experiments, with and
without Outlines. Then, we present additional results by
considering two aspects. On the one hand, we look at the
distribution of answers for each model, to highlight pos-
sible biases and failures in providing an answer. On the
other hand, we look at per-class performances, to under-
stand whether the tested LLMs show biases in modelling
specific aspects of temporal and causal reasoning.

5.1. Overall Results

Our main findings for the evaluation of LLMs on Ex-
pliCITA are summarised in Figure 1. The Figure shows
the Accuracy of all tested models, in all scenarios. We
divide the plot by model family, and sort each family by
the model size.

Chttps://platform.openai.com/docs/guides/batch
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LLM Accuracy on ExpliCITA
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Figure 1: APS and APX scores for LLMs on ExpliCITA, grouped by model family and ordered by size.

The results are in line with the experiments reported
for ExpliCa [1]. We highlight several interesting aspects
in the following.

Overall performance. As for the raw performances,
all models except the GPT-4x family show rather poor
or at least somewhat brittle performances. The only
models capable of approaching GPT-level performances
are DeepSeek-R1 and Gemma3-12B. However, this is
achieved either with the inclusion of reasoning for
DeepSeek, or only in a specific setting for Gemma.

Zero- vs Few-Shot.  As for the difference in zero-shot
and few-shot settings, the GPT-4x family is again the
only one where there is a clear and consistent trend,
in this case in favour of the few-shot setting. In other
cases, the few-shot examples are not always beneficial:
for some models (e.g., Gemma3-12B, LLaMAntino-2 and
Minerva-3B) it appears to be detrimental, while for other
it is ineffective. However, for Minerva-7B we observe
that while for the pre-trained variant the examples are
detrimental, this is not true for the instruction-tuned one.
This is possibly due to the instruction-tuning dataset of
the model.

Impact of Outlines. It appears to be beneficial mostly
for cases where zero- or few-shot performances are quite

low (e.g., below 0.1). In other cases, the use of Outlines
seems less influential. Nevertheless, the same accuracy
may be obtained from a significantly different distribu-
tion of answers, as will be discussed in the following
Sections.

Model sizes. As shown in [1], we observe that the size
of the model is relevant for its downstream performances.
In the open-weights model classes, the two best perform-
ing models are Gemma3 and Velvet, respectively in the
12B and 14B variants. Both also display above average
APS scores. However, it is also interesting to note that
while Gemma3-4B was not able to solve the task at all,
the 2B variant of Velvet was consistent in its performance,
which closely match those of some larger models.

Competence vs. Performance. It is important to no-
tice that APS is always better than APX, with the sole
exception of the Gemma-3-12B model. This further cor-
roborates some of the findings in [1]: while models’ inter-
nal representations and probability distribution encode,
at least to some extent, knowledge about causal and tem-
poral relations, this knowledge is not fully accessed via
prompting. This is also in line with other research [11].
Moreover, it was shown in [1] that the gap between APS
and APX shrinks with the size of the model. Given the
wide array of tested open-weights model, we can further
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corroborate this hypothesis by looking at Figure 2. We
can clearly see that the rate of improvement in APX as
models grow in size (red trendline) is higher than their
respective rate of improvements in APS (blue trendline)
on the task.
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Figure 2: Difference between APS and APX across models of
varying sizes.

We also highlight the following relevant findings asso-
ciated to specific model classes:

Italian Models are weak; Native Italian pre-training
is not beneficial. Native Italian models do not show
relevant improvements with respect to fine-tuned alter-
natives, neither at the same size, nor at larger sizes. The
Velvet family appears to provide relatively solid results at
all scales; in contrast, smaller models in the Minerva fam-
ily appear to be less robust on ExpliCITA. The fine-tuned
Italian models display similar, if not better, performances
than native ones. This could lead us to question whether
it’s truly necessary to train LLMs from scratch on Italian
data. Results suggest that, albeit limited to this case study,
it is not.

GPTs struggle. On ExpliCa, the GPT model family dis-
played performances that couldn’t reach 0.8 Accuracy
[1]. Changing the language of the dataset and the prompt
highlight a stark contrast: the drop in performances for
the same model is around .20 points, and even newer
models cannot reach a 70% accuracy. Considering the
fact that the task has remained exactly the same, and that
GPT “speaks” fluent Italian, this may be indication that
current LLMs are still limited in terms of actual causal
reasoning, and still reliant on their internal probabilistic
representations of texts.

Test-time compute is beneficial. We observed that
the performances of the distilled DeepSeek-R1 drastically
improve when it is allowed to use its “reasoning” abilities.
This is particularly interesting, as it somewhat contrasts

with the expectation that the task not require particular
forms of reasoning, which may be instead required when
modelling phenomena such as implicit causal relations.
This issue will be further addressed in future works. We
also note that while answers were provided in Italian,
the chain-of-thought enclosed in the <think> tokens is
almost exclusively in English.

5.2. Additional Analyses

Besides evaluating the accuracy of models on ExpliCITA,
we also consider two other aspects that allow us to further
understand the behaviour of the tested models in our
setting.

Distribution of Answers. First, we explore how mod-
els actually answered to the multiple-choice task. The
distribution of answers with greedy decoding and with
outlines in the zero-shot setting is shown in Figure 3. We
leave out the visualization of the few-shot setting due to
space limitations, but they are very similar in nature.
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Figure 3: Model answer distribution in zero-shot multiple-
choice tasks using greedy decoding and prompting via out-
lines.

We observe that some models consistently fail to pro-
vide an adequate answer, thus drastically lowering their
performances. For example, it is possible that when
ANITA actually answered it did so correctly, but it was
able to answer on a very small fraction of the questions.
Moreover, although we applied post-processing to the
model responses (see Sec. 4), we still observed persistent
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failure modes, primarily due to the model’s inability to
follow the expected output format. Such behaviors can be
broadly described as faithful hallucinations caused by in-
structional inconsistency [53], in which the model’s out-
put is not properly aligned with the user’s request. These
failures often consisted in limitations in the number of
requested output tokens, which the models were unable
to respect, unintended rewriting of the input question,
or, more generally, a lack of adherence to the structure
and intent of the prompt.

We also observe that several models have a strong
preference for a specific answer, which is often either “A”
or “C”. This is in line with research on biases in multiple
choice tasks [54]. This is corroborated by the fact that,
even with Outlines, these models still tend to prefer a
specific answer over the others.
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Figure 4: Per-class Precision and Recall for each model in the
zero-shot setting.

Per-class Performances. Finally, Figure 4 shows the
Precision and Recall performances of each model, divided
by class. Again, we look at the zero-shot scenario and
leave out the few-shot one due to space limitations. By
looking at the plot, three main observations can be made.
First, the GPT-4x models are the most consistent across
classes, with only a few notable exceptions for the small-
est models. Second, we observe that some of the models
display a relatively strong bias towards a single or a pair
of answers. Finally, if we zoom out and look at the bigger
picture, we see that models have a slight preference to-
wards causal relationships. The less biased models are the
two biggest ones, namely gpt-4.1 and gpt-4o0. This may
further suggest that at smaller scales models rely more
on distributional properties of words (e.g., causal connec-
tives often imply a temporal relationship as well, but not
vice versa) and are more sensitive to frequency effects
linked to word combinations frequently encountered dur-
ing training. In Italian, in fact, causal connectives such as
“perché” or “quindi” are often used in syntactic construc-
tions where the premise is explicitly connected to the

consequence via one of these two connectives. The con-
struction “S1  connective S2” is therefore typical
for causal relationships.

In contrast, there is greater variability in how tem-
poral sequential relationships can be expressed in Ital-
ian. These can be conveyed through temporal conjunc-
tions such as “e poi” or “dopo che”, as well as through ad-
verbs and adverbial expressions such as “precedentemente”
(“previously”), “successivamente” (“subsequently”), or
“poco fa” (“a short while ago”). Equally frequent are cases
in which temporal relations are conveyed solely through
verb tense agreement between the two clauses, for in-
stance, through a past-present combination to express
anteriority between S1 and S2. Compared to causal rela-
tionships, the temporal dimension is thus more suscepti-
ble to variability, both in terms of the range of construc-
tions available to express the same temporal relation in
Italian, and in terms of the diversity of contexts in which
the same temporal adverb might occur.

Indeed, while causality pertains to a subset of verbs
and situational contexts, temporal information, whether
implicit or explicit, is present in all events expressed by
a verb. This variability affects the generalization capabil-
ities of the models, especially the smaller ones. In fact,
larger models seem better able to properly evaluate the
context and identify the correct relationship between
events.

6. Conclusions and Future Works

In this paper, we presented the ExpliCITA dataset, the
Italian translation of ExpliCa [1]. The dataset is designed
to evaluate explicit temporal and causal reasoning in
LLMs. We also replicated part of the experiments made
on ExpliCa with several LLMs, including i.) natively-
trained Italian models, ii.) multilingual models fine-tuned
on Italian, iii.) multilingual open-weights models, iv.) a
multilingual reasoning open open-weights model, and v.)
closed-weights commercial models from OpenAL

Our findings can be summarized as follows. First, con-
sistently with [1], we observe two key facts. On the one
hand, all tested models, including GPT, struggle to solve
the task, in Italian more so than in English, both in the
zero- and few-shot setting. We also see that this strug-
gle is also due to their inability to reliably provide the
answers required by the task, which is only partially al-
leviated by using the decoding method of Outlines. On
the other hand, we observe that linguistic competence
of models, measured with the APS, is consistently better
than the respective performance when prompted. How-
ever, we see that this gap between APS and prompted
accuracy tends to reduce with the model size.

Second, we observe that native Italian models are no
better than the fine-tuned alternatives when it comes to
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the ExpliCITA PCD task.

Third, we see that leveraging test-time compute ap-
pears to be beneficial for the task, possibly suggesting
that the reasoning training is important to boost the
ability to recognize semantic relations between events,
even when these are linguistically expressed. We plan
to conduct a more systematic investigation of the effects
of both chain-of-thought reasoning and Outlines across
different models and languages. This will include an in-
depth error analysis aimed at understanding when and
why such prompting strategies are effective, and whether
their benefits depend on the structure of the prompt, the
language used for reasoning (e.g., English vs. Italian), or
the intrinsic capabilities of the models themselves.

Finally, we observe a slight improvement in manag-
ing the causal aspect of the relationship rather than the
temporal one, highlighted by the per-class performances.

In the future, we plan to systematically compare the re-
sults obtained without chat-specific templating to those
obtained by prompting each model using its native chat
format. This will help better isolate the impact of in-
struction tuning and formatting on model performance.
Furthermore, although a direct comparison with tradi-
tional NLP systems was beyond the scope of this work,
future research could explore whether LLMs provide a
competitive advantage in explicit causal reasoning (i.e.,
without task-specific training) compared to lightweight,
specialized models. Finally, as part of future work, we
plan to experiment with implicit causality as well. We
also aim to further explore the impact of reasoning and
test-time-compute on the performance of models on both
explicit and implicit causal relations.
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A. Prompt template

An example of the ExpliCITA PCD task, framed as a
multiple-choice prompting task, is provided in the box
below.

Multiple-choice Prompt

# Compito di scelta multipla

## Descrizione del Compito

Ti sara’ fornito un compito. Avrai a disposizione due frasi, Frase 1
e Frase 2, e una lista di parole connettivo. Il tuo compito e’ quello
di scegliere dalla lista di parole connettivo la parola piu’
appropriata per collegare le due frasi in maniera logica e coerente.
La parola scelta dovrebbe essere grammaticalmente e contestualmente
corretta. Per scegliere la parola devi scrivere la lettera
corrispondente alla parola scelta nel campo risposta.

## Formato del Compito

Frase 1: [Frase 1]
Frase 2: [Frase 2]
Opzioni:

A. [parola A]
B. [parola B]
C. [parola C]
D. [parola D]
Risposta: [Lettera dell "opzione corrispondente alla parola corretta]
{% if examples %}

## Esempi

{% for example in examples %}

### Esempio

Frase 1: {{ example.S1 }
Frase 2: {{ example.S2 }

Opzioni:
A. {{ example.
{{ example.
{{ example.
I

example .

option_A }
option_B }
option_C }
option_D }

o

Risposta: {{ example.correct_answer }}
{% endfor %}
{% endif %}

## Istruzioni del Compito
1. Leggi attentamente la Frase 1 e la Frase 2;
2. Esamina 1’elenco delle parole fornite;
3. Seleziona 1’opzione corrispondente alla parola che meglio collega
le due frasi, nell ’ordine in cui ti sono fornite, in maniera logica
e coerente. ATTENZIONE: scrivi nel campo "Risposta” «+SOLO«» la
lettera dell ’opzione (A, B, C, o D) corrispondente alla parola che
meglio collega le due frasi nel campo risposta, ad esempio
"Risposta: C".
## Compito :
Frase 1: {{ sentence_a }}

}

Frase 2: {{ sentence b }

Opzioni:
{{ options }}

Risposta :
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Abstract
Sparse Autoencoders (SAEs) have become a popular technique to identify interpretable concepts in Language Models. They
have been successfully applied to several models of varying sizes, including both open and commercial ones, and have become
one of the main avenues for interpretability research. A number of approaches have been proposed to extract latents from the
model, as well as automatically provide natural language explanations for the concepts they supposedly represent. Despite
these advances, little attention has been given to applying SAEs to Italian language models. This may be due to several factors:
i) the small number of Italian models; ii) the costs associated with leveraging SAEs, which includes the training itself, as well
as the necessity to parse and assign an interpretation to a very large number of features.

In this work, we present an initial step toward addressing this gap. We train a SAE on the residual stream of the
Minerva-1B-base-v1.0 model, for which we release the weights; we leverage an automated interpretability pipeline based
on LLMs to evaluate both the quality of the latents, and provide explanations for some of them. We show that, albeit the

approach shows several limitations, we find some concepts in the weights of the model.
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1. Introduction

The rise of Large Language Models (LLMs) have pro-
foundly affected the landscape of Natural Language Pro-
cessing (NLP). These models have demonstrated remark-
able capabilities in many tasks, often achieving near-
human performances and saturating benchmarks as soon
as they are released. Nevertheless, many questions re-
main about their internal workings: Whether and how
they perform some form of reasoning [1], and to what
extent their grasp of concepts through natural language
approximates human conceptual understanding.

The aim of Mechanistic Interpretability (MechIn-
terp) is to address this pressing issue by attempting to
reverse-engineer the learned representations and algo-
rithms within their neural networks [2]. A promising
technique within MechlInterp is the use of sparse dictio-
nary learning methods like Sparse Autoencoders (SAEs)
[3]. The idea behind SAEs is similar to that of standard
autoencoder. Autoencoders are unsupervised models
that learn two functions: an encoding function, that
projects the input data from an n dimensional space into
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a k != n dimensional space; a decoding function, that
should reconstruct the k-dimensional data back into the
original n-dimensional one. Autoencoders are typically
used for dimensionality reduction, i.e., k << n. In the
case of SAEs, instead, kK >> n: the model is trained to
project the input space into a much higher-dimensional
(and thus sparser) one, and then project it back into the
original dimensional space. In our context, SAEs are
trained to reconstruct the internal activations of a lan-
guage model’s residual stream by projecting them into a
higher-dimensional latent space, while being constrained
to use only a small number of “features” from a learned
dictionary. This sparsity constraint encourages the SAE
to learn a set of monosemantic features, also referred to
as latents, that is, features each corresponding to a single,
hopefully more interpretable concept [4]. This is in con-
trast with a polysemantic representation, which is typical
of standard dense neural networks [5, 6], in which sev-
eral concepts are superimposed in the same activation
patterns. SAEs allow to decompose model activations
into a set of near-orthogonal, i.e., largely disentangled
features that should be semantically coherent.

Recent work has demonstrated the effectiveness of
SAEs in uncovering meaningful features within both toy
models [7] and large-scale commercial LMs, revealing
representations for concepts ranging from concrete ob-
jects to abstract ideas [8, 9, 10]. As noted in [9], several
distinctive features have been identified in Claude-3.5-
Sonnet — most notably, one corresponding to the “Golden
Gate Bridge” SAEs have also been applied successfully
to smaller, English-centric models in the 1 to 10 Billion
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parameter range [11]. This class of models is becom-
ing more and more relevant, as research on Small Lan-
guage Models (SLMs) [12] and Baby Language Models
(BabyLMs) [13, 14], that mitigate the costs of training and
serving LLMs while attempting to retain most of their
abilities, is a very active endeavour particularly in the
open-source/open-weights community.

Two key limitations remain for the applicability of
SAEs to achieve interpretability. First, the computational
cost of training a SAE. Given their nature, the internal
layer of a SAE has to be a number of times larger than
the size of residual stream, and thus the context window,
of the target LM. The number of parameters of a SAE
scales with a factor of the context size of the model, mul-
tiplied by the number of hookpoints in the models where
activations are collected (e.g., after every transformer
block/layer). Thus, the larger the target LM, the bigger
and the more computationally expensive the SAE.

Second, and most importantly, SAEs output a large
number of features, that have then to be interpreted in
some way. While the literature has not reached a con-
sensus on what is the best practice, a popular method to
address this is to leverage another LLM to provide expla-
nations for the features based on examples of which to-
kens (and respective contexts) they fired on. For example,
if the feature f; fired on 10 tokens, the explainer model
is fed with these tokens, their contexts and the request
to find a common property among them. In most works,
commercial LLMs with hundred of billions of parameters
are successfully used for this task [9, 10]. However, re-
searchers have also shown that smaller and cheaper LMs
can be leveraged effectively as well [15].

The vast majority of efforts regarding the use of SAEs
for interpretability has been done on English-centric
LMs[9, 10, 11]. In addition to this, several efforts have
been made in the direction of finding universal features
that apply across models and languages [16, 17]. How-
ever, models primarily trained on languages other than
English have received less attention.

In this work, we aim to provide an early evaluation
on the feasibility of using SAEs to interpret models
trained to be natively Italian. In the interest of main-
taining a limited computational cost, we chose to use
the Minerva-1B-base-v1.0 from the Minerva model
family [18]. We trained a SAE on the residual stream of
every layer of the model using an Italian split of mC4
[19]. Then, we collected feature activations for the Italian
dump of Wikipedia [20], and attempt to explain them
and score explanations automatically using an LLM, fol-
lowing [15].

Our contributions are the following:

+ We train and release a Sparse Autoencoder
on Minerva-1B-base-v1.0. We make the

Autoencoder weights available to the research
community via HuggingFace.'

+ We collect feature activations from a rela-
tively large collection of Italian data, and pro-
vide a quantitative and qualitative evalu-
ation on the explanations using an auto-
interpretability pipeline. We show that SAE
are promising for finding concepts in Italian
SLMs, but auto-interpretability pipelines shows
several limitations for Italian.

+ We report on the challenges and lessons
learned on training and using SAEs, especially
in computationally constrained settings.

This paper is organised as follows: In Section 2 we
detail the training procedure of the SAE; Section 3 pro-
vides an overview of the auto-interpretability pipeline we
employ; in Section 4 we present and discuss the obtained
results; finally, Section 5 draws some conclusions and
highlights future works.

2. SAE Training

In the following, we detail the data and procedure used
to train the SAE on the Minerva-1B-base-v1.0 SLM.

We trained the SAE on the residual stream of the model,
with hookpoints on the outputs of each attention block.
For our experiments we used the Sparsify library from
EleutherAl’ which is built to roughly follow the train-
ing recipe presented in [10] for a GPT-4 SAE. It trains
a k-Sparse Autoencoder [21]. The autoencoder uses a
TopK activation function that allows for direct control
over the number of active latents. Specifically, it only
keeps the k largest latents and assign zero to the rest.
Authors in [10] argue that this eliminates the need for
the L1 penalty, which biases activations toward zero and
is only a rough proxy for L0, and supports any activa-
tion function. They also show that it outperforms ReLU
autoencoders in sparsity-reconstruction tradeoffs and en-
hances monosemanticity as small activations are clamped
to zero.

Recipe. A full breakdown of the most relevant param-
eters selected for training is presented in Table 1. The
parameters were chosen following recipes for similar
sized models, e.g. [11]. The expansion factor controls
the size of the hidden layer, and is a multiplier over the
model context size. In our case, an expansion factor of
32 yields a hidden layer of size 2,048 x 32 = 65, 536
parameters.

!https://huggingface.co/alessandrobondielli/sae-Minerva- 1B-32x
The model can be used with the Sparsify and Delphi libraries for
interpretabilty.

*https://github.com/EleutherAl/sparsify
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Parameter Value

Activation TopK

Expansion Factor 32

k 32

Multi TopK False

Transcode False

Batch Size 16

Loss Function Fraction of Variance Unexplained (FVU)
Optimizer Signum

Table 1

Parameters for the SAE training.

Data. As for the training data, we chose to use mC4
[22]. Specifically, we consider the “tiny” split of the
clean_mc4_it dataset [19]. It includes 6 Billion tokens
(4 Billion words). The choice of the dataset was made
on the basis that it is relatively large, especially for the
Italian language, and it includes a variety of different
texts. The data was not included in the training set for
Minerva-1B-base-v1.0. We chose to use 6 Billion
tokens following recent literature on training SAEs for
similar-sized models [11].

Setup. We trained our model on a single Nvidia A100
with 80 GB VRAM. A full training run required 200 GPU
hours, which roughly equates to 8 days. The final model,
that we call sae-Minerva-1B-32x, occupies around
40 GB of disk space including hookpoints to all layers.
The final model is available on HuggingFace® and can be
loaded and used with Sparsify.

3. Auto-Interpretation of Features

For finding and explaining latents of the SAE models, we
use the auto interpretability pipeline proposed in [15]. It
is implemented via the Delphi library from EleutherAL*
The library includes tools for generating and scoring text
explanations for SAE.

The auto intepretability pipeline has three main steps:

1. Activations are collected from a text dataset.

2. An Explainer LLM is shown activating contexts
and is asked to provide interpretations in natural
language for them.

3. A Scorer LLM is tasked to distinguish between
activating and non activating contexts of a fea-
ture, as a binary classifier. This is achieved by
asking the model, given several sequences and
an intepretation, whether each of the sequences
activates the SAE latent with that interpretation.

*https://huggingface.co/alessandrobondielli/sae- Minerva- 1B-32x
*https://github.com/EleutherAl/delphi

In the following we detail our implementation of the
pipeline.

Collecting Activations. As for the text dataset, we
chose to use 20 Million tokens from the Italian subset
of the November 2023 Wikipedia dump [20] available
on HuggingFace.” The choice of Wikipedia as our test
dataset rather than a sample of the SAE training data
(clean_mc4_it) was made with the purpose of increas-
ing the probability of finding concepts specific to the
Ttalian language and culture, that could have been left
out from a relatively small sample of a web-based dataset.
We created equal-sized batches from the texts, shuffled
them, and then collected their token-level activations.
We collected the activations at three hookpoints, namely
at layers 2, 8 and 14. We did so with the aim of under-
standing whether there is any difference in the features
found near the beginning, middle, or near the end of the
residual stream. In the following we use the hookpoint
notation to refer to layers, namely Layer. z.

Generating Explanations. As for the explanation
generation step, we followed the same procedure as [15].
We showed the Explainer LLM 40 examples of the activat-
ing tokens and their contexts. We used a context length
of 32 tokens. The activating token can be in any of the 32
positions, but is highlighted as "« token »". We show
an example of explanation generation in Figure 1.

To limit the computational cost, we attempted to gen-
erate explanations only for a sample of 2,000 latents se-
lected from the pool of 65k. Latents with less than 40
examples were skipped. We used the number of latents
with enough examples at each hookpoint in the residual
stream to highlight their differences.

The chosen model to generate explanations is
Meta-Llama-3.1-8B-TInstruct-AWQ-INT4,’ a quan-
tized version of Meta-Llama-3.1-8B-Instruct [23].
We prompted the model both in English and Italian. For
the English prompt, we used the one provided in [15]
for the zero-shot experiment. The Italian version is a
direct translation of the English prompt. The translation
was made semi-automatically: first, the prompts were
translated with Gemini-2.5 Pro.” Then, the translated
prompt was manually revised to ensure its quality.’

Scoring Explanations. Finally, we scored the explana-
tions. We employed a binary classification method. For
each explanation, the model was shown five examples
of sentences, where each had equal probability of being
associated with the latent. The model was then asked

*https://huggingface.co/datasets/wikimedia/wikipedia

®https://huggingface.co/hugging-quants/Meta-Llama-3.
1-8B-Instruct-AWQ-INT4

"https://gemini.google.com, accessed in June 2025.

8See Appendix A for the prompts in both languages.
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e
EXAMPLES

Esempio 1: mentre i fri ul ani di Guid olin ricon fer m << ano >> quanto
mostrato nell ' ottima stagione precedente . Del ud ono invece le alter pret
end enti : se la

Esempio 2: en ). Questo gruppo era un gruppo molto prestigioso di po eti
giappon esi , appositamente selezionati da Fu ji w ara no K int 6 per
<< mostrare >> la loro abilita po

Esempio 3: udita da nazioni occidentali come gli Stati Uniti d ' America ,
la Francia e il Regno Unito ). Most << ré >> all ' Occ idente che i so vi
etici erano in

Esempio 4: con il suo ross etto ,
usare bene il caccia v ite son ico

inoltre ha << dimostrato >> di sapere
, proprio come il D otto re .

Esempio 5: Al pari della possibilita di << mostrare >> 1il proprio onore e
di risc att arsi . Ma la princip essa si ad ir 6 per il suo

Esempio 6: La serie anim ata Arc ane , << rivela >> che Ca it lyn é la

-
Explainer Model
Meta-Llama-3.1-8B-Instruct-AWQ-INT4
[SPIEGAZIONE]: Utilizzo di verbi che indicano la dimostrazione

di qualcosa, come "mostra", "dimostra", "evidenzia", "capisce"

Figure 1: Explanation Generation with examples. Activating
tokens are marked as « token ». In the Figure we highlight
them also in bold red.

to decide, for each example, whether it corresponded to
the explanation, and output a list of of decisions. If the
output did not match a list of decision, it was assigned
None. The output was then compared with the ground
truth provided by the activations. The model for scoring
was the same one used to generate explanations. As for
the prompt and its translation in Italian, we followed
the same translation procedure as well. We evaluated
the quality of explanations with accuracy. Specifically,
we considered a per-sample accuracy (i.e., how many
out of the five examples the scorer model got right) and
the average accuracy across across latents for the same
hookpoint.

We acknowledge that our choice of using a multilin-
gual, relatively small, and quantized LLMs for generating
and scoring explanations is far from ideal, and it is not
an adequate substitute neither for human evaluation nor
for more performing LLMs. The choice of a multilingual
model rather than an Italian-only one was made due to
the current lack of such models with open weights, high
performances and capability to follow instructions. This
choice led also to prompting the model both in English
and Italian; this was done to assess its explanation/scor-
ing capabilities both in its “native” language, albeit on
data from another language, and on Italian, in order to
limit potential biases in the interpretation of results from
using only one or the other language. As for the choice
of a medium-sized quantized model, this was made in

the interest of limiting the computational costs of our
experiments, i.e., both in terms of the memory footprint
of the model, and of the overall GPU hours. Using larger
(including non-quantized variants) models would have
drastically increased both the need of resources and over-
all time of the experiments. Nonetheless, we argue that
our choice represents a lower-cost alternative to using
much larger and costlier models, that could prove es-
pecially useful to provide some early insights into the
quality of the latents found by the SAE, and of the model
being interpreted.

Authors in [15] estimate a cost in the order of hun-
dreds or thousand of dollars for explaining and scoring
100k latents with larger or commercial models; our exper-
iments, in contrast, can be easily replicated on a single
GPU. In our case, generating and scoring explanations
for 2,000 latents at three different hookpoints, in two
different languages, took 0.5 GPU hours each on a single
Nvidia A100, for a grand total of 3 GPU hours. Given
the size of the model used, the experiments could be also
replicated on much less performing hardware as well,
provided a trade-off on GPU hours.

4. Results and Discussion

In the following, we present our results. First, we show
a quantitative evaluation of the extracted latents, and
the performances of the generation and scoring pipeline,
both with Italian and English prompts. To explore the
results in greater depth, we also perform a qualitative
evaluation. We consider explanations that received high-
est scores by the scorer model. We use the results to
discuss the feasibility of the proposed approach on Ital-
ian SLM, as well as potential shortcomings.

4.1. Quantitative Evaluation

The core of our quantitative analysis is based on the
results we obtained using the Delphi library, with the
configuration presented in Section 3.

Quality of the Latents. To evaluate the quality of the
latents obtained via the SAE encoding, several metrics
can be used. Recall that we collected latent activations us-
ing 20 Million tokens from the Italian subset of Wikipedia.
Note also that here we are not yet using prompts, so we
do not distinguish between Italian and English.

Table 2 provide several common metrics used to evalu-
ate the quality of the extracted latents at each hookpoint.
First, we look at fraction of alive latents. A latent is con-
sidered alive if at least one input token in the dataset
made it fire. With the exception of Layer.8, the other
two have much smaller fractions of alive latents than it
is typical for SAEs (see for examples results reported in
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Italian LLM Scorer Accuracy at each Hookpoint

Hookpoints
Layer 2
== Layer 8
Layer 14
-~ Layer 2 Avg: 0.64
—-= Layer 8 Avg: 0.66
Layer 14 Avg: 0.69

Density

Accuracy

Figure 2: Accuracy distribution with Italian prompts.

Metric Layer.2 Layer.8 Layer.14
Fraction of latents alive (%) 72.02 95.16 84.65
Latents fired >1% of the time (%) 0.27 0.45 0.38
Latents fired >10% of the time (%) 0.06 0.00 0.01
Weak single-token latents (%) 9.93 2.20 2.77
Strong single-token latents (%) 12.40 0.55 0.47

Table 2
Latent activity statistics across selected layers

[10] and [11]). This may be the results of several factors.
On the SAE side, we could hypothesize an overcomplete
latent space for the evaluation data, i.e. a too broad latent
space for encoding the evaluation data. Recall in fact
that we used mC4 to train the SAE, and evaluated it on
Wikipedia, which may present less variety in terms of
texts.

On the Language Model side, we could hypothesize
that the latent space of the analyzed model is very
anisotropic at both earliest and latest layers, while more
isotropic near the middle of the stack. This however is
in direct contrast with works such as [24], and thus re-
quires a more in-depth analysis, that we leave to future
works. Another interesting aspect to consider are weak
and strong single-token latents, that is latents that fire on
a specific token only. Weak ones are those for which the
token in question makes many other latents fire; strong
ones are cases where the token preferentially activates
the specific latent. We observe that Layer. 2 is heavily
biased towards single token latents. This may indicate
that earliest layers sill leverage the embedding represen-
tation quite strongly. Finally, we see that latents that
fired either more than one or 10% of the times are less
and less as we move towards the residual stream. These
latents may be used to store single-token concepts of
words such as function ones.

Quality of the Explanations. To evaluate the quality
of explanations, we consider the results of the explana-
tion generation and scoring pipeline. Specifically, for
each latent, we compute the accuracy at distinguishing

English LLM Scorer Accuracy at each Hookpoint
|
i Hookpoints
Layer 2
= Layer 8
Layer 14
-~ Layer 2 Avg: 0.55
—= Layer 8 Avg: 0.60
Layer 14 Avg: 0.62

Density

Accuracy

Figure 3: Accuracy distribution with English prompts.

between sequences that activate and do not activate the
latent. Figures 2 and 3 show respectively the distribution
of Accuracy for the scorer model using Italian and En-
glish prompts for each hookpoint in the residual stream.

We observe that, in both cases, there are significant
differences both in distribution and averages for the three
hookpoints. We also observe that explanations for latents
extracted from later layers seem to be easier to score cor-
rectly for the scorer model. This may indicate that con-
cepts identified in later layers are, on average, more
easily interpretable by an LLM. The accuracy scores
obtained using the Italian prompt are generally higher
than those for the English one, with average scores rang-
ing from 0.64 to 0.69; the English ones, in contrast, range
from 0.55 to 0.62. However, these results in isolation can-
not be taken as a direct indication that explanations in
Italian are better than English ones. It may as well be the
result of poorer and broader explanations provided by
the Explainer model.

We also plot the aggregate confusion matrices over all
the predictions of both prompts. The confusion matrices
are shown in Figure 4. While the model prompted in
Italian seem to fare better in all metrics except for True
Positives, we also see that the number of times the model
was not able to follow instructions and provide a predic-
tion with the Italian prompt is three times higher than
with the English one. This may be further indication that
the Explainer/Scorer model used struggles with Italian.

4.2. Qualitative Evaluation

To dig deeper into the quality of the explanations, we di-
rectly looked at them and provide examples of seemingly
good and bad explanations. Specifically, we sampleed
from the 50 explanations that received highest scores by
the Scorer, both in English and Italian.

As for the Italian explanations, we immediately ob-
served that a large fractions of them suffer from Degen-
erate Repetition [25]: The model starts to generate the
same token or sequence of tokens over and over. On
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Figure 4: Confusion Matrices for the Scorer model on both
the Italian and English prompt.

the contrary, English ones does not suffer from this is-
sue. However, if we look at the quality of explanations,
aside from repetitions, we observe that at least some of
the Italian ones are quite relevant to the examples, and
while sometimes slightly missing the mark, they high-
light some interesting aspects of the tokens that fire the
latent.

Among these, we can clearly see that Layer.2 is
mostly represented by single token latents: the token
“ale” as part of “federale” (federal), in several contexts, or
the token “letto”, as both a noun (bed) and a verb (read).
Layer. 14 latents on the other had appear to represent
more abstract concepts. For example, we see latents firing
on the final number of a year date, and a very interesting
latent firing on the concept of competition (see Fig. ??).
Layer. 8 explanations are generally more confusing and
less interesting. Examples are reported in Figure 5 with
the relative explanation, cut to avoid showing repetitions.

As for the English explanations on the other hand, we
observed that most of them actually miss the mark. In
fact, they often provide an explanation related to the con-
texts, rather than the firing tokens. This may be due to

the fact that, while it is specified in the prompt, we use
Ttalian texts as examples but instructions and expected
outputs are in English. Neverhteless, we observe an inter-
esting trend: most explanations, at all layers, that actually
focus on the firing tokens refer to functional aspects of
the text, including punctuation marks, special charac-
ters, and functional words. For example, Latent 1818 of
Layer. 14 is explained as “Prepositions and conjunctions
used to connect words or phrases in Italian text, such
as "a", "di", "nel", "in", "su", "da", "al", "nei", "all", "sulle",
"col" [...]”. This is in contrast with what we observed for
Italian explanations.

4.3. Discussion of Key Findings

In the following, we highlight some of the key aspects
that emerged from the experiments.

SAEs can find partially interpretable features in
Italian Small Language Models. First, we observe
that using a SAE we are able to extract features that
somewhat align to interpretable concepts, despite some
limitations that we can mostly attribute to the quality of
the training data, both for the original model and the SAE,
and to the limitations of the auto-interpretability pipeline
(see below). It is possible that leveraging a dataset more
attuned with the Italian culture would yield better results
in finding relevant latents.

Different behaviours in the residual stream. We
observed some relevant differences in the quality and
types of latents that are properly identified in various
points of the residual stream. In general, we observed
that latents obtained from earlier in the stream are more
relevant to single tokens and grammatical aspects of the
language, while latents in later points of the stream show
a slight tendency towards more abstract conceptualiza-
tions.

Auto-interpretability is promising, but currently
shows limitations for Italian. Auto-interpretability
pipelines are definitely a promising approach for simpli-
fying and reducing the costs of finding explanations for
latents of SAEs. Our experiment suggest in fact that this
is a low-cost alternative that is nonetheless able to de-
liver some interesting results. Nevertheless, we observed
two main limitations that we can argue are actually two
sides of the same coin. On the one side, the Explainer
model showed some limitations in understanding the task
and providing coherent texts for the explanations, while
the Scorer model performed quite poorly in the binary
classificationt task. This is especially true in the case of
language mixing, i.e. when the model is prompted in its
“main” language, i.e. English, but has to work on another
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-1 rigore (g2 definitivo -1 L essere Mda = [..] Tecnico  Feder - sub  [...]

[..] esecuzione  del pol [..] L] dam -k territori feder m( WL

(] Voce [I§]Pad I[..] come [N - L ] di veg Jif@] a periodi  [.]

[..] titolo del fim  [..] [..] gia m tutto  [...] L1 Repubblica  Feder -Ted esca  [.]
[...] campionato - [...] [...] essere mda [...] [..]1 ello Feder ‘ale , presso [...]

[..] struttura  del benz [..] [..]  posti m nelle  [...] [.] istituzioni feder | ted esche [
[...] edizione m circuito [...] [...] dam del  [.] [..]  agenti feder m( m [.]

L successi | del L (il a m insieme o [..] tasse feder m . ma [.]

Layer.2, Latent 234.

Il token "del" che indica appartenenza,
appartenenza a un gruppo, un ruolo, un titolo, un
documento [...]

Layer.2, Latent 456.

Il token "letto" che rappresenta un oggetto fisico,
come un letto, una camera, un'area, un locale [...]

Layer.2, Latent 978.
Sostantivi che rappresentano entita politiche, come
stati, regioni o organizzazioni, come ad esempio

"Repubblica Federale", "Distretto Federale", [...]

t-1 1.9 976 . L1 [..] fer m-quanto mostrato  [...] L. Questa mf” gioc  [..]
L.l 2022 (.1 6 permostrare la foro [..] [.] play - out & vinto [.]

Ll 20 1@, ein L] L1 ) Mostfall ¢ L. [..] La battaglia [.]

(1 20 2fa 5 L2 [ Pro duzione  [..] , fu invece  [.]

[.l] 20 0. - 4[] [..] inoltre hadi sapere [...] [..] sfida ch.‘ torna va [..]

.1 20 1. lasciano il gruppo  [...] [..]  possibilita d\-i‘ proprio  [...] [...] la stagione fu molto [..]
L] 2005 Inoltre L [..] anaha stabilito diversi record [...] [...] occo , che & invece [...]

(] 20 1 a eth L] [..] ane , [rivela cheCa [...] [ gara non | ECRNNES

Layer.14, Latent 169.

Numeri che rappresentano date, anni, numeri di
episodi, numeri di telefono, numeri di
identificazione, [...]

Layer.14, Latent 515.

"capisce" [...]

Figure 5: Examples of explanations for latents in Italian.

language, in this case Italian. On the other side, the size
of the model used in our experiments could severely limit
its performances.

Thus, both issues could be solved either by leveraging
a stronger Italian-centric model as the Explainer/Score, or
by using a generally larger and better performing model.
However, as for the first solution, there are currently no
models on par with English ones in the 7-15B parameters
range, wich whould allow for reducing the cost. As for
the second solution, this would dramatically increase the
costs, both computational and monetary.

5. Conclusions and Future Works

In this paper, we have shown that SAEs can partly un-
cover interpretable concepts in Italian Small Language
Models. Specifically, we did so by training a SAE model
on the residual stream of the Minerva-1B-base-v1.0
SLM, and then applying an auto-interpretability pipeline
to generate explanations for its latents.

Our findings suggest that SAE can be used to this end,
and that it exist a hierarchical representation within the
model, with earlier layers showing more token-centric
features and later layers more abstract concepts. As for
the auto-interpretability pipeline, while promising for
its low cost, underscored the need for better language-
specific tools for Italian.

Moving forward, we aim to explore several avenues.

Utilizzo di verbi che indicano la dimostrazione di
qualcosa, come "mostra", "dimostra", "evidenzia",

Layer.14, Latent 557.

Token che rappresentano concetti astratti come
competizioni, stagioni, partite, tornei, battaglie,
sfide [...]

First, we plan to scale our experiments in two directions:
on the one hand, we aim to train SAEs on larger Italian
models, e.g. larger variants of Minerva as well as others;
on the other hand, we observe that we need to improve
the models used for auto-interpretability, in order ob-
tain more reliable explanations. This could be achieved
both by scaling them up substantially, and by tuning
Italian-speaking models to the specific tasks of latent ex-
planation and scoring. Second, we plan to leverage SAE
and auto interpretability to address potential differences
of representations in models pre-trained specifically on
Ttalian data, e.g. Minerva and Velvet [26], and multilin-
gual models that received only fine-tuning in Italian, like
the LLaMAntino variants [27] and Cerbero [28]. Finally,
we plan to explore the larger latent space to attempt to
uncover features linked specifically to Italian-centric con-
cepts, in addition to properties of the Italian Language.

This work is an early first step in exploring inter-
pretability research using Sparse Autoencoders for non-
English-centric Language Models. Albeit limited in scope,
we are optimistic that it may provide a relevant founda-
tion for this yet under explored research area, both in
terms of approach and the release of open models for the
community.
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Limitations

Our initial effort to interpret Italian SLMs using Sparse
Autoencoders has several limitations. The choice of
the smaller Minerva-1B-base-v1.0 model, driven by
computational constraints, means our findings might not
generalize to larger Italian models. The SAE’s training
data, while substantial for Italian, might not fully capture
all linguistic nuances, potentially affecting the quality
of learned features. Additionally, using different data to
train and evaluate the SAE, while arguably not problem-
atic in principle, may have introduced some unwanted
biases.

A key limitation stems from our cost-effective auto-
interpretability pipeline, which relies on a relatively
small, quantized multilingual LLM. This model strug-
gled with generating coherent Italian explanations, often
repeating itself, and performed poorly in scoring when
mixing languages. This highlights the strong dependence
of explanation quality on the explainer/scorer model’s
capabilities, and the current lack of robust, affordable,
Italian-specific tools.

Finally, our analysis was based on a sample of 2000
latents across only three layers, not the entire SAE latent
space. While insightful, this limited scope and subjec-
tive qualitative assessment means we cannot yet claim
a comprehensive understanding of the model’s internal
workings.
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Explainer Prompt (Eng) Explainer Prompt (Ita)

You are a meticulous Al researcher Sei un meticoloso ricercatore di
conducting an important intelligenza artificiale che
investigation into patterns found conduce un’importante indagine
in the Italian language. Your sugli schemi presenti nella
task is to analyze text and lingua italiana. Il tuo compito e
provide an explanation that > analizzare il testo e fornire
thoroughly encapsulates possible una spiegazione che racchiuda in
patterns found in it. modo esauriente i possibili

schemi in esso riscontrati.

Guidelines:

You will be given a list of text Linee guida:
examples in Italian on which Ti verra’ fornito un elenco di esempi
special words are selected and di testo in italiano in cui
between delimiters like <<this>>. parole speciali sono selezionate
If a sequence of consecutive e inserite tra delimitatori come
tokens all are important, the <<questo>>. Se una sequenza di
entire sequence of tokens will be token consecutivi e’ tutta
contained between delimiters << importante, |’ intera sequenza di
just like this>>. How important token sara’ contenuta tra
each token is for the behavior is delimitatori <<proprio come
listed after each example in questo>>. L’importanza di ciascun
parentheses. token per il comportamento e’

elencata dopo ogni esempio tra

- Try to produce a concise final parentesi.
description. Simply describe the
text latents that are common in - Cerca di produrre una descrizione
the examples, and what patterns finale concisa. Descrivi
you found. semplicemente gli elementi

- If the examples are uninformative, latenti del testo comuni negli
you don’t need to mention them. esempi e gli schemi che hai
Don’t focus on giving examples of trovato.
important tokens, but try to - Se gli esempi non sono informativi,
summarize the patterns found in non e’ necessario menzionarli.
the examples. Non concentrarti sul fornire

- Do not mention the marker tokens esempi di token importanti, ma
(<< >>) in your explanation. cerca di riassumere gli schemi

- Do not make lists of possible trovati negli esempi.
explanations. Keep your - Non menzionare i token marcatori
explanations short and concise. (<< >>) nella tua spiegazione.

- The last line of your response must - Non creare elenchi di possibili
be the formatted explanation, spiegazioni. Mantieni le tue
using [EXPLANATION ]: spiegazioni brevi e concise.

- L’ultima riga della tua risposta
{{ prompt }} deve essere la spiegazione
formattata, usando [SPIEGAZIONE]:
{{ prompt }}

Figure 6: Explainer prompts in English (original, from [15]), and Italian (translated).

A. Explainer Prompts

In Figure 6 we provide prompts fed to the Explainer
model, both in English (original from [15]) and Italian
(translation).

Declaration on Generative Al

During the preparation of this work, the author(s) used ChatGPT (OpenAl) and Grammarly in order
to: Paraphrase and reword, Improve writing style, and Grammar and spelling check. After using
these tool(s)/service(s), the author(s) reviewed and edited the content as needed and take(s) full
responsibility for the publication’s content.
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Abstract

Low back pain represents a leading source of disability worldwide and poses a significant challenge for evidence-based
clinical decision support. In contexts where Italian-language resources for diversified therapeutic pathways are lacking, we
have assembled a novel, annotated dataset comprising up to three pre-treatment documents per patient (MRI report, X-ray
report, and patient visit notes), alongside demographic information (age and sex). The cohort consists of 176 patient records,
stratified into three therapeutic groups: 50 conservative, 92 regenerative, and 34 surgical.

The primary aim is to investigate whether the collected dataset can be harnessed to predict which of the three treatment
modalities is most appropriate. To this end, six document-combination scenarios were defined, evaluating each single-report
modality as well as all possible pairings. For each scenario, two modeling strategies were contrasted: a traditional Support
Vector Machine classifier leveraging TF-IDF features based on unigrams, bigrams, and trigrams, and a fine-tuned Italian
BERT model adapted to our corpus.

Experimental results indicate that classic n-gram-based approaches achieve the highest performance (macro-F} up
to 71.3%). The BERT model, while outperforming the baseline, encounters limitations in this low-resource scenario.These
findings suggest that the present dataset has the potential to catalyze the development of Italian-language clinical decision

support systems that account for the distinct signatures of treatment pathways.

Keywords

Ttalian Medical Corpus, Decision Support Systems, Clinical Natural Language Processing, Treatment Prediction, NLP in

healthcare

1. Introduction

Low back pain (LBP) represents one of the most prevalent
medical conditions globally, significantly impacting both
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individual well-being and healthcare systems [1, 2]. It is
a considerable health problem in all developed countries
and is most commonly treated in primary healthcare
settings. LBP is usually defined as pain, muscle tension,
or stiffness localized below the costal margin and above
the inferior gluteal folds, with or without leg pain. Up to
84% of the general population will experience an episode
of LBP during its lifetime, and recurrence rates are high
[3].

Despite extensive research and clinical experience, de-
termining optimal treatment strategies remains challeng-
ing due to the diverse range of available therapeutic inter-
ventions. LBP management has been extensively studied
considering the aforementioned impacts on the individ-
ual patient and the community. However, there is still
a gap between this information and its applications in
clinical practice, particularly in the area of detailing con-
servative (non-invasive) management. As surgeries and
interventional therapies are not recommended in most
patients with acute LBP, it is important for primary care
physicians (PCPs) to know the details of non-invasive
treatment.

The complexity of treatment selection is compounded
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by the need to consider multiple patient-specific factors,
including clinical presentation, radiological findings, and
demographic characteristics.

Electronic health records (EHRs) provide a rich source
of clinical data that can inform LBP treatment decisions,
particularly through unstructured texts such as imaging
reports (e.g., Magnetic Resonance Imaging (MRI) and X-
rays) and physician notes [4, 5]. Recent advancements
in natural language processing (NLP) have demonstrated
significant potential in extracting meaningful clinical in-
sights from these texts, thereby supporting data-driven,
informed, and personalized decision-making in health-
care [6]. This progress has been supported by large-scale
English-language datasets, such as MIMIC-CXR [7] and
MIMIC-IV-Note [8], which provide radiology reports re-
lated to central and lower body axial regions. However,
the development of NLP-based clinical decision support
systems for LBP is significantly limited by the lack of
annotated datasets, especially in languages other than
English. Building language-specific datasets is critical to
promoting equitable access to Al-driven healthcare inno-
vations [9, 10] adapted to different healthcare contexts,
like the Italian one.

The primary objective of this work is to develop and
release a novel dataset of manually annotated Italian
clinical notes for low back pain management, created in
close collaboration with medical experts. This resource
addresses a significant gap in biomedical NLP for the Ital-
ian language, where publicly available annotated datasets
are extremely limited.

To demonstrate the potential of this dataset as a valu-
able tool for the BioNLP community, we conduct a set of
preliminary analyses focused on the task of automated
treatment recommendation. Specifically, we compare the
performance of traditional machine learning methods
(i.e., Support Vector Machines) and Transformer models
[11] like BERT [12], with the goal of exploring how this
resource can support physicians decisions.

This work thus provides two main contributions:

+ The release of a new annotated dataset of Ital-
ian clinical notes for LBP treatment, offering the
BioNLP community a much-needed resource for
conducting research in biomedical language pro-
cessing in Italian.

» A preliminary comparative study designed to
evaluate the dataset’s capacity to support dif-
ferent NLP techniques and modeling strategies,
thereby validating its role as a foundation for fur-
ther investigation in clinical decision support and
related tasks.

2. Dataset

Data Acquisition This study is based on a retrospec-
tive analysis of anonymized clinical records collected
during routine care for patients with LBP enrolled at
the spine clinic of the Fondazione Policlinico Campus Bio-
Medico in Rome. The dataset represents a pilot collection
curated through a rigorous manual selection process car-
ried out in collaboration with board-certified orthopaedic
specialists. All records were obtained prior to any thera-
peutic intervention and reflect real-world clinical deci-
sions made during standard care.

Each case was annotated by the attending physician
responsible for the patient’s care, linking each patient
to a treatment label reflecting the therapeutic decision.
Consequently, no additional annotation was necessary.
For each patient, we selected the corresponding pre-
treatment documents, thus creating a realistic decision-
support scenario in which models are trained to predict
treatment strategies based solely on clinical text available
prior to intervention.

Dataset Composition The dataset reflects the real-
world distribution of therapeutic strategies typically em-
ployed in orthopedic practice, clustering into three pa-
tient groups:

« Conservative. Patients managed non-invasively
through physiotherapy, pharmacological pain
control, and rehabilitative interventions designed
to restore muscular strength and joint mobility;

+ Regenerative. Patients treated with minimally
invasive biologic therapies, including growth-
factor injections, stem-cell preparations, or
platelet-rich plasma, aimed at promoting tissue
regeneration and functional recovery;

« Surgical. Patients who underwent operative pro-
cedures, such as spinal stabilization, to address
severe pathology or persistent symptoms unre-
sponsive to conservative care.

The dataset includes a total of 176 patients, distributed
as follows: 50 conservative, 92 regenerative, and 34 sur-
gical cases. This imbalanced distribution mirrors actual
clinical practice, where non-invasive approaches are gen-
erally preferred over surgical interventions when clini-
cally appropriate.

Each record consists of textual data from three pri-
mary clinical sources: radiological reports (MRI and X-
ray) and consultation notes. MRI reports describe spinal
anatomy and pathology; X-ray reports focus on verte-
bral alignment and bone structure; consultation notes
provide narrative summaries written by orthopedic spe-
cialists during outpatient visits. Demographic variables,
including age and sex, are also available for each patient.
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Figure 1: Percentage distribution of MRI, X-ray, and clinical visit reports across treatment categories.

Treatment Class MRI X-ray Clinical Visit
Chars Tokens | Chars Tokens | Chars Tokens
Surgical 1520.36 348.82 492.81 115.19 676.57 176.74
Regenerative 968.84 220.53 486.06 105.95 603.18 151.06
Conservative 1058.73 239.65 452.78 99.67 523.02 135.36

Table 1

Average length (in characters and tokens) of medical text across different treatment classes and note types.

An example of these reports is provided in Appendix A.
Overall, the corpus is a multi-source, domain-specific
collection that integrates radiologic descriptions with
unstructured clinical narratives of varying information
density.

The detailed composition of our dataset reveals vary-
ing distributions of textual data across treatment cate-
gories. Specifically, Figure 1 illustrates the percentage
distribution of MRI, X-ray, and clinical visit reports across
the three groups, while Table 1 presents the average re-
port lengths for each category. Notably, X-ray reports
and clinical visit notes exhibit similar average lengths
across the treatment categories, while MRI reports show
a marked difference, with surgical patients having signif-
icantly longer reports. This suggests that MRI documen-
tation may be particularly relevant in distinguishing sur-
gical from non-surgical cases in clinical practice [13, 14].
However, this hypothesis should be interpreted with cau-
tion, given the relatively small and imbalanced nature of
the dataset, which may affect the generalizability of such
findings.

3. Methods

The classification of clinical reports for LBP treatment
poses specific challenges due to the linguistic complexity
and domain-specific nature of medical documentation.

These texts often feature highly specialized terminology,
diverse narrative styles, and intricate links between di-
agnoses and recommended therapies. To address these
challenges and to assess the suitability of our dataset,
we adopted a modeling strategy that integrates both tra-
ditional machine learning techniques and modern deep
learning approaches.

Our aim was to evaluate whether the combination of
unstructured text and demographic data provides suffi-
cient signal for a multiclass classification task focused on
LBP treatment decisions. The classification task involves
assigning each case to one of the three treatment classes,
reflecting typical therapeutic pathways for LBP.

To explore how different modeling paradigms handle
the specificities of the Italian medical language and the
integration of heterogeneous inputs, we implemented
and compared two approaches: a Support Vector Ma-
chine (SVM) with TF-IDF vectorization, and a BERT-
based model fine-tuned on our dataset.

We chose these two models to contrast a strong clas-
sical method with a state-of-the-art contextual model.
A linear-kernel SVM remains highly effective for text
classification, especially on small or imbalanced clinical
datasets where lexical cues often suffice [15]. In contrast,
BERT [12] uses Transformer architectures [11] to capture
deep contextual and semantic relationships, making it
better suited for narrative clinical notes where meaning
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depends heavily on context.

SVM Approach We developed a multiclass classifica-
tion pipeline based on a SVM with a linear kernel, leverag-
ing traditional NLP techniques to process clinical text and
predict the appropriate treatment category. The pipeline
begins with standard text pre-processing steps, includ-
ing tokenization, stop-word removal, and lemmatization,
aimed at normalizing the clinical narratives and reduc-
ing linguistic variability [16]. For feature representation
strategy, we applied Term Frequency-Inverse Document
Frequency (TF-IDF) vectorization using a combination of
unigrams, bigrams, and trigrams. This n-gram approach
enables the model to capture both individual medical
terms and short multi-word expressions that frequently
occur in clinical language. The TF-IDF transformation
converts the unstructured reports into structured nu-
merical representations by emphasizing terms that are
particularly informative within the context of the corpus.
To incorporate demographic information, patient age and
sex were appended to the TF-IDF feature vectors, allow-
ing the SVM to integrate both textual and structured data
in the classification process.

BERT Approach We developed a multiclass classi-
fication pipeline based on the bert-base-italian-xxI-
uncased model on Hugging Face made by Bavarian State
Library', fine-tuned on our dataset to capture the seman-
tic complexity of Italian clinical narratives. Each instance
is constructed by concatenating one or more clinical free-
text reports with patient age and sex, forming a single
input sequence. No additional feature engineering is
required, as the transformer architecture learns deep,
context-aware representations of the sequence through
self-attention mechanisms. The embedding of the [CLS]
token is passed to a classification head that outputs the
predicted treatment category via a softmax activation.

4. Experiments

To explore the capabilities of our dataset, we con-
ducted a series of experiments examining how vary-
ing combinations of clinical documents and different
feature-extraction techniques affect system performance.
Through this systematic analysis, we identified the op-
timal configuration for deploying our LBP treatment-
planning decision support system in the Italian health-
care setting, as illustrated in Figure 2.

'Model available at https://huggingface.co/dbmdz/bert-base-italian-
xxl-uncased.

4.1. Classification Approach

« SVM (TF-IDF N-grams): We implemented an
SVM Classifier and evaluated three n-gram config-
urations with TF-IDF vectorization to extract fea-
tures from Italian-language LBP clinical reports:
unigrams (1-gram), bigrams (2-gram), and tri-
grams (3-gram). This multilevel approach enabled
us to capture both individual medical terms and
significant multi-word expressions commonly
found in diagnostic-related documentation. The
n-gram analysis proved especially effective at un-
covering language-specific LBP diagnostic pat-
terns and treatment indicators in Italian medical
terminology.

« BERT: Rather than relying on manual feature
engineering, we fine-tuned a pre-trained Ital-
ian BERT model to obtain contextualized token
representations. Thanks to its multi-head self-
attention mechanism, BERT inherently models
the sequential dependencies among tokens, such
that the order of concatenated documents (e.g.,
X-ray — MRI vs. MRI — X-ray) can influence pre-
diction performance. For this BERT approach, we
therefore applied the full document-combination
analysis described in Section 4.2 to evaluate how
different report sequences affect model accuracy
[17, 12].

4.2. Document Combination Analysis

To assess the impact of our Italian LBP dataset on model
performance, we systematically explored the following
eight input configurations, and, for each paired setup,
evaluated all possible document orders:

+ Single Document Decision Support:
- MRI reports
— X-ray reports
- Clinical visit notes
« Paired Document Decision Support:
- MRI reports with clinical visit notes
- X-ray reports with MRI reports
— X-ray reports with clinical visit notes
« Comprehensive Decision Support:

— Integration of all three document types

Patient demographic (age and sex) are appended as
additional input information at the end of the selected
(concatenation of) documents.

Patient Cohort: As this study reflects the real-world

clinical scenario, not every patient in the registry pos-
sesses the full set of imaging and clinical documents. For
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Figure 2: Overview of the LBP decision support system pipeline, from initial data collection through document
combination strategies to the final treatment recommendation based on NLP and machine learning techniques.

Table 2

Performance of SVM models with different n-gram settings. F’ -Score is reported as mean = standard deviation. The results

are compared with the baseline.

Document(s) | # of samples | # Train | # Test | SVM 1-gram (%) | SVM 2-grams (%) | SVM 3-grams (%) | Baseline (%)
MRI 125 100 25 27.54 £ 0.45 29.71 £ 4.54 29.71 £4.54 30.22 4+ 0.82

X-ray 125 100 25 60.24 £+ 7.36 54.20 £+ 12.58 53.97 £ 10.65 | 28.52 +1.17
Visit 135 108 27 62.31 +8.94 67.99 4+ 5.18 69.75 £ 6.18 25.84 £ 2.49
MRI+Visit 168 134 34 65.04 £ 6.30 68.74 4+ 7.40 70.27 £8.24 22.94 £ 0.45
X-ray+MRI 142 113 29 50.15 4 3.47 47.81 +6.04 45.34 + 4.14 26.30 £ 1.02
X-ray+Visit 170 136 34 68.42 4+ 8.04 68.18 = 4.41 69.55 + 5.95 22.56 £ 1.08
X-ray+MRI+Visit 176 140 36 68.31 £ 5.57 71.34 £ 6.05 68.83 £ 8.14 22.88 £0.32

each input configuration we therefore retain all patients
who have at least one of the documents in that specific
combination (e.g., any patient with an X-ray or an MRI
is included in the X-ray-+MRI setting). This choice maxi-
mizes cohort size while mirroring typical clinical avail-
ability, where documentation completeness varies across
healthcare facilities.

This structured evaluation aimed to identify the most
informative combination of clinical documents for LBP
treatment prediction. We focused particularly on configu-
rations that balance predictive performance with clinical
availability, acknowledging that healthcare facilities may
have varying access to different types of diagnostic doc-
umentation. The analysis of document combinations
proved especially relevant in LBP cases, where the di-
agnostic value of imaging studies may vary based on
specific pathology presentations and resource availabil-

ity.

4.3. Evaluation Protocol

We performed 5-fold cross-validation for each configu-
ration, maintaining consistent patient splits across all

models to ensure a fair and comparable evaluation. Class
distributions were preserved within each folad to retain
the original class balance across splits. Model perfor-
mance was evaluated using the macro-averaged F1 -score,
which is particularly appropriate for imbalanced classes.
All models were compared against a baseline classifier
that always predicts the majority class within each fold.
Results are reported as the mean =+ standard deviation
across the five folds.

4.4. Training Configuration Details

To ensure reproducibility and provide clarity on our mod-
eling setup, we report below all the key hyperparameters
and implementation choices for both the BERT-based
and the SVM-based experiments. All hyperparameters
reported were left at their default values in the respective
libraries, with no manual tuning.
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Table 3

Fy-Scores, reported as mean =+ standard deviation, of BERT models and majority-class baseline on different document

combinations.

Document(s) # of samples  # Train  # Test BERT (%) Baseline (%)
MRI 125 100 25 31.93+1055% 30.22+0.82%

X-ray 125 100 25 36.66+10.32% 2852+1.17%

Visit 135 108 27 52.84+13.95% 25.84+2.49%
MRI+X-ray 142 113 29 5221+7.54% 26.30+1.02%
X-ray+MRI 142 113 29 46.39 +£5.84% 26.30+1.02%
MRI+Visit 168 134 34 51.89+15.59 % 22.944+0.45%
Visit+MRI 168 134 34 48.60 +2.98 % 22.944+0.45%
X-ray+Visit 170 136 34 5351+795% 22.56 +1.08 %
Visit+X-ray 170 136 34 55.244+9.37% 22.56 +1.08 %
MRI+X-ray+Visit 176 140 36 49.65 + 8.56 % 22.88+0.32%
MRI+Visit+X-ray 176 140 36 51.54+10.94 % 22.88+0.32%
X-ray+MRI+Visit 176 140 36 4412 +8.40 % 22.88+0.32%
X-ray+Visit+MRI 176 140 36 47.76 £7.67% 22.88+0.32%
Visit+MRI+X-ray 176 140 36 47.67 £12.25% 22.88+0.32%
Visit+X-ray+MRI 176 140 36 49.78 £13.25% 22.88+0.32%

« BERT We use BERT s fast tokenizer to preprocess
the input, applying truncation and padding to a
fixed length.

- Max sequence length: 512 tokens
— Batch size: 16

— Number of epochs: 6

- Learning rate: 5x10~°

— Optimizer: AdamW

— Vectorization: TF-IDF with n-gram range
[1,N], N €{1,2,3}

— Classifier: Linearsvc with C' = 1.0,
class weights = inverse sample frequency

5. Results

Tables 2 and 3 present the results of our preliminary
experiments using SVMs with n-gram features and a
BERT-based model on various combinations of clinical
documents. These results should be interpreted not as
evidence of a finalized decision support system, but as
an initial validation of the dataset’s utility in support-
ing automatic classification tasks in the context of LBP
treatment. To provide a meaningful reference point for
model performance, we include the results of a simple
majority class predictor, which assigns all test instances
to the most frequent class observed in the training set for
each fold. This baseline yields macro-averaged Fi-scores
in the range of 22-30%, establishing a minimal thresh-
old that highlights the added value of learning-based

approaches. Our analysis emphasizes comparative in-
sights across different input configurations and modeling
strategies.

5.1. Classification Approach

SVM with TF-IDF N-grams Table 2 compares the
macro-F; performance obtained with unigram, bigram,
and trigram TF-IDF vectors. The bigram configuration
attains the highest score, 71.34 & 6.05%, improving upon
unigrams (68.31 & 5.57%) and trigrams (68.83 + 8.14%)
while exceeding the majority-class baseline of 22% by
almost 50 percentage points. The advantage of bigrams
is most pronounced when the full set of reports (Visit,
X-ray, and MRI) is concatenated, indicating that short
multi-word expressions such as "discopatia lombare" en-
capsulate diagnostic nuance that unigrams cannot cap-
ture. In contrast, for single-source inputs the benefit is
attenuated: unigrams remain preferable for isolated X-
ray reports (60.24% vs 54.20%), suggesting that imaging
lexicons are adequately represented by individual tokens.

BERT Table 3 shows the fine-tuned
bert-base-italian-xxl-uncased model re-
sults. The model reaches a maximum macro-F; of 55.24
=+ 9.37% when the clinical visit note precedes the X-ray
report (Visit—X-ray), again outperforming the baseline
but trailing the best bigram SVM combination by
roughly 16 percentage points. Performance varies with
document order: reversing the sequence (X-ray— Visit)
lowers the score to 53.51 £ 7.95%, and the inclusion of
MRI text frequently degrades results. These fluctuations
confirm the order sensitivity anticipated in Section 4.1
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and underscore that, under the limited data regime of
this study, contextual embeddings do not yet capitalise
on MRI radiological terminology as efficiently as lexical
features.

5.2. Document Combination Analysis

SVM  Consistent with the experimental design of Sec-
tion 4.2, eight input configurations were evaluated using
the n-gram representation. Among single documents, the
clinical visit note achieves the highest macro-F; (69.75 +
6.18% for the trigram representation), whereas the MRI
report is the only configuration that underperforms the
majority-class baseline, reaching just 29.71 &+ 4.54%. Pair-
ing X-ray with the visit note yields a substantial gain
to 68.18 & 4.41%, and adding MRI further increases per-
formance to the overall peak of 71.34 £ 6.05% for the
bigram representation. By contrast, the combination
X-ray+MRI, which excludes the narrative Visit note, at-
tains only 47.81 £ 6.04% macro-F;. This sharp drop,
together with the sub-baseline score of the MRI alone,
underscores how indispensable free-text clinical obser-
vations are for differentiating low-back pain treatments.
Beyond classification performance, we also sought to en-
hance the interpretability of the best-performing model
(SVM with TF-IDF bigrams on all reports) through quali-
tative analysis of its learned features. Each weight reflects
the discriminative power of a lexical bigram for a given
treatment class. In Appendix B, we present the most in-
formative medical expressions associated with each class,
emphasizing how specific terms are strongly linked to
particular treatment decisions.

BERT The document-level ranking mirrors that of
the SVM but at lower absolute values. The sequence
Visit—X-ray tops the list (55.24 & 9.37%), followed by
X-ray—Visit (53.51%+ 7.95%) and MRI—X-ray (52.21 &+
7.54%). Configurations that concatenate all three reports
might exceed the 512-token limit and achieve no more
than 51%. Despite these constraints, every BERT vari-
ant surpasses the baseline, confirming that contextual
representations contain useful decision cues even when
suboptimal ordering or length truncation is necessary.

6. Discussion

Our comparative evaluation of traditional machine learn-
ing and transformer-based approaches for classifying
LBP treatments yields several key insights into how NLP
models behave across different types of clinical documen-
tation.

In particular, SVM models leveraging TF-IDF represen-
tations consistently outperformed BERT-based models
across multiple experimental settings, especially when

applied to radiological reports (MRI and X-Ray). These
reports are typically concise, standardized, and lexically
redundant, making them well-suited to models that ex-
ploit explicit lexical features. SVMs, in particular, benefit
from frequent term patterns and domain-specific collo-
cations captured through n-gram vectorization.

In contrast, BERT showed stronger performance on
less structured, semantically dense documents such as
clinical visit notes. These notes are written in natural lan-
guage, often include temporal and referential elements,
and require a deeper semantic understanding to accu-
rately interpret. Despite being the least represented docu-
ment type across all treatment classes, visit notes boosted
performance when used alone or in combination with
other sources. This indicates their high semantic informa-
tiveness and BERT’s ability to leverage contextual cues
and long-range dependencies.

For a sample of each report type, see Appendix A.

Interestingly, although BERT underperformed com-
pared to SVM in nearly all configurations, its strengths
became more evident when visit notes were incorporated
into multidocument setups. The best-performing config-
uration among all SVM experiments was the integration
of all three document types. This reinforces the idea that
each source contributes distinct and valuable informa-
tion: X-rays provide succinct structural summaries, MRIs
add detailed anatomical insights (especially relevant for
surgical decision-making), and visit notes contribute clin-
ical reasoning and narrative depth. The integration of
these heterogeneous data sources allows the model to
capture a more comprehensive clinical picture, ultimately
improving classification accuracy.

BERT was consistently outperformed by SVM across
nearly all configurations. A likely explanation lies in
the underrepresentation of visit notes within the dataset.
Although visit notes are semantically rich, their greatest
impact on classification performance becomes evident
when they are combined with radiological sources. One
of the most notable findings from this dataset is that the
integration of all three document types yielded the best-
performing configuration in all SVM experiments. This
outcome underscores the complementary nature of the
information encoded in these documents: X-rays pro-
vide concise structural descriptions, MRIs offer detailed
anatomical insights (especially valuable for surgical plan-
ning), and visit notes contribute clinical reasoning and
contextual narrative. The fusion of these heterogeneous
inputs enables the model to capture multiple dimensions
of the clinical scenario, ultimately leading to improved
classification accuracy.

It should be noted that, given the real-world nature of
this dataset, not all document combinations are directly
comparable due to the differing numbers of available
documents across treatment categories. While this vari-
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ability accurately reflects actual clinical practice, caution
is warranted in interpreting comparative model perfor-
mances, particularly when smaller document subsets may
limit the generalizability of results.

6.1. Clinical Implications

Although MRI is routinely regarded as the most infor-
mative examination for surgical planning in low-back
pain, its impact in our study was limited by availabil-
ity: surgical cases accounted for only 34 of 176 patients
and contained proportionally fewer MRI reports than
the other treatment groups. This scarcity translated
into weak stand-alone performance - an SVM trained
on MRI text alone fell below the majority-class base-
line (macro-F1 29.7 + 4.5 %) and, even when coupled
with X-ray, remained inferior to the X-ray + visit-note
configuration. Clinically, these results indicate that the
proposed decision-support tool already offers actionable
triage guidance in contexts where MRI access is delayed,
while underscoring the need to enrich the dataset with ad-
ditional surgical MRIs, through prospective collection, to
reduce the risk of under-referral for patients who would
ultimately benefit from operative management.

7. Conclusions

The results of this study underscore the clinical relevance
and future potential of our curated dataset as a founda-
tion for developing NLP-based decision support tools
in the context of low back pain. By aligning structured
radiology reports with semantically rich clinical narra-
tives and treatment labels drawn from real-world care
trajectories, the dataset captures a heterogeneous and re-
alistic cross-section of diagnostic information, reflective
of everyday clinical reasoning.

Despite its limited size, the dataset reveals meaningful
interactions between document types and model perfor-
mance. Notably, while magnetic resonance imaging is
routinely regarded as the most informative modality for
surgical planning, its impact in our study was constrained
by availability: only 34 out of 176 patients were classi-
fied under the surgical group, and this subset contained
proportionally fewer MRI reports than the others. This
imbalance translated into weak stand-alone performance.

These results suggest that the proposed dataset already
supports the development of decision-support tools ca-
pable of offering actionable triage guidance, even in con-
texts where MRI access is limited or delayed. At the
same time, the findings highlight a clear direction for
future dataset enrichment: increasing the number of sur-
gical MRIs, either through prospective data collection
or active-learning-guided sampling, will be essential to

reduce the risk of under-referral for patients who may
ultimately require surgical intervention.

In future works, we will explore other models capa-
ble of handling longer input sequences, such as recent
large language models, allowing us to include the full
content of all three documents (MRI, X-ray, and visit
notes) without truncation.

We further plan to expand the dataset through the col-
lection of additional clinical cases. Once validated, the
extended corpus will be released to foster reproducibility
and enable further research. We will also perform sys-
tematic hyperparameter optimization on the extended
dataset to further improve model performance.
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A. Sample Reports

We present three representative reports that illustrate dis-
tinct documentation styles: the MRI and X-ray findings
are conveyed with technical details, whereas the clinical
evaluation is presented as a concise narrative.

The imaging reports describe features such as lumbar
disc degeneration, spondylolisthesis, and preserved verte-
bral alignment. In contrast, the consult note summarizes
patient history, describes symptoms, and reports physi-
cal examination findings, before referencing the imaging
results. Thus, the narrative note provides clinical con-
text, while the radiological reports contribute detailed
anatomical and pathological descriptions.

B. SVM’s Lexical Feature Analysis

To improve the interpretability of our best-performing
SVM classifier, trained with TF-IDF bigrams on the full
set of clinical documents, we analyzed the feature weights
learned by the model from the top-performing fold of the
5-fold cross-validation. These weights indicate the contri-
bution of each lexical bigram to treatment classification,
highlighting expressions with clear clinical significance.

We manually prioritized domain-specific expressions
(e.g., anatomical or pathological descriptors)from the top
50 lexical features (unigrams and brigrams) ranked by
coefficient value for each treatment class, over generic to-
kens (e.g., grado, presenza), which, despite their assigned
weights, lack standalone diagnostic value. The most in-
formative medically relevant features identified by the
model for each treatment class—Conservative, Regener-
ative, and Surgical—are reported in Table 5, along with
their associated weights and frequencies in the training
and test sets. Importantly, the selected inspected features
exhibit meaningful clinical relevance, effectively captur-
ing diagnostic and pathological indicators that inform
therapeutic decision-making.

Specifically, conservative treatment is associated with
clinically less invasive descriptors such as sostanzial-

113



Italian

English

MRI:

Sostanzialmente conservata la fisiologica lordosi lombare;
lieve deviazione sinistro-convessa del rachide lombare a
fulcro L3-L4. Discopatia degenerativa a livello L4-L5 ed L5-
S1; in particolare:

« a livello L4-L5 si osserva protrusione discale ad ampio
raggio che occupa bilateralmente il pavimento dei forami
neurali e, a destra entra in contatto con il tratto preforam-
inale della radice L5 destra; si associa a tale livello alter-
azione dell’intensita di segnale dei contrapposti versanti
intersomatici tipo Modic 2-3.

« a livello L5-S1 é presente protrusione discale ad ampio
raggio che non entra in conflitto con le radici nervose adia-
centi.

Conservata la morfologia delle restanti unita disco-
somatiche. Non ci sono alterazioni focali ossee nei segmenti
scheletrici esaminati. Canale vertebrale di dimensioni nella
norma. Nella norma Uintensita di segnale del cono midol-
lare, posizionato a livello D12. Conservato il trofismo dei
muscoli para-vertebrali al passaggio lombo-sacrale. Cisti
aracnoidee sacrali a livello S1-S2, del diametro massimo di 3
cm.

MRI:

Essentially preserved physiological lumbar lordosis; slight
left-convex deviation of the lumbar spine with apex at L3-L4.
Degenerative disc disease at L4-L5 and L5-S1; specifically:

« at L4-L5, a broad-based disc protrusion is observed,
bilaterally occupying the floor of the neural foramina and,
on the right, contacting the preforaminal tract of the right
L5 root; associated with a mild signal intensity alteration of
the opposing endplates (Modic type 2-3).

« at L5-S1, a broad-based disc protrusion is present, which
does not impinge on adjacent nerve roots.

Morphology of the remaining disc—vertebral units is pre-
served. No focal bone abnormalities in the examined skeletal
segments. Vertebral canal dimensions are within normal
limits. Signal intensity of the conus medullaris is normal,
positioned at D12. Paravertebral muscle trophism at the
lumbosacral junction is preserved. Sacral arachnoid cysts at
51-S2 level, with a maximum diameter of 3 cm.

X-Ray:

Sostanzialmente conservata la fisiologica lordosi lombare.
Non evidenti alterazioni ossee radiograficamente apprez-
zabili nei segmenti ossei in esame. Normoallineati i muri
somatici posteriori sia in proiezione LL standard che in
massima estensione; disallineamento dei muri somatici
posteriori con spondilolistesi anteriore L4-L5 di grado 1 in
massima flessione, come segno di instabilita articolare a tale
livello. Lieve riduzione in altezza dello spazio intersomatico
L4-L5, come segno di discopatia degenerativa. Tono calcico
conservato.

X-Ray:

Essentially preserved physiological lumbar lordosis. No
radiographically appreciable bone abnormalities in the
examined osseous segments. Posterior vertebral walls are
normally aligned in both standard LL projection and max-
imum extension; misalignment of the posterior vertebral
walls with Grade I anterior spondylolisthesis at L4-L5 in
maximum flexion, indicating articular instability at that
level. Mild reduction in intervertebral space height at L4-L5,
indicating degenerative disc disease. Preserved bone density.

Visit:

APR: n.d.r. APP: Il paziente riferisce lombalgia da diversi
anni, esacerbata durante attivita sportiva. NRS colonna lom-
bosacrale 6/10. Ha praticato FKT con temporaneo beneficio.
Il dolore é maggiormente lateralizzato a sinistra a livello
del rachide lombosacrale. Non episodi di sciatalgia. La sin-
tomatologia inficia il riposo notturno, ma non si altera con
la manovra di Valsalva. Presenta limitazione della flesso-
estensione del rachide lombosacrale. Porta in visione RMN
colonna LS (11/09/2020) che mostra discopatia L4-L5 ed
L5-S1 in presenza di alterazione degenerativo-infiammatoria
dei piatti vertebrali contrapposti e dell’osso subcondrale a
livello L4-L5 in fase acuta del tipo Modic 1. EO: Dolore in
iperestensione del rachide lombosacrale ed inclinazione lat-
erale. Ipercifosi dorsale. Marcata contrattura paravertebrale.
Dolore all’articolazione sacro-iliaca SX. Deambulazione
possibile in taligrado e digitigrado. Laségue bilaterale. Non
deficit di TA, EPA ed ECD. Diagnosi: Discopatia L4-L5 ed
L5-S1 in presenza di alterazione degenerativo-infiammatoria
dei piatti vertebrali contrapposti e dell’osso subcondrale a
livello L4-L5 in fase acuta del tipo Modic 1.

Visit:

APR: no relevant medical history recorded. APP: The pa-
tient reports low back pain for several years, exacerbated
during sports activity. NRS lumbosacral score 6/10. He un-
derwent physiokinetic therapy with temporary relief. Pain
is predominantly lateralized to the left at the lumbosacral
spine. No episodes of sciatica. Symptoms disrupt sleep but
do not change with the Valsalva maneuver. Presents with
limitation of flexion-extension of the lumbosacral spine.
Brings MRI of LS spine (11/09/2020) showing discopathy at
L4-L5 and L5-S1 with degenerative-inflammatory changes
of the opposing vertebral endplates and subchondral bone
at L4-L5 in acute Modic 1 phase. EO: Pain on hyperexten-
sion of the lumbosacral spine and lateral bending. Thoracic
hyperkyphosis. Marked paravertebral muscle contracture.
Pain at the left sacroiliac joint. Ambulation possible on heels
and toes. Bilateral Laségue’s sign. No deficits in TA, EPA,
and ECD. Diagnosis: Discopathy at L4-L5 and L5-S1 with
degenerative-inflammatory changes of the opposing ver-
tebral endplates and subchondral bone at L4-L5 in acute
Modic 1 phase.

Eta: 45 Age: 45
Sesso: M Sex: M
Table 4

Sample clinical report comparison for a patient receiving conservative treatment.
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. . SVM Weight by Treatment Class Frequency

Lexical Bigram X X . K
Conservative  Regenerative  Surgical Train Test

With Polarity Inversion
ernia +0.332 - -0.302 47 23
discopatia +0.587 - -0.418 101 24
muri somatici -0.376 +0.424 - 43
proiezioni dinamiche -0.374 +0.363 - 39
spondilolistesi - -0.517 +0.698 38 10
stenosi - -0.533 +0.688 37
Other High-Weight Bigrams
sostanzialmente conservati +0.445 - - 9
protrusione discale - +0.331 - 72 14
antero listesi - - +0.389 1 1

Table 5

Medical lexical features with the highest SVM weights per treatment class. The symbol - indicates the absence of the feature

for the given class.

mente conservati and degenerazioni artrosiche. Regen-
erative treatments, meanwhile, are characterized by med-
ically pertinent terms like muri somatici and proiezioni di-
namiche. Finally, surgical treatment features expressions
indicative of more severe pathology, including spondilolis-
tesi and stenosi, both frequently occurring in the training
data and receiving high positive weights (0.698 and 0.688,
respectively).

Notably, our analysis highlighted polarity inversion
phenomena, whereby certain clinically relevant terms
(e.g., spondilolistesi, ernia) showed positive weights in one

treatment class and negative weights in another. This
underlines the context-sensitive nature of their clinical
interpretation.

Furthermore, it is worth emphasizing that feature fre-
quency alone does not fully explain clinical importance:
even relatively infrequent terms can receive high model
weights if they demonstrate strong discriminative power.
For example, antero listesi appeared only 11 times in the
training set yet emerged as one of the top-ranked surgical
features, confirming the model’s capability to identify
clinically informative lexical indicators.
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Abstract

This paper presents makeitsample, a Python library for generating typological language samples based on the diversity
value (DV) metric. The library handles the construction of hierarchical language family trees from a list of CSV, the calculation
of diversity values for each node in the trees, and the selection of languages based on their weight within the tree. The library
aims to ease the process of creating typological language samples by providing an automated, scalable, and reproducible

solution.
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1. Introduction

Linguistic typology is the study of structural patterns
and variation across the world’s languages [1, 2]. Since
there are over 7,000 known languages [3], full coverage
of linguistic diversity in typological studies is unfeasible.
Instead, researchers rely on language samples — subsets
of languages selected to represent the world’s linguistic
diversity as accurately as possible [4, 5]. However, the
way these samples are constructed greatly impacts the
validity of typological generalizations, as biased sampling
can distort conclusions about universal tendencies and
linguistic variation [6].

Several sampling strategies have been developed to im-
prove representativeness in typological studies. Random
sampling is a straightforward method, but it risks includ-
ing many closely related languages, reducing genealogi-
cal and areal diversity [5, 7]. Stratified sampling mitigates
this issue by ensuring balanced representation across lan-
guage families and geographic regions [8], yet defining
appropriate strata remains a challenge. For instance, ge-
nealogical classification varies between databases such
as Glottolog [3] and Ethnologue [9], leading to inconsis-
tencies in sampling.

Another approach is diversity-based sampling, which
prioritizes structurally diverse languages rather than sim-
ply ensuring equal representation across language fami-
lies or regions [6]. This method focuses on maximizing
linguistic variation within a sample, making it particu-
larly useful for detecting cross-linguistic patterns [10].
While promising, current implementations of diversity-
based sampling often lack computational automation and
clear reproducibility, limiting their practical application.
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Despite efforts to refine sampling methods, typological
research remains susceptible to several biases [11]:

« Bibliographic bias: since typological studies rely
on existing descriptions, well-documented lan-
guages are favored over lesser-described or en-
dangered languages [12]. In addition to this, the
quality of the descriptions may affect the results
of the typological analysis, as some grammars
may have been written with a specific theoret-
ical framework in mind, or been written in the
past and not updated to reflect current linguistic
theories.

« Genetic bias: samples may be unbalanced due to
the overrepresentation of some language fami-
lies, leading to an underestimation of linguistic
diversity [4, 7].

« Areal bias: some geographic regions (e.g., Europe)
are disproportionately represented in typological
databases compared to highly diverse but under-
documented areas such as New Guinea and the
Amazon [13, 14].

«» Typological bias: this bias occurs when a sam-

ple contains a disproportionate number of lan-

guages with similar typological features, leading
to overgeneralizations about linguistic universals

[6]. For example, if a sample contains a large num-

ber of SVO languages, it may lead researchers to

conclude that SVO is the most common word or-
der across languages or that a feature associated
with this order (e.g. adjective-noun order) is the
most common across languages, even if this is
not the case. This bias can also occur when re-
searchers focus on a specific typological feature

(e.g., case marking) and select languages that ex-

hibit that feature.

Cultural bias: this bias occurs when language

samples underrepresent the world’s cultural and



linguistic diversity. It relates to the idea of linguis-
tic relativity—the notion that language can influ-
ence how people think and perceive the world
[15, 16]. While early theories assumed a strong,
deterministic link, more recent research treats
the connection between language and thought
as testable. For instance, Lucy [17] showed that
speakers of languages with obligatory number
marking perceive and categorize objects differ-
ently than speakers of classifier languages, illus-
trating how grammatical structures can reflect
cultural patterns.

These biases can skew typological conclusions, rein-
forcing the need for an automated sampling pipeline that
accounts for linguistic diversity in a principled manner.

To address one of these biases, this paper presents
a Python library to ease the process of generating
typological language samples. The library, called
makeitsample', is designed to automate the sampling
process and provide a principled and scalable solution
to generating language samples for typological studies.
The library implements a sampling method based on the
diversity value (DV) metric [18, 19, 11] and comes with
a command-line interface. The library is designed to:

+ Construct a set of hierarchical language family
trees from a set of CSV files.

» Compute diversity values (DVs) for each language
family and subgroup, ensuring that more struc-
turally diverse families contribute proportionally
to the final sample.

« Select languages based on the weights of the
groups and families they belong, propagating
the selection algorithm from higher-level fami-
lies down to subgroups, ensuring a genealogically
and typologically balanced sample.

By integrating computational methods with linguistic
typology, this library provides an automated, scalable,
and genealogical bias-aware solution to sampling. The
paper is structured as follows: Section 2 describes the
methodology behind the DV metric and the sampling
algorithm. Section 3 details the implementation of the
package, describing the libraries it relies on and the mod-
ules of the library. Finally, Section 4 discusses the poten-
tial applications of makeitsample and concludes the

paper.

! Available at https://pypi.org/project/makeitsample/.
makeitsample is open source and licensed under the
MIT license. The source code is available at https:
//github.com/unipv-larl/makeitsample.

2. Methodology

In this section, I describe the methodology behind the
diversity value (DV) metric and the sampling algorithm.
I first introduce the family tree representation used to
model genetic relationships between languages (Section
2.1). Then, I explain how DVs are calculated for each lan-
guage family and subgroup (Section 2.2). Finally, I detail
the sampling algorithm that selects languages based on
their weight within the tree (Section 2.3).

2.1. The Family Tree Representation

A family tree is a hierarchical structure that represents
the genetic relationships between languages. Each node
in the tree corresponds to a language family or sub-
group, while edges indicate parent-child relationships.
The hierarchical structure allows us to visualize the ge-
nealogical relationships between languages, with higher-
level nodes representing broader families and lower-level
nodes representing more specific subgroups or individual
languages. This way of representing language families
traces back to Schleicher’s works [20, 21], where he pro-
posed a tree-like structure to illustrate the relationships
between languages. This representation has been widely
adopted in historical linguistics and typology, as it pro-
vides a clear and intuitive way to visualize the genetic
relationships between languages. The idea behind the
family tree is to represent the evolution of languages
over time, with branches representing the divergence of
languages from their common ancestors. Each language
family can be thought of as a trunk, with subgroups and
individual languages branching out from it. The length of
the branches can be interpreted as a measure of the time
since the languages diverged from their common ances-
tor, with longer branches indicating greater divergence.
The tree is rooted at the top-level family, with subgroups
branching out from their respective parent nodes. This
representation allows us to model the genealogical rela-
tionships between languages and determine their relative
weights within the tree.

As an example, consider the Indo-European language
family, which, according to Ethnologue [9], is divided
into eight subgroups: Albanian, Armenian, Baltic, Celtic,
Germanic, Greek, Indo-Iranian, and Italic. These sub-
groups are further divided into smaller subgroups and
individual languages, forming a hierarchical structure
that captures the genetic relationships between Indo-
European languages as in Figure 1.

The family tree representation allows us to model the
genetic relationships between languages and see which
families and groups are more structurally diverse. This
information is crucial for calculating diversity values and
selecting languages for the final sample.
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Figure 1: Sample of the tree of the Indo-European family. This
representation does not take into account the temporal aspect
of the tree, i.e. the length of the branches is not proportional
to the time since the languages diverged from their common
ancestor.

2.2. Calculating the Diversity Value (DV)

The diversity value (DV) metric quantifies the structural
diversity of a language family or subgroup based on the
topological properties of its family tree. This metric was
first introduced by Rijkhoff and Bakker [18] and later
refined by Bakker [11] as a way to maximize the typolog-
ical diversity of languages in a sample. The calculation
involves the following steps:

1. Breadth-First Search (BFS): starting from a given
node for which we want to calculate the DV
(henceforth “root”), perform a BFS to determine
the level of each node in the tree. The level of a
node is the number of edges from the root to that
node.

2. Level Counts: calculate the number of nodes at
each level. This helps in understanding the dis-
tribution of nodes across different levels of the
tree.

3. Contributions Calculation: for each level, calcu-
late the contributions to the DV. The contribution
of a level is determined by the number of nodes
at that level and their distance from the starting
node. The contributions are accumulated as we
move from the root to the leaves of the tree. The
contribution C; of level ¢ can be calculated as:

L1

Ci =Ci—1+ (N; — Ni_1) 17

where C;_1 is the contribution of the level up-
wards (setting to 0 the contribution of the root
level) N; is the number of nodes at level 4, V;—1
is the number of nodes at the level above, and L is
the maximum number of levels in the forest. If we
are calculating the DV for the root of the family
tree, then L is the maximum number of levels in
any tree in the forest. If we are calculating the DV
for a subgroup, then L is the maximum number
of levels in the sibling trees of the tree rooted at
the subgroup (including the subgroup tree).

Sometimes, family trees are shaped like the left
side tree in Figure 2 in which a branch of the tree
stops at a certain level without reaching the bot-
tom of the tree (see the group 1 branch in Figure
2). If we apply the previous formula, we would
get a negative factor while calculating the con-
tribution of the bottom level, since N; would be
lower than N;_1. To avoid this, we add a number
of pseudo-nodes to the tree (x nodes in Figure
2), so that the number of nodes at each level is
always greater than or equal to the number of
nodes at the level above. This is done by adding a
number of pseudo-nodes equal to the difference
between the number of nodes at the level above
and the number of nodes at the current level. The
pseudo-nodes are not included in the final sample,
but they are necessary to ensure that the contribu-
tions are calculated correctly. The pseudo-nodes
are added only to the levels that are not the last
level of the tree. This way, we can ensure that
the contributions are always positive and that the
DV is calculated correctly.

4. Mean of Contributions: the DV is the mean of the
contributions calculated in the previous step. This
average value represents the structural diversity
of the language family or subgroup. The DV can
be expressed as:

1 D

where D is the depth of the tree rooted at the
node for which we are calculating the DV, and
C; is the contribution of level 3.

For language isolates, the DV is set arbitrarily
to 1 (as suggested by Rijkhoff and Bakker [19]),
in order to avoid assigning a value of 0 to these
languages and to ensure that they get the chance
to be selected in the sampling algorithm.

By following these steps, we can compute the DV for
any node in the family tree (except for nodes representing
languages which are not structurally diverse in the tree).
The DV metric provides a principled way to quantify the
typological diversity of languages and guide the selection
process in the sampling algorithm.

As a matter of example, let us consider the example
forest in Figure 2 and let us suppose that we want to
calculate the DV of the family 1. The first step is to
define L, i.e. the maximum number of levels under the
root node in the forest. In this case, L = 3. Then, we
proceed to calculate the contributions of each level. For
the first level, i.e. the one including group 1 and group 2,
we have N1 = 2 and Ny = 1. Cj is set to 0, so we have:

L3 _

0 1x1)=1.
- +(1x1)

Cr=0+(2-1)
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family 1

7N

group 1 group 2 family 2
lang 1 lang 2 group 3 group 4 group 5 group 6
X X lang3 lang4 lang5 lang6 lang7 lang 8

Figure 2: An example forest of language families.

For the second level, i.e. the one including lang 1, lang 2,
group 3 and group 4, we have No = 4 and N1 = 2, so:
3—(2-1) 2 7

=14+2x3)=—.

—14(4-2
Cz=1+4(1-2)x 3 3/73

For the third level, i.e. the one including the two pseudo-
nodes, lang 3, lang 4 and lang 5, we have N3 = 5 and
Ny = 4, so:

7 y 3—-(3-1) 7 1 8

Finally, we can calculate the DV as:

1 7.8\ 1
pv=_(1+i48)=ti6=2
v 3<+3+3> 5 0

group 2
group 1 group 3 group 4
lang 1 lang 2 lang3  lang4 lang5

Figure 3: The forest obtained considering the sibling trees of
group 1. The pseudo-nodes are not needed here since all the
leaves are at the same level.

This algorithm can be applied to any node in the fam-
ily tree. If we want to calculate the DV of a subgroup,
we can simply set L to the maximum number of levels
in the sibling trees of the tree rooted at the subgroup
(including the subgroup tree). For example, if we want
to calculate the DV of group 1, we can set L = 2 (since
the maximum number of levels in the sibling trees is 2).
Then, we can calculate the contributions as before, with-
out considering the pseudo-nodes. The full calculation of
the DV of this node and all the other nodes in the forest
is not shown here for the sake of brevity, but it can be
found in Appendix A.

2.3. The Sampling Algorithm

The sampling algorithm aims to select the most diverse
set of languages from the family trees, ensuring that the
final sample is representative of the world’s linguistic
diversity. Let us suppose that we need a sample of size V.
If N is higher than the total number of languages in the
family tree, we start by selecting at least a language from
each family. If there is still a number of languages to be
selected, we distribute this number among the families
according to their DVs. The distribution is randomic but
weighted by the DVs of the families. This ensures that
more structurally diverse families contribute proportion-
ally more to the final sample. If the sample size N is
smaller than the total number of families, we select the
families randomly, but weighted by their DVs and select
a language from each selected family.

If the sample is not complete, we proceed selecting
other languages. At this stage, each selected family has at
least one language included in the sample. The remaining
languages are then allocated to the subgroups of each
family, continuing down to the individual language level.
This allocation is done randomly but weighted by the
diversity values of the nodes, as shown in Figure 4.

When each subgroup has been assigned a number of
languages, we select the languages randomly from the
subgroups.

3. Implementation

In this section, I describe the implementation of
makeitsample, outlining the dependencies it utilizes
(section 3.1), and the two modules of the library:
language_family_ tree (Section 3.2) and forest
(Section 3.3). I also provide an overview of the command-
line interface (Section 3.4) and the structure of the input
data (Section 3.4.1).

3.1. Libraries

The modules rely mainly on two libraries: pandas [22,
23] for data manipulation and networkx [24] for graph
representation and algorithms. The pandas library is
used to read the input data and construct the family tree.
The networkx library is used to represent the family
tree as a graph and perform graph-based operations such
as BFS traversal and DV calculation.

3.2. The language_family_tree
Module

The language_family_tree module is responsible for
constructing the family trees from the input data. It reads
the CSV files and creates a hierarchical structure repre-
senting the genetic relationships between languages. It
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Tanguages

Tanguages Tonguages | [ Tanguages _

Figure 4: lllustration of the allocation to the subgroups. If we have to select 8 languages from this family tree (step 1), we
start by selecting 1 language from each branch and distribute the remaining 5 languages among the branches (step 2). If we
reach the bottom of the tree, we select the languages from the branch, otherwise we repeat the process (step 3).

Figure 5: Example of the tree structure before and after
adding a node. Circles represent subgroups and families, while
squares represent languages.

consists of a class called LanguageFamilyTree inher-
ited from the networkx.DiGraph class. This class rep-
resents the family tree as a directed graph, where each
node corresponds to a language family, subgroup or lan-
guage, and edges represent parent-child relationships.
The class provides methods for building the tree from a
CSV input (formatted as described in Section 3.4.1), for
exporting the tree to a JSON or CSV file, for converting it
to a dictionary, for calculating the diversity values of the
nodes and for selecting a certain number of languages
from the tree according to the sampling algorithm de-
scribed in Section 2.3.

When importing the data, a function of
LanguageFamilyTree refines the structure of
the tree in order to avoid structures that would make
impossible to be processed by the sampling algorithm.
This occurs when a subgroup contains both languages
and other subgroups as children. To address this, an
additional level is introduced in the tree to separate
the languages from the subgroups. This is achieved
by creating new nodes that become parents to each
language and children to the node that was previously
their parent, as shown in Figure 5. This ensures
the structure remains a tree, allowing the sampling
algorithm to function correctly.

3.3. The forest Module

The forest module is responsible for managing multi-
ple family trees and performing operations on them. It
consists of a class called Forest that inherits from the
list class. This class represents a collection of family
trees and provides methods for reading a set of CSV files
representing family trees from a directory, adding new
LanguageFamilyTree objects to the forest, exporting
the forest to a set of JSON or CSV files, calculating the
diversity values of the trees in the forest, and selecting
languages from the forest according to the sampling al-
gorithm.

3.4. Command-Line Interface

The command-line interface (CLI) of makeitsample is
designed to be user-friendly and allows users to easily
run the sampling pipeline from the command line. To
run the pipeline, users can use the following command:
makeitsample [-h] [-n N] [-i INPUT] [-o
OUTPUT] [-f {csv,json}] [-s SAMPLENAME] [-r
RANDOM_SEED]

where N is the sample size, INPUT is the input directory
containing the CSV files, OUTPUT is the output direc-
tory where the sample will be saved, f is the output
format (csv or json), SAMPLENAME is the name of the
sample file, and RANDOM_SEED is the random seed for
reproducibility.

3.4.1. Structure of the Input Data

In order to run makeitsample, the input data must be
in a CSV format (as in the example in Table 1 in Appendix
B). The CSV files (one for each language family) should
contain:

« 1id: a column for the unique identifier of the lan-
guage (e.g., ISO code), of the family or the group;

+ name: a column storing the name of the language,
of the family or the group;
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+ parent_id: a column storing the id of the par-
ent node in the family;

+ type: a column storing the type of the node (the
only allowed values for this column are family,
group or language).

The user can also add other columns with additional
information about the languages, families or groups.
makeitsample will ignore these columns when con-
structing the family tree, but they will be included in the
output file.

4. Conclusions

In this paper, I presented makeitsample, a Python pack-
age that aims to ease the generation of typological lan-
guage samples based on the diversity value (DV) metric.
I presented the modules of the library and the command-
line interface, which allow to construct a set of hierarchi-
cal language family trees, to calculate diversity values for
each node, and to select languages based on their weight
within the tree. By automating the sampling process and
accounting for linguistic diversity, the library and the
command-line interface provide a principled and scalable
solution to generating language samples for typological
studies helping researchers create more representative
samples and reduce genealogical biases in their analyses.

The library is designed to be flexible and extensible,
allowing researchers to adapt it to their specific needs
and incorporate additional sampling strategies or metrics.
Although user-friendly, the library is still in its early
stages and requires some knowledge of Python to be used
effectively or at least some familiarity with the command
line. This might be a limitation for some users, and the
plan s to create a web interface to make it more accessible
to a wider audience.
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A. Full Calculation of the DV for
the Example in Figure 2

tree 1
family 1

DV = 2 (full calculation in Section 2.2)

group 1

L = 2 (maximum number of levels in the sibling trees of
the tree rooted at group 1)
Node count:

« Ny = 1 (number of nodes at level 0)
« Nj = 2 (number of nodes at level 1)

Calculating the contributions:

« Co = 0 (contribution of the root level)
O =0+2-1)xEED o (1x1)=1

DV =1

group 2
L = 2 (sibling of group 1)
Node count:

+ No = 1 (number of nodes at level 0)
« N1 = 2 (number of nodes at level 1)
« N3 = 3 (number of nodes at level 2)

Calculating the contributions:

« Co = 0 (contribution of the root level)
O =04+02-1)x =0 —or(ax1) =1
cCr=1+(3B3-2)x 2N — 1 axl)=3

)
DV=4(1+3)=2=125

group 3

L = 1 (maximum number of levels in the sibling trees of
the tree rooted at group 3)
Node count:

« No = 1 (number of nodes at level 0)
« N1 = 2 (number of nodes at level 1)

Calculating the contributions:

« Cp = 0 (contribution of the root level)
O =0+2-1)x D o (1x1)=1

DV =1

group 4
L = 1 (sibling of group 3)
Node count:

« No = 1 (number of nodes at level 0)
« Nj = 1 (number of nodes at level 1)

It behaves like a language isolate, so we set DV = 1.

tree 2

family 2

L = 3 (sibling of family 1)
Node count:

« No = 1 (number of nodes at level 0)

« N; = 2 (number of nodes at level 1)

« Ny = 3 (number of nodes at level 2)
Calculating the contributions:

+ Co = 0 (contribution of the root level)

cO1=04+02-)x 0 —op(ax1) =1
3-(2=1) 1 4

cCr=14+3-2)xFCD 14 (1xl)=1

DV:%(l-F%):%X%:%:l'lG?
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group 5

L = 1 (maximum number of levels in the sibling trees of
the tree rooted at group 5)

Node count:

« No = 1 (number of nodes at level 0)
« N1 = 2 (number of nodes at level 1)

Calculating the contributions:

« Cp = 0 (contribution of the root level)

O =04+2-1)x =D —op(1x1) =1

DV =1

group 6

L = 1 (sibling of group 5)

Node count:

« No = 1 (number of nodes at level 0)
« N1 = 1 (number of nodes at level 1)

It behaves like a language isolate, so we set DV = 1.

B. Example of input CSV file

id name parent_id place type
Afro-Asiatic Afro-Asiatic - - family
36 Berber Afro-Asiatic - group
1793 Awjila-Sokna 1063 - group
1063 Eastern 36 - group
1064 Siwa 1063 - group
37 Northern 36 - group
1704 Atlas 37 - group

gnc Guanche 36 Spain language

auj Awjilah 1793 Libya language

swn Sawknah 1793 Libya language

siz Siwi 1064 Egypt language

cnu Chenoua 37 Algeria language

jbe Judeo-Berber 1704 Israel language

shi Tachelhit 1704 Morocco | language

tzm "Tamazight, Central Atlas" 1704 Morocco | language

zgh "Tamazight, Standard Moroccan" 1704 Morocco | language

Table 1

Sample taken from the Afro-Asiatic family tree on Ethnologue.

Declaration on Generative Al

During the preparation of this work, the author(s) used ChatGPT (OpenAl) in order to: Grammar
and spelling check and Citation management. After using these tool(s)/service(s), the author(s)
reviewed and edited the content as needed and take(s) full responsibility for the publication’s

content.
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Abstract

Recent progress in Large Language Models (LLMs) has led to impressive capabilities in Natural Language Generation (NLG).
However, standard evaluation benchmarks often focus on surface-level performance and are predominantly English-centric,
limiting insights into models’ deeper linguistic competences, especially in other languages. In this paper, we introduce
OuLiBench, a novel benchmark inspired by the literary movement OuLiPo, designed to evaluate LLMs’ ability to generate
Italian text under explicit linguistic constraints, ranging from morpho-syntactic requirements to creative and structural
challenges. Our goal is to assess the extent to which LLMs can understand and manipulate language when guided by specific,
sometimes artificial constraints. We evaluate a range of state-of-the-art models in both zero- and few-shot settings, comparing
performance across constraint types and difficulty levels. Our results highlight significant variability across models and
tasks, shedding light on the limits of controllable text generation and offering a new lens for probing LLMs’ generative and

linguistic competence beyond traditional benchmarks.
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1. Introduction and Background

The recent and rapid advancements in Large Language
Models (LLMs) development has profoundly reshaped
the landscape of Natural Language Processing (NLP) [1,
2, 3, 4]. These models exhibit remarkable proficiency
across a wide range of tasks, particularly excelling in
the generation of coherent and contextually appropriate
text. They demonstrate a sophisticated grasp of complex
linguistic structures with high accuracy. Such capabilities
have been extensively evaluated through a variety of
benchmarks, many of which are aggregated on platforms
like the Open LLM Leaderboard [5] to facilitate cross-
model comparisons.

However, despite the value of these benchmarks as
reference frameworks, a significant gap remains in the
comprehensive assessment of LLMs’ intrinsic linguistic
competencies, independently of specific task formula-
tions and with a cross-cutting perspective [6, 7]. Stan-
dard evaluation metrics often emphasize surface-level
features (e.g., n-gram overlap using BLEU or ROUGE),
which may fail to capture deep semantic understanding
or robust syntactic flexibility.
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Another critical issue, often underestimated in current
evaluation methodologies, is the overwhelming predom-
inance of benchmarks developed and validated primarily
for the English language [8]. This bias significantly limits
the accurate assessment of multilingual systems or mod-
els tailored for other languages, such as Italian. Moreover,
it impedes the identification and study of culturally spe-
cific linguistic phenomena, which are inherently tied to
the socio-cultural characteristics of individual linguistic
communities.

Concurrently, Controllable Text Generation (CTG) is
emerging as a pivotal research area within the LLM do-
main [9, 10, 11, 12, 13]. CTG focuses on developing and
analyzing techniques that guide text generation to con-
form to explicit constraints, such as style (e.g., formal vs.
informal), emotional tone, desired length, structural com-
plexity (e.g., number of subordinate clauses), and prede-
fined semantic content. By leveraging strategies such as
prompt conditioning, targeted fine-tuning on annotated
datasets, and the implementation of dedicated control
mechanisms, CTG research aims to produce generative
systems capable of generating outputs that precisely sat-
isfy specified criteria. Intrinsically, this field not only
provides methodologies for evaluations better aligned
with practical and real-world communicative needs but
also emphasizes the models’ ability to manipulate lan-
guage in response to explicit conditions.

This focus on controlled generation naturally raises the
question of how far such control can be extended, partic-
ularly when constraints become highly specific or even
deliberately artificial, designed not merely to produce
functional output but to probe the very limits of linguis-
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tic manipulation and computational creativity. In this
regard, there exists a compelling parallel with the princi-
ples of the literary group OuLiPo (Ouvroir de Littérature
Potentielle), which has long explored the generative po-
tential of formal constraints. By imposing stringent rules
on literary creation, OuLiPo demonstrates how limita-
tions can paradoxically unlock new expressive forms
and reveal deeper structural properties of language. We
hypothesize that such intricate, often playful linguistic
challenges, when adapted as evaluation tasks, can yield
valuable insights into the degree of fine-grained control
an LLM can exert and its implicit understanding of lin-
guistic structure, moving beyond mere fluency to assess
true generative competence.

Building on these insights, in this paper we introduce
OuLiBench, a novel benchmark, and present an extensive
evaluation of LLMs’ ability to generate Italian text under
targeted linguistic constraints, ranging from morpho-
syntactic to stylistic-formal phenomena.

By prompting language models to generate sentences
that adhere to specific linguistic constraints (e.g., "Gen-
erate a sentence with exactly five words" or "Generate a
sentence without the letter ’e’") and, where applicable,
evaluating their ability to reflect on these constraints or
on properties of the generated text, we aim to address the
following research questions: i) To what extent can LLMs
produce text that satisfies explicit linguistic constraints
defined in OuLiBench, including quantitative, structural,
and creative constraints? ii) What differences emerge
among various LLMs in their ability to meet complex lin-
guistic constraints, and which types of constraints pose
the greatest challenges? iii) How does the nature of the
constraint (e.g., syntactic vs. creative) affect the quality
and coherence of the generated text?

Contributions. Our main contributions are:

« We propose a framework, based on the OuliBench
benchmark, for evaluating the linguistic abilities
of state-of-the-art Italian LLMs when generating
text.

+ We conduct extensive evaluations across different
open- and closed-source models and linguistic
constraints.

+ We evaluated models’ abilities across several con-
figurations, testing their performance in zero- and
few-shot settings.

2. Our Approach

We systematically evaluate the ability of several LLMs
to generate Italian sentences under a range of explicitly
defined linguistic constraints. These constraints are for-
malized as a set of properties P = p1, pa, ..., Dn, Where
each property p; corresponds to a specific quantitative,

morpho-syntactic or creative linguistic phenomenon.
The goal is to assess to what extent models can control
these properties during text generation, and how robustly
they generalize across different types of constraints.

For each property p;, we define a corresponding set of
possible target values V, = vp1, Up2, ..., Upn. We prompt
the models to generate a fixed number of sentences con-
ditioned on each value vp; using a consistent prompt
format. For example, for the property “number of words”
a representative prompt would be:

Genera 50 frasi composte esattamente da 5
parole ciascuna, escludi dal conto la pun-
teggiatura e gli spazi. [transl. Generate 50
sentences consisting of exactly 5 words each,
excluding punctuation and spaces from the
count. ]

Considering the difficulty that LLMs show in meet-
ing strict numerical specifications, such as generating
sentences with an exact length in terms of words or char-
acters, we intentionally structured the evaluation around
increasing values of each property. This approach allows
us to examine whether the models are sensitive to the rel-
ative ordering and magnitude of constraints, even when
exact conformity is difficult to achieve. The underlying
hypothesis is that although a model may not reliably pro-
duce a sentence with exactly 5 words, it may still exhibit
a monotonic tendency, generating progressively longer
sentences as the required number increases.

For syntactic constraints, such as those related to the
syntactic order of the elements (e.g. SVO, SOV, VSO), the
analysis focused on the model’s ability to adapt the syn-
tactic structure of the sentence to predetermined patterns.
Here, the aim is to assess the structural flexibility of the
model and its ability to model the output according to
specific grammatical configurations. Finally, concerning
OuLiPo-inspired linguistic constraints, such as lipograms
(texts that deliberately omit a particular letter) and tauto-
grams (texts in which all words start with the same letter),
the evaluation was structured around specific letters of
the alphabet, testing the model’s ability to inhibit or con-
centrate the use of certain letters within the generated
sentences. This allows us to examine the controllabil-
ity of the models in more creative and stylistic contexts,
where the constraints are not numerical but qualitative
and symbolic.

The linguistic constraints span both formal properties
(e.g. sentence length in words or characters, permuta-
tions of sentence elements in the context of linguistic
typology) and creative phenomena (e.g., lipograms, tauto-
grams, acrostics), enabling a comprehensive evaluation of
controllability across structural and stylistic dimensions.
In all cases, the evaluation assesses whether the gener-
ated sentence not only satisfies the target constraint but
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also maintains syntactic correctness, semantic coherence,
and linguistic appropriateness in Italian.

3. OulLiBench

To address the need for more granular evaluation tools
for the Italian language, we developed OuLiBench. This
novel benchmark is specifically designed to thoroughly
analyze the capability of LLMs to generate text while
adhering to a diverse and progressively complex set of
explicit linguistic constraints, thereby moving beyond
assessments based on mere surface-level fluency.

3.1. Conceptual Framework and Task
Taxonomy

The conceptual foundation of OuLiBench integrates prin-
ciples from Controllable Text Generation (CTG) [10],
which focuses on guided generation according to pre-
defined attributes, with the creative, constraint-based
methodologies of the OuLiPo (Ouvroir de Littérature
Potentielle) literary group. Founded in 1960 by writer
Raymond Queneau and mathematician Francois Le Lion-
nais, OuLiPo emerged as a revolutionary literary move-
ment that sought to explore the potential of literature
through the systematic application of formal constraints.
In their Premier Manifeste (First Manifesto) [14] of 1961,
Le Lionnais articulated the group’s foundational philos-
ophy Littérature potentielle, defining littérature poten-
tielle as "the search for new structures and patterns that
can be used" to create literary works. The group used
the restrictions of literary forms to spark creativity, de-
veloping techniques such as lipograms (texts excluding
specific letters), tautograms, anagrams and palindromes.
This approach demonstrated that systematic limitations
could paradoxically expand rather than restrict creative
possibilities, generating what the group termed "poten-
tial literature". OuLiBench adapts these philosophies into
a suite of computationally evaluable tasks, entirely for-
mulated and contextualized for the Italian language.
OuliBench is organized according to a taxonomy that
reflects different levels and types of linguistic control:

1. Quantitative Constraints: This category as-
sesses the precision of dimensional control over
the textual output. Tasks require models to gener-
ate sentences adhering to an exact word count
or an exact character count (net of punctuation
and spaces). These constraints challenge models
to balance numerical restrictions with semantic
coherence and grammatical correctness.

2. Syntactic Constraints: These tasks evaluate the
models’ competence in manipulating fundamen-
tal Italian grammatical structures. They include
verbal diathesis control (requiring generation

in active, passive, or reflexive/medium voice) and
constituent order permutations (Subject-Verb-
Object), testing flexibility in generating canonical
and non-canonical sentence structures.

3. Stylistic-Formal (OuLiPo-inspired) Con-
straints: Representing the most elaborate
challenges, this category implements OuLiPian
contraintes. It includes tasks such as the Li-
pogram (omission of specific letters), Inverse
Lipogram (mandatory inclusion of specific
letters), Tautogram (all words starting with
the same letter), Anagram (at both word and
phrasal levels), Palindrome (symmetrical text),
and Acrostic (initial letters of words forming
a target word). These tasks demand advanced
linguistic planning and sophisticated sub-lexical
and structural manipulation.

For each task, specific prompts were formulated in
Italian. Table 1 provides a comprehensive overview of
the tasks included in OuLiBench, as well as the prompts
used for generating the sentences.

4. Experimental Setting

We evaluate a pool of Italian LLMs by testing their
ability to follow the linguistic constraints defined in
OuliBench. We conduct our experiments in both zero-
shot and few-shot settings. In the zero-shot condition,
the model receives only the instruction formulated in
natural language. In the few-shot configuration, the
prompt is augmented with five, ten, and fifteen exemplar
sentences corresponding to the same constraint. This
setup is intended to investigate whether LLMs improve
in constraint-following behaviour when exposed to in-
context demonstrations. In the following, we describe the
set of tested models and the evaluation strategy adopted
to assess the extent to which generated outputs satisfy
the defined constraints.

4.1. Models

The landscape of Italian large language models (LLMs)
is evolving rapidly, with notable differences in develop-
ment strategies. Some models have been pre-trained
from scratch with intrinsic emphasis on the Italian lan-
guage, while others have been fine-tuned for Italian
starting from well-established architectures. For this
study, we selected models with comparable parame-
ter scales: Minerva-7B-instruct-v1.0 (SapienzaNLP) [15],
Velvet-14B (Almawave) [16], Maestrale-chat-v0.4-beta
(mii-llm) [17], and LLaMAntino-3-ANITA-8B-Inst-DPO-
ITA (SWAP-UNIBA) [18]. The first group includes three
models pre-trained from scratch. Minerva-7B-instruct-
v1.0 is a 7-billion-parameter Transformer pre-trained
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Category Task Name Constraint Description

Example Target Sentence (Italian)

Quantitative Length by Words
Length by Characters

(no punct/space).

Generate Italian sentences with an exact word count.
Generate Italian sentences with an exact character count

"Il gatto dorme sul divano." (5 words)
"Mangio la pizza" (13 chars)

Syntactic Diathesis Control
reflexive).
Word Order Permutations

(SOV, VSO, etc.).

Generate Italian sentences in specified voice (active, passive,

Generate Italian sentences using specific SVO permutations

"La lettera & scritta da Marco." (passiva)

"Mangia la mela Luca" (VOS)

Stylistic-Formal
(OuLiPo-inspired)

Lipogram
Inverse Lipogram
min. once for each words.
Tautogram
letter.
Word Anagram
Phrasal Anagram
tence.
Palindrome
wards.
Acrostic
word.

Generate Italian text excluding a specific letter.
Generate Italian sentences where a specific letter appears

Generate Italian text where all words start with the same

Generate a valid Italian anagram for a given Italian word.
Reorder sentence letters into a new meaningful Italian sen-

Generate Italian text reading the same forwards and back-

Generate Italian text where initial word letters form a target

"Oggi vado in montagna" (without ’e’)
"Questo esercizio contiene molte esse" (’e’)

"Maria mangia mele morbide" ('m’)

"Noce" — "Ceno"
"Amo Roma" — "Moro ama"

"Aceto nell’enoteca”

"Viva V.E.R.D.I"

Table 1
OuliBench Task Summary (Evaluated on Italian).

on 2.5 trillion tokens, balancing Italian, English, and
code, and later refined through supervised fine-tuning
(SFT) and direct preference optimization (DPO). Velvet-
14B is a dense 14-billion-parameter Transformer trained
from scratch on the Leonardo HPC system using 4 tril-
lion multilingual tokens, approximately 23% of which
are in Italian, achieving competitive scores on Italian-
language benchmarks. These models integrate Italian
language knowledge from the earliest stages of train-
ing. The second group is based on existing architec-
tures. LLaMAntino-3-ANITA-8B-Inst-DPO-ITA is de-
rived from Meta-LLaMA-3-8B-Instruct and specializes in
Italian through super-fine-tuning (QLoRA SFT) on mixed
datasets and DPO optimization. Maestrale-chat-v0.4-beta,
based on Mistral-7B, underwent continued pre-training
on an Italian corpus and "Occiglot," followed by conver-
sational SFT and DPO alignment aimed at improving
factuality and mathematical reasoning. Although these
models build upon pre-trained foundations, they have
invested significantly in adapting and optimizing for the
specific characteristics of the Italian language. To achieve
a comprehensive and diversified evaluation of LLM ca-
pabilities across the tasks proposed by the benchmark, it
was essential to extend the comparison to include larger
proprietary models that currently represent the state of
the art in the field. This strategic choice enabled assess-
ment of the selected Italian open-source models in rela-
tion to the highest standards achieved by global research
and development. Specifically, the comparison included
Claude Sonnet 4 [19], DeepSeek [20], Gemini 2.5 Flash,
and GPT-40 mini [2].

4.2. Prompting Optimization

The effectiveness of text generation using advanced Lan-
guage Models is critically dependent on the calibration
and formulation of prompts. Our research has systemati-
cally analyzed the interaction between prompt structure
and output quality for each model, defining optimized
strategies to maximize compliance with experimental
requirements. Generally, precision in criteria definition
was found to be critical: for text length control, making
explicit the exclusion of non-linguistic elements (such as
punctuation and spaces) significantly improved the pre-
cision of some models (Maestrale and Anita). Similarly,
for the handling of verbal diathesis in particular mid-
dle (or reflexive) diathesis, explicit formulations reduced
interpretive ambiguities, increasing the adherence of out-
puts. In the context of OuLiPo constraints, whenever
possible we avoided specific terminology in the prompt
(Lipograms, Inverse Lipograms, Tautograms, and Palin-
dromes), describing the task directly and using quotation
marks to highlight restricted letters.

A crucial aspect of our methodology was the imple-
mentation of few-shot learning, exploring its configura-
tions with 0, 5, 10 and 15 examples. The tasks that em-
ployed few-shot were: quantitative constraints, diathesis,
Lipograms, Palindromes. The examples were collected
from the Italian Universal Dependency dataset, a corpus
consisting of 34,383 sentences derived from the main
Italian treebanks included in the Universal Dependen-
cies project, including ISDT[21] VIT[22], PARTUT[23],
PoSTWITTA[24] and TWITTIRO [25].

During few-shot experimentation, it emerged that the
Minerva and Velvet models tended to slavishly repro-
duce the examples provided in the prompt, generating
outputs identical or nearly identical to the initial exam-
ples, regardless of the variation required by the task. This
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behavior compromised the evaluability of the outputs, as
it did not allow verification of the model’s ability to gen-
eralize or adapt to the specific constraint. Consequently,
these models were excluded from the tables related to
few-shot configurations.

4.3. Evaluation Strategy

The assessment of model performance within OuLiBench
employs an integrated approach, combining quantitative
metrics for formal adherence with qualitative analyses
for more nuanced aspects of generation.

The primary quantitative metrics are:

+ Success Rate (SR): Calculated as the percent-
age of generated outputs that perfectly satisfy
the linguistic constraint imposed by the specific
task. This metric provides a direct measure of the
model’s precision.

« Spearman’s Rank Correlation Coefficient (p):
Used to determine the models’ sensitivity to incre-
mental or decremental variations in constraints
(e.g., whether models produce longer sentences
when requested to increase word count), even
when exact adherence is not achieved. This met-
ric was only computed for the evaluation of the
quantitative constraints.

To apply these metrics, particularly for SR on con-
straints involving specific lexical or syntactic features,
model outputs were pre-processed and analyzed, partly
with the support of linguistic analysis tools. In partic-
ular, we employed ProfilingUD [26], a tool that allows
the extraction of more than 130 properties representa-
tive of the linguistic structure underlying a sentence and
derived from raw, morpho-syntactic and syntactic levels
of annotation based on the UD formalism. ProfilingUD
was specifically applied to the sentences generated by
the tested models to extract linguistic features used to
evaluate model performance (e.g. sentence length, in
terms of tokens or characters, diathesis control, etc.).

The qualitative analysis was carried out manually on
the responses that had passed the automatic evaluation,
meaning those that met the formal constraints required
by the task. The aim was to examine more closely the
linguistic quality of the sentences produced, considering
three main aspects: grammatical correctness, semantic
coherence, and linguistic appropriateness. These criteria
were not applied according to a strict hierarchy, although
semantic coherence often played a central role, as it is
crucial for the comprehensibility and meaning of the sen-
tence. In the presence of particularly strong constraints,
such as in the case of tautograms or anagrams, the evalu-
ation was conducted with greater flexibility. The rigidity
of the structure required by these constraints can com-
promise the naturalness of the sentences, making it nec-

essary to allow some tolerance in assessing the other
qualitative aspects.

5. Results

The results obtained from the application of the
OuLiBench benchmark highlight substantial differences
among the tested models, both in terms of absolute capa-
bilities and sensitivity to various types of linguistic con-
straints. The analysis was conducted considering both
quantitative metrics (Success Rate and Spearman’s cor-
relation) and qualitative evaluations of semantic coher-
ence and grammatical correctness.

5.1. Overall Performance

Table 2 reports the results obtained by the Italian open-
source models, which highlight a significant variability
in models’ linguistic control capabilities. LLaMAntino-
3-ANITA-8B-Inst-DPO-ITA (Anita) stands out as the
best-performing Italian model, achieving an aver-
age SR of 53% in the zero-shot setting, clearly out-
performing the others. Velvet-14B reaches an average
of 29%, while Maestrale-chat-v0.4-beta and Minerva-7B-
instruct-v1.0 show more limited performance, with 19%
and 12% respectively.

To better contextualize these results, Table 3 reports
the performance of larger proprietary models, which can
be considered as an upper bound relative to the Italian
ones. Within this group, Gemini 2.5 Flash achieves
the highest performance with an overall average of 70%,
followed by GPT-40 mini (66%) and DeepSeek R1 (65%).
Claude Sonnet 4, while competitive across several tasks,
records an overall average of 61.5%.

5.2. Analysis by Constraint Categories
5.2.1. Quantitative Constraints

Length control tasks proved to be the most challeng-
ing for all tested models. In word-count control, Gem-
ini performed best (34%), followed by DeepSeek (30%)
and GPT-40 mini (17%), while Claude obtained the worst
performance (9%). Among open-source models, Anita
achieved 27% in zero-shot, significantly outperforming
Maestrale (9%), Velvet (5%), and Minerva (3%). Spearman
correlations were consistently high for proprietary mod-
els (94%-100%), thus indicating strong ordinal sensitivity
despite difficulties in precise control.

Character-count control was even more demanding:
Gemini led (14%), trailed by GPT-40 mini (13%), DeepSeek
(05%) while Claude struggled severely (0.03%). Anita
remained competitive (15%) among open-source models,
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Task Anita Maestrale Minerva Velvet Task Avg
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15
Word Length .27/.90  .25/95 .24/95 .13/.93 .09/.88 .06/.64  .04/.68  .02/.89 | .03/## .05/.66 11/.75
Char. Length A5/##  13/46  .02/.31  .13/.60 | .006/.71 .03/.92  .03/.88  .03/.96 0/-.64 .01/.60 .04/.48
Diathesis 99 .89 93 .90 .59 1 .90 1 72 .67 74
Permutations .16 - - - 12 - - - .08 .16 13
Lipograms .59 .56 .62 .64 32 37 .35 .34 .28 47 4
Inverse Lipogr. .55 .26 .04 .23 KA
Word Anagrams 92 18 0 .10 .30
Sent. Anagrams .88 - - - 0 0 .90 44
Tautograms .73 - 55 .007 .08 34
Palindromes .54 12 .40 .20 .006 .04 .02 0 0 - - - 0 a3
Acrostics .10 - .02 - 0 - 0 .03
Model Avg | 3 39 26 a0 | a9 21 32 3 | a2 [ 2 - - -
Table 2

Performance of the models on OuliBench in both zero- and few-shot configurations according to Success Rate (SR) and
Spearman correlation coefficient (rho) (only for quantitative constraints). The best and worst scores for each property and
each metric are highlighted in bold and italic, respectively. Non-statistically significant correlation scores are reported with ##.
Tasks for which the models were unable to generate meaningful outputs are marked with -. The task avg. are measured on

0-shot values.

Task Claude Deep Seek  Gemini GPT Task Avg

Word Length
Char. Length
Diathesis

.09/.94 301

.003/1 .05/.96
.89 1
.86 1
77 79
.55 .93
.54 .76
.56 .30
99 91 .94 .98
74 .18 .20 .26
.78 98 1 .74

341
141
99
95

17/.99
13/.82
97
99

73 .89
.89 .67
.58 1
94 .50

.22/.98
.08/.94
.96
95
.79
.76
72
57
.95
35
.87

Permutations
Lipograms
Inverse Lipogr.
Word Anagrams
Sent. Anagrams
Tautograms
Palindromes

Acrostics

Model Avg | 62 65 .70 66 |

Table 3

Performance of the closed-source models on OuliBench both
in zero- and few-shot configurations (SR/p). Best and worst
results for each property and metric are in bold and italic,
respectively. ## indicates non-significant correlations.

whereas Velvet (1%) and Maestrale (0.06%) showed major
limitations. Minerva failed entirely (0).

5.2.2. Syntactic Constraints

Diathesis control revealed in general a clear advan-
tage for proprietary models: DeepSeek and Anita
achieved near-perfect scores (100% and 99%, respec-
tively), followed by GPT-40 mini (97%) and Gemini (99%).
Claude trailed slightly (89%), while Italian open-source
models—Minerva (72%), Velvet (67%), and Maestrale
(59%)—struggled more.

Constituent order permutations highlighted a stark di-
vide: GPT-40 mini excelled (99%), with DeepSeek (100%),
Gemini (95%), and Claude (86%) close behind. Open-
source models performed uniformly worse: Anita and
Velvet (both 16%), Maestrale (12%), and Minerva (8%),
suggesting architectural limitations in complex syntactic
manipulation.

5.2.3. Stylistic-Formal Constraints

This category showed the widest performance gaps. For
lipograms, GPT-40 mini achieved the best results (89%),
ahead of DeepSeek (79%), Claude (77%), and Gemini (73%).
Anita remained competitive (59%), while other open-
source models obtained significantly lower scores: Velvet
(47%), Maestrale (32%), and Minerva (28%).

Tautograms revealed polarizing results: Claude led
(0.99), followed by GPT-40 mini (98%), Gemini (94%),
and DeepSeek (91%). Among open-source models, Anita
(0.73) vastly outperformed Maestrale (55%), with Velvet
(8%) and Minerva (0.07%) failing critically.

Word anagrams exhibited extreme variability: GPT-
40 mini scored perfectly (1.0), while Anita surprised
with 92%, surpassing DeepSeek (76%), Gemini (58%), and
Claude (54%). Other open-source models failed com-
pletely: Maestrale (18%), Velvet (10%), and Minerva (0).

Palindromes were universally the hardest task. Claude
led (74%), with GPT-40 mini (26%), Gemini (20%), and
DeepSeek (18%) far behind. Anita achieved 54% in zero-
shot, while all other open-source models scored zero.

5.3. Effects of Few-Shot Learning

The few-shot learning analysis reveals non-uniform pat-
terns across models and tasks. Anita shows a general
degradation of performance with an increase in examples
(from 53% in zero-shot to 26-40% in few-shot configura-
tions), particularly evident in quantitative tasks where
word control decreases from 27% to 13% with 15 examples,
and voice control degrades from 99% to 90%. This trend
suggests possible contextual overfitting phenomena.
Maestrale, on the other hand, exhibits a pattern of
gradual improvement (from 19% in zero-shot to 35% with
15 examples), with clear benefits in quantitative tasks:
character control improves from 0.006 to 0.03, and voice
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Table 4

Example outputs for selected tasks across four Italian LLMs.

Model ‘ Lipogram (no ’e’) ‘ Permutation (VSO) ‘ Tautogram (letter ’'m’)
Anita “Un topo salta sopra un muro alto.” “Suona Giulia il pianoforte.” “Molti mangiano molta minestra.”
Eng. "A mouse jumps over a high wall." | Eng. "Giulia plays the piano.” Eng. "Many people eat a lot of soup.”
Correct lipogram Correct Correct
Maestrale | I gatti miagolano sonnacchiosi” “Mangia Luca una mela rossa” “Mosse machiavelliane macchiano
Eng. "Cats meow sleepily” Eng. "Luca eats a red apple” magnanimi mandarini.”
Correct lipogram Correct permutation Eng " Machiavellian moves tarnish
magnanimous mandarins."
Respects the constraint but the
sentence sounds contrived
Velvet “Il bosco era fitto e misterioso.” “Luca studia matematica.” “Meraviglioso momento musicale re-
Eng. "The forest was dense and myste- | Eng. "Luca studies math. galato dall’artista magistrale della ser-
rious." Does not respect the constraint ata.”
Violates the constraint with the letter Eng. "A wonderful musical moment
e’ provided by the masterful artist of the
evening."
Does not respect the constraint in the
whole sentence
Minerva “lo non voglio andare al mare oggi.” “Mangio un panino al salame per | “Marito mio, mia moglie.”
Eng. "l don’t want to go to the beach | pranzo.” Eng. "My husband, my wife."
today." Eng. "l eat a salami sandwich for | Constraint satisfied, slightly artificial
Violates the constraint with the letter | lunch.”
e’ The subject is implied, so the sen-
tence does not respect the correct or-
der

control reaches perfection (1.0) with 5 and 15 examples.
A slight improvement from 0.32 to 0.37 with 5 examples
is also observed in lipograms, indicating more robust
in-context learning capabilities.

It is noteworthy that Minerva and Velvet systemat-
ically tend to reproduce the few-shot examples almost
verbatim, particularly in quantitative tasks and lipograms.
This behavior made their outputs effectively unassessable
in few-shot settings. A plausible explanation is that the
high complexity of the tasks, combined with the explicit
presence of in-context examples, may lead these mod-
els to default to copying strategies rather than genuine
generalization. This tendency ultimately compromises
output quality and originality, suggesting limitations in
their ability to adapt constraints creatively beyond pro-
vided exemplars.

6. Discussion

The OuLiBench results provide valuable insights into the
linguistic competence of Large Language Models (LLMs),
particularly in their ability to generate text under various
formal constraints. One of the most striking findings is
the performance gap between tasks involving quantita-
tive constraints and those requiring more structural or
stylistic control. This disparity suggests that while LLMs

exhibit a robust implicit grasp of linguistic structure, they
struggle with fine-grained numerical control, a limita-
tion likely rooted in the statistical nature of transformer
architectures.

Comparing open-source and closed-source models, the
latter generally outperform the former, particularly in
tasks involving stylistic-formal constraints. However,
this advantage is not consistent across all task types. No-
tably, even closed-source models, despite their overall
superiority, struggle with specific tasks such as palin-
dromes, which require strict character-level control. Sim-
ilarly, tasks involving quantitative constraints pose sig-
nificant challenges for both model categories, as they
demand precise control over features like length or rep-
etition, capabilities that are difficult to enforce within
transformer-based architectures relying on statistical pat-
terns rather than explicit rule-based mechanisms. These
limitations further corroborate the value of OuLiBench
as a benchmark for evaluating LLMs’ ability to generate
text while adhering to complex and diverse constraints.
Finally, models from both categories perform well on syn-
tactic constraints, suggesting that such structural aspects
are relatively well captured by current architectures.

Focusing instead on smaller open-source models, we
noticed that their linguistic production frequently suf-
fered, primarily in stylistic-formal tasks, from an inability
to generate truly well-structured sentences in Italian, of-
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ten producing ungrammatical or semantically incoherent
outputs. This degradation of linguistic quality under com-
plex constraints highlights the trade-off between adher-
ence to the constraint and maintenance of basic linguistic
competence. A particularly notable pattern emerged in
the palindrome tasks: smaller models frequently aban-
doned Italian and began generating sentences in English.
This involuntary code-switching suggests a tendency
to revert to the predominant language in the training
data when the task deviates from standard generation
patterns.

From a more qualitative point of view, the generated
outputs of the models reveal systematic behavioral pat-
terns, particularly evident in smaller models but also ob-
servable in larger ones. A recurring phenomenon is the
tendency for thematic and lexical repetition with superfi-
cial word order variations across most tasks, suggesting
limitations in creative diversification under constraints.

In the specific case of anagrammatic tasks, Anita and
Velvet showed a simplified resolution strategy, limiting
themselves to swapping word order within phrases rather
than performing true letter-level permutations (as shown
in the examples below). This behavior indicates a super-
ficial understanding of the anagrammatic constraint and
the adoption of simplified heuristics.

Examples from Anita:

Original: “Tre gatti in casa fanno rumore
strepito”

Anagram: “Strepito in casa fanno gatti tre
rumore”

English: “Three cats in the house make
noise and uproar” — “Uproar in the house
make cats three noise”

Original: “Tre per cento in banca stanno”
Anagram: “Stanno in banca trecento per”
English: “Three percent are in the bank”
— “Are in the bank threehundred per-
cent”

Examples from Velvet:

Original: “1l sole splende.

Anagram: “Splende il sole”

English: “The sun shines.” — “Shines the
sun.”

Original: “La luna brilla”

Anagram: “Brilla la luna”

English: “The moon shines” — “Shines
the moon”

Original: “Il gatto mangia.”
Anagram: “Mangia il gatto.”
English: “The cat eats” — “Eats the cat”

In summary, these results highlight the difficulty of
models in reflecting and producing according to
meta-linguistic principles, a fundamental feature of
human linguistic creativity, thus highlighting the lim-
itations of multi-objective planning mechanisms
with respect to controllability and performance in
complex linguistic tasks.

7. Conclusion and Future Works

In this study, we presented OuLiBench, a novel bench-
mark designed to rigorously assess the linguistic capa-
bilities of Large Language Models (LLMs) through the
generation of Italian texts governed by explicit formal
constraints. Drawing inspiration from the Oulipo lit-
erary tradition, our benchmark diverges from conven-
tional evaluation methodologies that typically emphasize
task performance on downstream applications. Instead,
OuLiBench centers its evaluation on the model’s profi-
ciency in adhering to a diverse array of linguistic con-
straints, encompassing structural, quantitative, syntactic,
and stylistic dimensions. This shift of focus allows for a
more nuanced understanding of a model’s fine-grained
control over language generation processes. Our empiri-
cal evaluation involved both open-source and commercial
LLMs tested in zero-shot and few-shot scenarios. The
results revealed substantial variability in their ability to
meet the prescribed constraints. Quantitative constraints,
such as specific letter counts or palindromic structures,
posed significant difficulties across the board, underscor-
ing persistent limitations in current architectures for han-
dling sub-lexical control. Conversely, syntactic and stylis-
tic constraints were more successfully navigated by larger
models, suggesting that model scale and complexity con-
tribute positively to managing higher-level linguistic fea-
tures. Notably, Italian-focused LLMs, including Anita,
demonstrated competitive performance, highlighting the
benefits of dedicated linguistic resources and targeted
training on specific languages, which can partially offset
the advantages conferred by sheer model size. These find-
ings emphasize the persistent challenges in controllable
text generation, especially under intersecting and mu-
tually interacting constraints and demand simultaneous
fulfillment without compromising linguistic naturalness
and coherence. The results indicate a pressing need for
innovative generation frameworks capable of embedding
meta-linguistic reasoning and constraint-aware planning
mechanisms throughout the text production pipeline.
Looking forward, OuLiBench lays the groundwork for
several promising directions in computational linguis-
tics and Al research. Extending the benchmark to other
languages would facilitate cross-linguistic investigations
into the controllability of multilingual LLMs, while the
integration of multimodal or pragmatic constraints could
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broaden the scope of evaluation beyond purely textual
parameters. Additionally, developing refined qualitative
and creativity-focused metrics will be critical to advanc-
ing our understanding of deep linguistic competence,
ultimately guiding the design of next-generation models
with enhanced flexibility, expressiveness, and adherence
to formal language structures. Ultimately, OuLiBench
not only enriches the evaluation toolkit for Italian NLP
but also serves as a conceptual bridge between compu-
tational linguistics and literary formalism, pushing the
boundaries of what LLMs can achieve under constraint.
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Abstract

Embedding model selection is a crucial step in optimizing Retrieval-Augmented Generation (RAG) systems. In this paper, we
introduce BES4RAG, a framework designed to evaluate embedding models based on question-answering accuracy rather
than standard retrieval metrics. BES4RAG automates dataset processing, automatic question generation, passage indexing,
retrieval, and answer evaluation to determine the optimal embedding model for specific datasets. Experimental results on
three diverse datasets confirm that embedding choice significantly affects performance, varies across datasets, and can enable
smaller LLMs to outperform larger ones when paired with the right embeddings. Additionally, since a key component of this
framework is automatic question generation, we found that its performance closely aligns with manually crafted questions,
as evidenced by the Pearson correlation between the two.
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1. Introduction

Retrieval-Augmented Generation (RAG) has emerged
as a powerful approach for improving the factual accu-
racy and contextual relevance of Large Language Models
(LLMs) by incorporating external knowledge sources [1].
A crucial component of a RAG system is the embedding
model, which converts textual data into vector represen-
tations for retrieval [2, 3, 4, 5]. Standard retrieval metrics
like Recall@k, Mean Reciprocal Rank (MRR), Normalized
Discounted Cumulative Gain (NDCG), Mean Average
Precision (MAP), and Precision at some cutoff (Preci-
sion@k) are commonly used to evaluate embeddings [6],
but they do not always reflect how well retrieved pas-
sages enhance answer quality. Additionally, these met-
rics require knowing the source document of key answer
components, yet this information is not always easily
accessible.

In this work, we introduce BES4RAG, a framework
designed to address these limitations by focusing on
evaluating embedding models based on their impact on
question-answering accuracy, rather than relying solely
on traditional retrieval metrics.
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BES4RAG implements a fully automated pipeline that
processes datasets, generates multiple-choice questions
(MCQs) using an LLM, indexes passages using different
embedding models, retrieves relevant documents, and
evaluates the accuracy of generated answers. By com-
paring retrieval-augmented responses across different
embeddings and LLM configurations, BES4RAG enables
practitioners to identify the best embedding model for
their specific dataset and use case.

We used BES4RAG to conduct a series of experiments
on three diverse types of datasets: news articles, TV
program transcripts, and movie-related data — including
both scripts and additional metadata — each with varying
lengths and characteristics, addressing three key research
questions.

RQ1 Are optimal embedding choices dataset-
dependent? We demonstrate that different
datasets yield significantly different optimal em-
beddings, reinforcing the importance of dataset-
specific selection.

RQ2 Can small LLMs outperform larger models
when paired with the right embeddings? Our
findings suggest that embedding quality can play
a more significant role than LLM size, highlighting
the necessity of embedding optimization.

RQ3 Do results from automatically generated ques-
tions correlate with those from manually cre-
ated ones? We validate that automated ques-
tion evaluation is a reliable proxy for human-
generated assessments, confirming the robustness
of BES4RAG’s methodology.

134



In summary, our results emphasize the importance of
evaluating embedding models based on their impact on
question-answering accuracy, with a methodology that
minimizes user effort through the automatic generation
of questions.

2. Related Work

The Massive Text Embedding Benchmark (MTEB) pro-
vides a valuable overview of the performance of hun-
dreds of embedding models across a variety of tasks and
datasets [7]. However, it also presents some limitations.
Even when models are evaluated on multiple datasets
for a given task, these datasets rarely match the specific
characteristics — such as language, document length, or
corpus size — of the data a user might use to build a RAG
system. Additionally, for retrieval tasks, the evaluation
metrics adopted by MTEB may not be fully appropriate
in scenarios where the same information is spread across
multiple documents. In such cases, the ranking of individ-
ual documents becomes less meaningful, as the relevant
information is redundantly present in several of them.

For these reasons, new evaluation methods are emerg-
ing in the literature that incorporate Large Language Mod-
els (LLMs) [8]. For example, in [9], the capabilities of
ChatGPT and Llama?2 are leveraged to evaluate embed-
ding models in the context of RAG. Instead of relying
solely on retrieval metrics, ChatGPT is used to rank the
relevance and usefulness of the context retrieved by dif-
ferent embedding models. In [10], the authors propose a
clustering-based approach to analyze the behavior of em-
bedding models within RAG systems. By grouping models
into families based on their retrieval characteristics, the
study reveals that top-k retrieval similarity can show high
variance across different model families, especially at
lower values of k. This highlights how seemingly similar
models may behave quite differently in practice, reinforc-
ing the importance of dataset-specific and task-aware
embedding evaluation. More recent work has further
emphasized the importance of considering embedding
performance specifically within RAG pipelines. Sakar
and Emekci, in [11], show that balancing context qual-
ity with similarity-based ranking is crucial, along with
understanding trade-offs related to token usage, runtime,
and hardware constraints. Their findings highlight the
role of contextual compression filters in improving hard-
ware efficiency and reducing token consumption, despite
their effect on similarity scores. Similarly, in [12] CO-
COM is introduced, a context compression method that
reduces long input contexts to a small set of compact
embeddings. This approach significantly accelerates gen-
eration time by mitigating the overhead introduced by
lengthy contextual inputs, which directly impacts user
latency.

In parallel, the automatic generation of questions using
LLMs has gained attention, especially in educational and
evaluation contexts. In [13] it is presented a system that
allows users to specify a question type (e.g., reading,
speaking, or listening) and a base text, from which the
system automatically generates questions accordingly.
A more structured approach with PFQS (Planning First,
Question Second) is proposed in [14], in which Llama 2
generates an answer plan that is then used to produce
relevant questions. While these methods demonstrate
the potential of LLMs for generating educational content,
the systematic use of automatically generated questions
for evaluating embedding performance in RAG systems
remains underexplored and merits further investigation.

3. BES4RAG: A Framework for
Selecting Embeddings in RAG.

BES4RAG (Benchmarking Embeddings for Selection in
RAG) is a modular framework written in Python code
and designed to assess embedding models end-to-end by
evaluating their performance in the full RAG pipeline,
rather than relying solely on pre-retrieval metrics.

BES4RAG differs from conventional evaluation meth-
ods by integrating automated question generation and
response evaluation within the RAG loop. This enables
a direct comparison of how different embeddings affect
the final output quality, making the framework suitable
for real-world, task-specific deployment.

The framework, depicted in Figure 1, is publicly avail-
able on GitHub.! In the following sections, we describe
the individual pipeline modules.

3.1. Data Preprocessing: File Conversion
and Organization

The preprocessing phase is handled by a module that
ingests a variety of input formats—namely JSON, TXT,
and PDF files—and converts them into plain text for
downstream processing. This module also creates a
file_mapping. json file, which records the correspon-
dence between the original input and the resulting text
files. Optionally, a brief textual description can be associ-
ated with each input document. This description can be
generated automatically based on the original filename or
derived from the content using a large language model
(LLM); alternatively, the user can manually specify it.
This step ensures that the dataset is normalized, forming
the foundation for consistent question generation and
passage segmentation in later stages.

'https://github.com/RaiCRITS/BES4RAG
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Figure 1: BES4RAG framework pipeline. The schema shows the whole pipeline starting (top left) from the documents which
are converted into text files and then split into passages, see Section 3.1. The embedding of the passages are then computed
and stored in indexes (top right), see Section 3.4. The text files are then sampled and given to an LLM appropriately prompted
to automatically generate multiple-choice questions (bottom left), see Section 3.2. For each of these questions and for each
embedding model, we rank the passages based on their similarity to the question (center right), see Section 3.5. The generated
questions are then prompted to an LLM with the top k retrieved passages for all the embedding models and different values of
k, collecting the answers given (bottom right), see Section 3.6. Lastly, comparing the answers given by the LLM in the previous
phase with the correct ones, generated alongside the questions, it is possible to evaluate which embedding model performs
best for the particular dataset considered (bottom), see Section 3.7.

3.2. Automatic Questions Generation

A central component of BES4RAG is the automatic gener-
ation of MCQs from the input text. Using a LLM, the
questions_generator module selects random text
segments from the normalized dataset and formulates
MCQs based on a customizable prompt template. The
standard prompt used for question generation is in Figure
2. The questions are stored in JSON format.

3.3. Text Segmentation

Once the dataset is converted into text files, it is
segmented into passages suitable for indexing. The
passages_generator module performs this task by
applying a specified tokenizer to the input text. A key
consideration in this process is that the segmentation
into passages is determined by the embedding model
being used since the tokenizers have a maximum token
length. By default, the framework uses the maximum
token length supported. However, it is possible to specify
a smaller token length.

3.4. Passages Indexing

The segmented passages are embedded using one or more
embedding models via the indexer module. This mod-
ule computes and stores vector representations of the
passages.

3.5. Passages Retrieval

Given a set of questions and indexed embeddings,
the passages_retriever module ranks the passages
based on similarity, typically using cosine similarity,
though other similarity metrics can be employed depend-
ing on the embedding model. The retrieved passages are
then stored, organized by embedding model, allowing for
flexible experimentation with different top-k retrieval
sizes.

3.6. Question Answering

Using the retrieved passages and corresponding ques-
tions, the questions_answering module evaluates
how well an LLM can answer each question in a RAG
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( )

Create a multiple-choice question in the same language
as the text below, based solely on its content.

The question must be generic and must not contain
references to the article (e.g., "in the article..
"based on the text").

" or

If the text mentions a specific event, include full
details (e.g., name of war, date if available). Avoid
vague temporal references like "today."

Generate 4 answer options (1 correct, 3 plausible but
incorrect), each with an explanation of why it is
correct or not, based only on the text.

Return your answer in this JSON format:

{
"question":
"options": [

{

" "

SRR W g T,
"is_correct": true/false,
"explanation": "..."

b,

]
}

Return only the JSON object in the same language as the

input.
J

Figure 2: Prompt used for automatic question generation.

setup. For each value of k (with default values of k =
0,1,2,3,4,5,10), the module combines the top-k re-
trieved passages with the question prompt and queries an
LLM to generate an answer. The prompt used for let the
LLM answer the questions is in Figure 3. The results are
stored in structured JSON files, organized by embedding
and LLM configuration.

r

Answer the following multiple-choice question:

~

<<<multiple choice questions>>

using the following textual documents as possible
sources:

Hekdek ke

<<<k passages retrieved>>>
EEEEE

Respond by providing only the numerical identifier of
the correct answer from the options 0, 1, 2, 3.

Do not respond with anything other than one of these
numbers even if you do not know the answer.

.

Figure 3: Prompt used for question answering.

y,

3.7. Evaluation

The final module, q&a_evaluator, assesses the perfor-
mance of the RAG system across different embeddings by
computing the answer accuracy over all questions. For
each embedding model and retrieval configuration (e.g.,
varying k), the module calculates accuracy and generates
a plot to visualize performance. This plot is crucial for
identifying the embedding model that leads to the best
overall performance in the specific domain or dataset
under analysis. Additionally, it helps determine the opti-
mal value of £ for the considered task. This evaluation
also enables a comparison between free and open-source
embedding models and their proprietary counterparts,
providing insights into the trade-offs between computa-
tional cost and accuracy.

4. Experimental Setup

In this section, we describe the experimental setup used
to evaluate the performance of the proposed system. We
first provide an overview of the datasets used, followed
by details about the embedding models and LLMs em-
ployed in the pipeline. Finally, we explain the evaluation
metric adopted to measure the system’s performance in
answering questions.

4.1. Datasets

We evaluate our system on three distinct datasets, each
representing a different domain and content type. These
datasets were selected to test the system’s versatility and
ability to generalize across varying text types, from news
articles to transcripts of TV programs and movie scripts.

» RaiNews: This dataset consists of approximately
16,000 news articles, from the RaiNews portal,
covering a wide range of topics from current
events. The articles are typically short and serve
as concise textual documents, ideal for testing the
system’s ability to retrieve and generate answers
from concise content.

+ Medicina33: This dataset includes roughly 159
full transcripts from the Medicina 33 TV program.
This Italian television program focuses on medi-
cal topics, with discussions featuring experts in
the field of medicine. The transcripts are longer
with respect to the news, making them suitable
for testing the system’s handling of more com-
plex, specialized content.

« Movies: This dataset comprises approximately
2,000 movie scripts, metadata, and reviews. It in-
cludes both short and long documents, providing
a diverse set of examples ranging from concise
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Table 1
Embedding models adopted for all three datasets

Type Model

ColBERT antoinelouis/colbert-xm

openai text-embedding-3-large

openai text-embedding-3-large (512 token limit)

Sentence Transformers
Sentence Transformers
Sentence Transformers

intfloat/multilingual-e5-large

dunzhang/stella_en_1.5B_v5

summaries to lengthy dialogues. This dataset is
intended to evaluate the system’s performance
on text with a narrative structure and its ability to
handle various types of content, such as reviews
and scripts.

The RaiNews and Medicina33 datasets are in Italian,
while the Movies dataset is in English.

4.2. Embedding Models

In our experiments, we distinguish between three main
families of embedding models: ColBERT, OpenAl embed-
dings, and Sentence Transformers.

The ColBERT model, described in [15], is a state-of-the-
art method for efficient and effective passage retrieval.
CoIBERT uses a bi-level representation of text, allowing
for a more compact and computationally efficient rep-
resentation of passages. The antoinelouis/colbert-xm?
model, based on this framework, is a multilingual variant,
providing advantages in multilingual tasks by capturing
semantic meaning in multiple languages simultaneously.

Openai offers a range of powerful models for generat-
ing embeddings from text, including the text-embedding-
3-large® model. The main disadvantage of these models
is that they are proprietary, and the vector representation
is available only through a paid APIL

The Sentence Transformers family includes several mod-
els optimized for sentence-level embeddings.

« intfloat/multilingual-e5-large*[16]: A multilin-
gual model capable of generating high-quality
embeddings for text in multiple languages.

5

. [17]:
A smaller, faster variant of the BERT model, pro-
viding efficient sentence embeddings while main-
taining a high degree of accuracy for various NLP
tasks.

Zhttps://huggingface.co/antoinelouis/colbert-xm
*https://platform.openai.com/docs/models/
text-embedding-3-large
*https://huggingface.co/intfloat/multilingual-e5-large
Shttps://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

« dunzhang/stella_en_1.5B_v5° [18]: A large-
scale transformer model fine-tuned for English
sentence-level tasks, designed to provide power-
ful embeddings for more complex textual data.

Remark 1. We selected primarily multilingual embed-
ding models since our experiment involves two datasets
in Italian and one in English (see Section 4.1), to reduce
potential mismatches between dataset languages and
model training data. This choice ensures broader lan-
guage coverage and more robust cross-lingual represen-
tations. However, BES4RAG does not aim to recommend
a specific model a priori, but rather to evaluate a user-
defined set of models and identify the best-performing
one for the dataset considered.

To compare the embeddings produced by these models,
the most common similarity measure is cosine similarity,
which computes the cosine of the angle between two
vectors, capturing their relative orientation in the em-
bedding space. Cosine similarity is used for all models
in our setup except for those in the ColBERT family. For
the latter, such as antoinelouis/colbert-xm, we instead
use the MaxSim function, a more specialized similarity
measure designed for passage retrieval that works by
first computing the similarity between each individual
query token and each document token using a similarity
metric like cosine similarity; it then takes the maximum
of these token-level similarities as the final relevance
score between the query and the document.

Finally, for all datasets, the maximum token limits for
embeddings were applied to split the textual data into
passages, except for the OpenAl model text-embedding-
3-large (512 token limit), which is the same model as
text-embedding-3-large but with maximum tokens length
limited to 512. The decision of considering also this case
was made based on the observation that increasing the
size of passages, although possible with this model, does
not necessarily improve the quality of the retrieved in-
formation. This will become clear when observing the
results in Section 5.

Shttps://huggingface.co/dunzhang/stella_en_1.5B_v5
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4.3. Large Language Models

In our experimental setup, we employed two distinct
families of LLMs for the generation of questions and
answering, respectively. For question generation,
GPT-40’ model was adopted through the OpenAI APIL
For answering, we adopted two variants of the LLaMA
3.1 series developed by Meta: the 70-billion parameter
model  meta-llama/Llama-3.1-70B-Instruct®
and the smaller 8-billion parameter version
meta-1lama/Llama-3.1-8B-Instruct’.

To ensure consistency and reduce stochastic variation
across outputs, a temperature of 0 was used during infer-
ence for all models. Additionally, for answer generation
tasks, the maximum output length was restricted to a
single token, since the expected answer is always a dis-
crete value in the set {0, 1,2, 3}, in accordance with the
prompt specification described in Section 3.6.

4.4. Evaluation Metric

Unlike to what is done in [9], we do not aim to evaluate
the performance of our embedding models using a LLM
as an external judge. In other words, we do not rely on
the LLM to assess the quality of the retrieved passages
or to rate their relevance. Instead, we consider the end
goal of the pipeline: whether the final multiple-choice
answer produced by the RAG system is correct.

To this end, we introduce a simple yet informative
metric that we refer to as Question Answering Accuracy
— or simply accuracy in the remainder of this paper. For
each question, the system selects an answer option based
on the response generated by the LLM, using the pas-
sages retrieved by the embedding model. The accuracy
is computed as the proportion of questions for which the
selected answer matches the correct one, as defined in
the ground truth. This metric directly reflects the effec-
tiveness of the entire RAG pipeline in producing correct
answers, integrating both retrieval and generation per-
formance.

Remark 2. Theoretically, the pipeline could be adapted to
incorporate standard retrieval metrics such as those men-
tioned in Section 1, by changing the question generation
module so that questions are generated from individual
passages rather than from full documents. However, we
adopt the Question Answering Accuracy metric for its di-
rect alignment with the end goal of the RAG pipeline:
selecting the embedding that enables correct answers.
While we acknowledge its binary nature and the lack
of granularity in capturing partial understanding or pas-
sage quality, we consider this trade-off acceptable for an
automated evaluation setup. More expressive metrics

"https://openai.com/index/hello- gpt-40/
8https://huggingface.co/meta-llama/Llama-3.1-70B-Instruct
“https://huggingface.co/meta-1lama/Llama-3.1-8B-Instruct

often require detailed annotations that are not always
available.

5. Results and Discussion

RQ1: Optimal embedding choices vary
across datasets

As observed in Figure 4, the accuracy of the Llama 3.1
70B model on automatically generated questions exhibits
variations not only with the number of retrieved docu-
ments, but also with respect to the choice of embedding
model. The ranking of the embedding models varies
across datasets, as demonstrated by the different per-
formance patterns observed in the first and subsequent
positions. This variation highlights the dataset-specific
characteristics that influence the efficacy of embedding
models, further emphasizing the utility of the proposed
framework for selecting the optimal embeddings for
each dataset, rather than relying on a one-size-fits-all
approach.

RQ2: Small LLMs can outperform bigger
LLMs with the right embedding

In some cases, the choice of the embedding model may
be even more critical than selecting the most powerful
LLM within a RAG system. This hypothesis is supported
by experimenting BES4RAG using two different LLMs
framework on the same dataset and with the same em-
bedding models. As shown in Figure 5, these experi-
ments demonstrate that using a more effective embed-
ding model with a smaller LLM can lead to better per-
formance than relying on a more powerful LLM com-
bined with weaker embedding models. In particular,
LLama 3.1 8B, when paired with antoinelouis/colbert-xm,
intfloat/multilingual-e5-large, or text-embedding-3-large,
outperforms the larger LLama 3.1 70B when the latter is
combined with

or dunzhang/stella_en_1.5B_v5, at least for lower values
of k. Indeed, for higher values of k, the performance
of the smaller LLM deteriorates, likely due to the in-
creased prompt length exceeding its optimal processing
capacity. These experiments highlight the importance of
carefully evaluating the choice of the embedding model,
especially when considering the use of smaller LLMs. In
fact, selecting an effective embedding model can enable
the adoption of smaller language models, thus reducing
computational requirements and leading to more cost-
effective and resource-efficient solutions.
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RQ3: Automatically generated and
user-generated questions
To assess whether evaluation using automatically gener-

ated questions provides results consistent with human-
authored ones, we relied on a manually curated set of

1,414 questions created by approximately eighty students
enrolled in an undergraduate database course. These
students were instructed to formulate meaningful and
unambiguous multiple-choice questions based on the
movies scripts, plots and metadata.

Table 2

Pearson correlation between accuracy matrices obtained from
manual and automatic questions for the Movies dataset, using
different normalization strategies.

Normalization Strategy = Pearson Correlation (r)

None (raw scores) 0.78
Min-max per row 0.80
Min-max over full matrix 0.90

We then compared the accuracy scores obtained using
these human-authored questions with the automatically
generated ones for the Movies dataset. Specifically, for
each embedding model and for each value of k in the
top-k retrieval, we computed the accuracy of the final
answers returned by the RAG pipeline. This yielded two
matrices of scores: one for manual questions and one
for automatically generated questions, where rows cor-
respond to different embedding models and columns to
different k values.

We then calculated the Pearson correlation coefficient
between the corresponding entries of these two matrices
to quantify the alignment between the two evaluation
modes. As shown in Table 2, the raw accuracy values
already exhibit a strong correlation (r = 0.78). When ap-
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plying min-max normalization per row (i.e., within each
embedding), the correlation improves slightly (r = 0.80),
indicating that the relative behavior of each model across
different k£ remains consistent. Finally, full matrix-wise
normalization further increases the correlation to r =
0.90, suggesting a strong structural similarity between
the two evaluation matrices. These findings support the
use of automatically generated questions as a viable proxy
for manual evaluation.

Remark 3. In addition to the quantitative correlation anal-
ysis, we manually inspected a random sample of both
human and automatically generated questions to assess
their coherence and correctness. The review confirmed
a high level of quality in both sets. The automatically
generated questions typically referred to more specific
and localized portions of the source text. Anyway, the
strong correlation observed between the two evaluation
modes further supports the use of automatically gener-
ated questions as a reliable and efficient benchmark for
assessing embedding model performance.

6. Conclusion and Future Work

In this work, we presented BES4RAG, a modular frame-
work for the evaluation of embedding models in retrieval-
augmented generation (RAG) pipelines. The framework
provides a comprehensive approach by focusing on end-
to-end evaluation, incorporating automatic question gen-
eration, passage segmentation, and answer evaluation.
Unlike traditional methods, which rely on pre-retrieval
metrics, BES4RAG integrates task-specific performance
assessments, allowing for a more accurate comparison
of embedding models based on their impact on the final
output.

BES4RAG is also versatile, making it suitable for a
variety of use cases, including datasets that represent
subsets of larger corpora. A prime example would be
transcribed multimedia archives, where smaller portions
of the dataset can be used to effectively represent the
entire collection.

Although BES4RAG demonstrates strong performance
and general applicability across diverse datasets, it is
not without limitations. One notable limit lies in its
reliance on automatically generated MCQs, which, al-
though efficient and scalable, may not always be adequate
in highly domain-specific contexts, i.e. in technical or
expert-driven fields where factual precision or nuanced
phrasing is critical. Furthermore, the binary nature of the
evaluation metric is easily interpretable, but it can fail to
capture partial understanding, near-miss responses, or
the contextual relevance of the retrieved passages. This
trade-off between simplicity and expressiveness, while
intentional for automation and reproducibility, highlights

the need for complementary metrics or qualitative assess-
ments in more complex scenarios.

Looking ahead, avenues for future work include the
following:

« Investigating whether using two different LLMs
for question generation and retrieval provides
better performance or if using the same LLM for
both tasks yields comparable results.

Exploring alternative methods for question gener-
ation that consider larger portions of documents.

Introducing new metrics to assess questions with-
out options, potentially linking detailed answers
back to one of the predefined options, offering
more flexibility in evaluating the question-answer
generation process.

« Integrate within the pipeline some element that
returns statistical significance measures of the
results obtained, such as paired tests to assess
whether differences between embedding models
are statistically significant. Moreover, regarding
the evaluation of LLM’s answers it could be in-
teresting to analyze the token-level probability
distribution to assess how embeddings affect the
confidence of LLM predictions.

« Study the scalability of the proposed approach
on significantly larger datasets, evaluating both
its performance and reliability under increased
data volume, as well as the computational time
and resource requirements of the entire pipeline.
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Abstract

This paper explores the impact of ecologically and cognitively plausible data on the training of language models. It builds on
prior work [1, 2] integrating child-directed speech, curriculum learning and instruction tuning to train Italian BabyLMs. To
evaluate our BabyLMs, we compare their performance (trained on fewer than 100M words using various techniques) with that
of native Italian Large Language Models using the Invalsi-ITA [3] benchmark, designed to evaluate Italian students on text
comprehension and linguistic abilities. The goal is to assess whether cognitively motivated training approaches (Curriculum
Learning based on Child-Directed speech and child-friendly data), which are crucial for meaningful comparison between
human learners and computational systems [4], yield greater efficiency than standard methods.

Keywords
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1. Introduction

Even though Language Models (LMs) have taken research
in linguistics and cognitive science by storm, their mean-
ingful application in these fields still faces significant
challenges. In order for LMs to be useful and informa-
tive for understanding language and cognition, several
plausibility criteria must be met [5, 6, 7]. Among them,
the most important are the amount of input received
during training and the number of trainable parameters.
A growing body of empirical evidence shows that be-
yond a certain model size and amount of training data,
the probability distributions generated by LMs diverge
from human-like patterns and become poor predictors
of psycholinguistic measures, such as eye-tracking data
[8, 9]. In contrast, smaller models trained on a limited
amount of data appear to align more closely with human
reading strategies. This observation is consistent with
findings from the BabyLM Challenge, which demonstrate
that models trained on child-directed speech and capped
at 100 million words can achieve strong syntactic com-
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petence [10, 11]. In addition to model size and training
data volume, other plausibility criteria should be con-
sidered. These include the quality of the input (such as
child-directed speech) and the manner in which it is pre-
sented, for instance through Curriculum Learning (CL).
Moreover, the standard language modeling objective dif-
fers substantially from the discursive and interactive ex-
changes children engage in with adults and peers [4]. In
short, approximating child language learning conditions
requires attention to multiple dimensions.

This study aims at investigating the impact of such di-
mensions on LMs’ development of linguistic skills. Specif-
ically, we examine the effectiveness of training Italian
BabyLMs using child-directed speech, curriculum learn-
ing, and instruction tuning—techniques inspired by hu-
man language acquisition to the purpose of assessing
whether these cognitively grounded methods lead to im-
proved performance compared to conventional training
approaches, particularly when working with limited data.
To this end, we evaluate our BabyLMs against native Ital-
ian Large Language Models using the Invalsi-ITA bench-
mark, which is focused on text comprehension and lin-
guistic knowledge.

The paper is structured as follows: first, an overview
of related works is provided in Section 2. Section 3 is
dedicated to the description of the models’ evaluation.
The models are presented in Section 3.1, whilst in Sec-
tions 3.2 and 3.3 the Invalsi-ITA benchmark, used for the
evaluation, and the procedure followed to assess the mod-
els’ abilities are described. The results of the evaluation
are detailed in Section 3.4 and discussed in Section 3.5.
Finally, some conclusions are drawn in Section 4.
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2. Related Works

Two lines of research are particularly relevant to our
goals, as they represent two sides of the same coin: the
first focuses on the quality and quantity of training data
necessary for BabyLMs to develop linguistic abilities; the
second concerns the evaluation of BabyLMs through the
creation or adaptation of benchmarks originally designed
to assess the linguistic competence of human speakers.

Regarding the first aspect, several studies have ex-
plored training models on datasets that are compara-
ble—both in size and in linguistic nature—to the input typ-
ically received by children during early development (e.g.,
[12, 13, 14]). These works show that while a large vol-
ume of data is essential for achieving strong performance
on standard Natural Language Understanding tasks, a
significantly smaller amount is sufficient for acquiring
core syntactic knowledge. In addition to data quantity
and quality, the importance of curriculum learning strate-
gies and model architecture optimization has also been
highlighted [10].

On the evaluation front, several benchmarks have been
developed over the years (e.g., [15, 16, 17]). While these
benchmarks are effective tools for comparing models
against each other, they are not well-suited for comparing
models to human language abilities, especially those of
children. Although some studies have directly addressed
this gap (e.g., [18]), they have not yet produced large-
scale, standardized benchmarks for this purpose.

For the Italian language, to the best of our knowledge,
only two benchmarks currently enable both model-to-
model and model-to-human comparisons. The first is
BaBIEs [1], a benchmark derived from the adaptation of
four standardized tests originally designed to assess the
semantic and syntactic competence of Italian-speaking
children. The second is Invalsi-ITA [3, 19], described in
Section 3.2, which aims to evaluate text comprehension
and linguistic abilities in Italian students from primary
through high school.

In this study, we employ the Invalsi-ITA benchmark
to evaluate various Bambi models, a series of Italian
BabyLMs which differ from one another in terms of i.)
the amount of training data, ii.) the type of training
data and learning strategies adopted, and iii.) instruction
tuning (cf. Section 3.1). This benchmark is particularly
well-suited to our analysis, as it allows us to observe
improvements or declines across school grades and to
isolate which of the above three variables may be influ-
encing such trends in performance.

3. Evaluating Text Comprehension
and Grammatical Knowledge
with Invalsi-ITA

3.1. Models

The Bambi model is based on a lightweight GPT-2-style
decoder architecture, with approximately 136 million pa-
rameters (Table 1). It is trained on a dataset composed of
transcripts of child-directed speech and multimedia
content designed for children [2]. So far, the dataset
is organized into three tiers of increasing linguistic com-
plexity, corresponding to the age ranges 0-6, 6—-12, and
12-18. An additional tier is currently in progress. For the
Bambi baseline model, all three tiers are used in a fully
shuffled format. In contrast, the Bambi_CL (Curriculum
Learning) model is trained on the tiers sequentially, pro-
gressing from the simplest to the most complex. Based
on both the base and CL models, Instruction Tuning
(IT) variants are implemented (Table 2). The IT training
dataset comprises the following resources:

« teelinsan/camoscio_cleaned : a translated
version [20] of the Stanford Alpaca dataset
[21], which consists of LM-generated instruction-
response pairs based on a seed set of human-
written prompts [22]. The dataset contains ap-
proximately 50,000 items.

+ massimilianowosz/gsm8k-it : a translated
version of GSM8K [23], a dataset of 8.500 grade
school-level math word problems.

e Mattimax/DATA-AI_Conversation_ITA : a
dataset of Italian-language conversations, com-
prising 10,000 items [24].

For comparison purposes, the same architecture was
trained on a traditional dataset of equivalent size, using
a random subset of mC4 [25], a corpus derived from
the public Common Crawl web scrape and used to train
standard LMs.

It is important to note that BabyLMs typically operate
with limited input and output context windows, both
to maintain model compactness and to respect cognitive
plausibility constraints. In particular, the training data for
the first and second developmental tiers avoid excessively
long sequences. However, to enable evaluation on the
Invalsi-ITA benchmark, the models were trained with a
context window of 6,144 tokens, the minimum required to
avoid truncating benchmark items. Crucially, our dataset
remains untouched. The BabyLMs are compared against
five other models (Tables 1 and 2). Minerva-3B is the
model trained on the least amount of data, despite not be-
ing the smallest in size. It is followed by Minerva-7B and
Minerva 7B-it, which rank second in terms of data vol-
ume [26]. Next is Velvet-2B, trained on approximately 3
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Architecture

Vocabulary Size

Layers x Heads

Hidden Size

Trainable Parameters

Bambi 30,000 12x12 768 135,856,128
Minerva-3B 32,768 32x32 2,560 2,894,236,160
Minerva-7B 51,200 32x32 4,096 7,399,018,496
Velvet-2B 126,976 28x32 2,048 2,223,097,856
Cerbero-7B 32,000 32x32 4,096 7,241,732,096
Table 1

Hyperparameters of the models used in the experiment.

Model Data size Epochs Curriculum Learning  Instruction Tuning
Bambi 86M words 16 no no
Bambi_it 86M words 16 no yes
Bambi_CL 86M words  [13,18,10] 3 steps no
Bambi_CL_it 86M words  [13,18,10] 3 steps yes
Bambi_mc4 86M words 20 no no
Bambi_mc4 it 86M words 20 no yes
Minerva-3B 660B tokens 1 no no
Minerva-7B 2.48T tokens 1 no no
Minerva-7B-it ~ 2.48T tokens 1 no yes
Velvet-2B 3T tokens 1 no yes
Cerbero-7B UNK 1 no yes
Table 2

Training details of the BAMBI familiy models and the baseline models.

trillion tokens ', and finally Cerbero-7B, for which the
amount of training data has not been disclosed by the
developers [27]. These models were chosen because their
training corpora are predominantly in Italian.

3.2. Invalsi-ITA

Invalsi-ITA [3] is a benchmark derived from the adap-
tation of an established battery of assessments aimed at
gauging educational proficiency throughout Italy.

The INVALSI (Istituto nazionale per la valutazione del
sistema educativo di istruzione e di formazione ‘National
Institute for the Evaluation of the Education and Training
System’) tests have been administered to Italian students
since the 2005/2006 school year. These tests are designed
to monitor the students’ competence of Italian language
and Mathematics throughout their educational path. In-
creasingly complex tests are administered during primary
school (grades 2 and 5), middle school (grades 6 and 8)
and high school (grades 10 and 13).

!https://huggingface.co/Almawave/Velvet-2B

Invalsi-ITA focuses on the Italian language. It orig-
inally included 1,264 questions, classified by [3] into:
i.) multiple choice; ii.) binary (e.g., TRUE/FALSE); iii.)
open-ended; iv.) other. The authors of the benchmark
excluded categories (iii.) and (iv.) retaining only multiple
choice (87.47%) and binary (14.33%) questions, for a total
of 1,117 questions. The benchmark assesses two main
kinds of competence: text comprehension and linguis-
tic knowledge. Text comprehension items (930/1,117,
83.26% of the total) require students to read a text and an-
swer related questions (e.g., Le prime tre righe del racconto
parlano della vita di Polipetto nel suo ambiente. Quale
frase spiega in poche parole come viveva Polipetto? “The
first three lines of the story talk about Polipetto’s life
in his environment. Which sentence briefly explains
how Polipetto lived?’), while language items (187/1,117,
16.74% of the total) assess knowledge of specific gram-
matical rules (e.g., Indica in quale frase la parola “pietra”
€ usata in senso figurato, cioé non indica la pietra vera e
propria. ‘Indicate in which sentence the word “stone” is
used figuratively, that is, it does not refer to an actual
stone.).
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Question Macro-Area Grade2 Grade5 Grade6 Grade8 Grade10 Grade 13
Comprehension 149 275 58 245 190 13
Semantics 1 8 0 14 8 7
Syntax 0 27 7 35 18 7
Morphology 0 9 2 6 1 0
Phonology 0 3 0 1 0 0
Pragmatics/Textuality 0 0 0 1 0 0
Punctuation/Spelling 1 5 0 1 6
Total 151 327 67 311 228 33

Table 3
Internal structure of the Invalsi-ITA benchmark.

Table 3 summarizes the macro-areas covered by the
questions in each grade (for more details, see [3, 19]).?
Evaluating language models brings to the fore important
questions about data contamination. The Bambi model
was trained on a dataset specifically built and curated by
the authors, ensuring it is free from contamination. For
other models, verification is more challenging. Minerva
models stand out for their transparency in this regard,
and it appears safe to assume they were not exposed to
the benchmark data. Cerbero-7B was released prior to
the benchmark (2023 vs. 2024), so contamination also
seems unlikely. Velvet-2B is more recent and its training
dataset has not been made publicly available, making it
difficult to assess potential overlap.

3.3. Method

The items are presented to the models in a zero-shot
setting. Each item consists of a text (when present), a
question that includes the list of multiple-choice options,
and the answer, often represented only by the letter cor-
responding to the correct choice. Prompts and expected
outputs are formatted using the following template (orig-
inally in Italian; a translation is provided here for clarity).

Prompt:

Read the text and answer the question:
{text}
{question}

Completions:

« Larisposta corretta ¢ A: {answer_a}
« Larisposta corretta ¢ B: {answer_b}

“Due to the limited number of items within each linguistic macro-
area, we opted to group all linguistic items together for the analysis.
As a result, only comprehension and language items are discussed
in Section 3.4.

« Larisposta corretta ¢ C: {answer_c}
« Larisposta corretta ¢ D: {answer_d}

A likelihood-based method was used to select the
model’s responses. Each model was presented with the
prompt and the set of possible completions. The selected
answer corresponds to the prompt—completion pair with
the highest likelihood.

3.4. Results

Figure 1 shows the accuracy obtained by all models in
each grade, considering both the text comprehension and
the linguistic items. The accuracy values for each model
in each grade are reported in Table 4 (Appendix 4).

A similar accuracy pattern emerges across grades 2
to 10 (Figure 1,). Cerbero-7B consistently achieves the
highest accuracy, although its performance gradually
declines over the grades. Minerva-7B and Minerva-7B-
it follow with slightly lower scores, showing peaks in
grades 2 and 6, a pattern also observed in Velvet-2B. In
contrast, Minerva-3B aligns more closely with the Bambi
models, which display the lowest accuracy throughout
these grades.

A different pattern emerges in grade 13: Bambi,
Bambi_it, and Bambi_mc4_it achieve the highest ac-
curacy, alongside Velvet-2B. Slightly lower scores are
obtained by the Minerva models, with Minerva-7B-it
still leading this group. Notably, Cerbero-7B’s perfor-
mance drops significantly in this final grade. Focusing
on the Bambi family, the strongest performances are
overall exhibited by Bambi, Bambi_it, Bambi_CL_it, and
Bambi_mc4_it.

Let us now turn to the accuracy the models achieved in
the text comprehension items, displayed in Figure 2. The
accuracy values are reported in Table 5 (Appendix A). The
figure shows that the accuracy values and patterns ob-
served for the comprehension items largely reflect those
found in the overall analysis. Cerbero-7B consistently
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Figure 1: Accuracy reached by each model, for each grade, considering both the comprehension and the linguistic items. Error

bars represent 95% confidence intervals.

achieves the highest accuracy across grades 2 to 10 (with
all values above 0.50, though gradually declining), while
a marked drop is observed in grade 13. Across grades
2 to 10, the Minerva models attain the second-highest
accuracy, with Minerva-7B-it performing best within the
family, closely followed by Minerva-7B. As in the overall
analysis, the Bambi models perform poorly from grades
2 to 10 but improve significantly in grade 13: Bambi,
Bambi_it, and Bambi_mc4_it all exceed 0.50 accuracy in
this grade. The same pattern is observed for Velvet-2B.
A different trend is observed when considering only
the accuracy achieved with respect to language items, dis-
played in Figure 3. The accuracy values are reported in Ta-
ble 6 (Appendix A). Cerbero-7B, Velvet-2B, and Minerva-
3B perform overall worse with respect to items specifi-
cally targeting grammatical knowledge than they do in
text comprehension items. Minerva-7B and Minerva-7B-
it, on the contrary, achieve similar accuracies in both
tasks, and perform better in this task in grades 2 and 6.
As for Bambi models, they differ from each other regard-
ing the accuracy they achieve. In grade 2, only Bambi,
Bambi_mc4, and Bambi_mc4_it achieve the highest ac-
curacy (0.50) of all grades, whereas the others do not
provide any correct answer in this grade. In grade 5 the
same three Bambi models perform slightly better than
Minerva-3B and Velvet-2B. In grade 6 Bambi_CL and

Bambi_CL_it reach a peak in accuracy exceeding 0.50,
followed by Bambi_mc4_it. Overall, grades 2 and 6 ap-
pear to be easier for some models, but challenging for
others. Grade 13 is challenging for all models, as none of
them provide a correct response.

Finally, let us take a look at the accuracy achieved by
the models in the two kinds of questions that compose the
Invalsi-ITA benchmark, i.e., multiple choice and binary (a
summary of the accuracy values achieved for binary and
multiple choice questions is reported in Table 7, given
in Appendix A). The accuracies achieved for the binary
questions are displayed in Figure 4.

For binary questions, accuracy generally hovers
around or slightly above the expected chance level (0.5).
Most models tend to perform better at the lower (grade
2) and upper (grade 13) ends of the evaluation spectrum,
with a noticeable dip in performance across intermedi-
ate grades (5-10). Among the best-performing models,
Bambi_CL_it and Cerbero-7B achieve the highest accu-
racy at grade 2 (0.70 and 0.65, respectively). Minerva-
7B-it and Cerbero-7B show relatively stable performance
across grade levels, with only minor fluctuations. No-
tably, Bambi_CL_it performs comparably to larger mod-
els.

Multiple choice questions (Figure 5) appear to be more
challenging for all models. Given the four-alternative
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format, chance accuracy is approximately 0.25, and most
models perform only marginally above this baseline. Still,
some models demonstrate steady improvement across
grade levels, particularly Velvet-2B and Cerbero-7B. The
latter stands out as the most consistent and accurate per-
former in this task, achieving scores in the range 0.53 to
0.56 across several grades and peaking at 0.625 in grade
13. Bambi models, on the contrary, seem to find this
kind of questions more challenging, particularly con-
sidering grades 2 to 10. However, Bambi, Bambi_CL _it,
and Bambi_mc4 exceed the above-chance level in var-
ious grades. In particular, the performance of Bambi,
Bambi_it, and Bambi_mc4 peaks at grade 13, reaching an
accuracy around 0.40.

3.5. Discussion

The Invalsi-ITA benchmark appears to be challenging
for all the models under investigation, as none of them
exceed an accuracy value of 0.60. It should be kept in
mind, however, that Invalsi tests are also challenging for
Italian students [3]. °.

The larger models, i.e., Cerbero-7B, Minerva-7B and
Minerva-7B-it, perform overall better in this benchmark,
especially when they are instruction-tuned. The reason
may lie in the nature of Invalsi-ITA. This benchmark con-
sists indeed of text comprehension items and language
items, which specifically address normative grammatical
rules, instead of the models’ linguistic competence tout-
court. Naturally, models which are exposed to a larger
amount of training data and, even more importantly, to a
large amount of written data, may be facilitated in these
kinds of tasks, either because they have been exposed to
the actual texts used in the benchmark, or because they
are more used to this kind of linguistic input.

Nonetheless, Bambi models exhibit a great improve-
ment in grade 13 with respect to the text comprehension
items, and some of them perform comparably to larger
models with respect to language items (e.g, in grades
2 and 6). These results suggest that compact models,
despite lacking comprehensive world knowledge, can
develop robust grammatical knowledge at early stages
of training. Furthermore, considering binary questions,
most of them, particularly Bambi_CL_it, Bambi_mc4 and
Bambi_mc4_it, perform comparably to larger models in
specific grades despite their compact size and training
constraints, suggesting the potential benefits of a combi-
nation of oral and written training data.

Turning to curriculum learning and instruction tun-
ing, a closer examination of the different Bambi models
indicates that each strategy contributes modest gains,

3Unfortunately, the benchmark does not provide student-level data.
However, the paper describing the original resource [3] includes
a bar plot illustrating the performance gap, which highlights the
challenges faced by Italian students.

particularly in early grades. However, models that com-
bine both strategies, such as Bambi_CL_it, show more
consistent improvements, especially compared to IT-only
variants. This is particularly evident in the case of the lan-
guage items. The pattern implies that CL may enhance
a model’s capacity for subsequent learning, making IT
more effective. This finding aligns with insights from
human developmental learning, where structured pro-
gression lays the groundwork for improved adaptability
and generalization over time *.

These results give rise to some puzzling observations
that merit closer examination. For instance, when com-
paring the Bambi models with their mc4-trained coun-
terparts, substantial differences appear only in grades 2
(although this grade includes only two items) and 6 of the
language items. This prompts the question of whether
using ecologically plausible data is as crucial as often as-
sumed, or if standard training corpora, such as mc4, can
produce comparable results. In fact, the Bambi_mc4 mod-
els perform comparably to other Bambi models in many
settings, indicating that the choice of data alone does not
yeld substantial difference. However, they do not clearly
outperform the Bambi models either: they achieve their
best relative result in grade 5 of the language items, but
in all other grades and tasks they perform worse or at
best match the level of at least one of the Bambi variants.
This pattern suggests that while web training data can ap-
proximate the results of carefully curated child-directed
speech to some extent, it does not consistently provide
an advantage, highlighting the need for a deeper analysis
of the interactions between data quality, structure, and
curriculum learning.

Another notable result is the unexpected jump in per-
formance for the Bambi_CL models in grade 6 with re-
spect to the language items. One possible explanation
lies in the CL learning strategy: although the total num-
ber of tokens processed by these models over multiple
epochs approaches the lifetime exposure of an 18-year-
old adolescent, the absolute size of the Bambi dataset
more closely reflects the typical linguistic input of a child
aged six to eight. This alignment may account for the
relatively strong results in grade 6, which corresponds
to the final portion of the training curriculum. How-
ever, this interpretation does not readily explain another
surprising outcome: in the text comprehension task for
grade 13, the Bambi and Bambi_mc4 models outperform
not only Bambi_CL and Bambi_CL_it, but also larger
models like Minerva and Cerbero-7B. This could be an
artifact of the limited number of items in this grade, but
it highlights an area where further investigation is war-
ranted to understand how data composition, curriculum

*We acknowledge the importance of cross-linguistic validation. To
this end, we have submitted a related study to the third BabyLM
Challenge [28], which is currently under review. Preliminary results
on English show a similar trend.
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pacing, and task type interact in shaping model behavior.

Taken together, these findings highlight several key
insights. First, larger model size alone does not guarantee
superior performance: smaller models can be competitive
in specific cases, particularly in structurally simpler tasks.
Second, apparently, training strategies such as CL and IT
yeld effective improvements only under specific evalu-
ation conditions. Finally, the performance gap between
BabyLM and LLM remains substantial, particularly in
tasks requiring semantic depth understanding or world
knowledge. Closing this gap without compromising cog-
nitive and linguistic plausibility remains a key challenge.
Future work will need to explore new training strategies.
and evaluation frameworks to address it.

4. Conclusion

In this work, we presented an evaluation of six Bambi
model variants alongside five larger models, using the
Invalsi-ITA benchmark, which assesses text comprehen-
sion and linguistic abilities.

This evaluation revealed that larger models are facili-
tated in the text comprehension task, because either they
have already encountered the texts used in the bench-
mark or they are more used to this kind of linguistic in-
put. Nonetheless, smaller but more cognitively plausible
models appear to be facilitated in the learning and gener-
alization processes, as highlighted by their improvement
in higher grades considering both text comprehension
and language items.
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A. Appendix A: Accuracy Values for Invalsi-ITA

Model Grade2 Grade5 Grade6 Grade8 Grade10 Grade13
Bambi 0.28 0.25 0.27 0.23 0.27 0.51
Bambi_it 0.24 0.25 0.21 0.24 0.28 0.51
Bambi_CL 0.27 0.23 0.21 0.22 0.28 0.39
Bambi_CL_it 0.34 0.24 0.27 0.23 0.31 0.45
Bambi_mc4 0.30 0.23 0.25 0.24 0.28 0.48
Bambi_mc4_it 0.28 0.22 0.25 0.23 0.28 0.51
Minerva-3B 0.28 0.22 0.21 0.24 0.29 0.42
Minerva-7B 0.38 0.34 0.44 0.30 0.36 0.45
Minerva-7B-it 0.44 0.40 0.47 0.37 0.40 0.48
Velvet-2B 0.37 0.31 0.44 0.35 0.35 0.51
Cerbero-7B 0.57 0.53 0.53 0.49 0.49 0.39

Table 4

Accuracy achieved by each model in each grade, Invalsi-ITA (text comprehension and language items).

Model Grade2 Grade5 Grade6 Grade8 Grade10 Grade13
Bambi 0.24 0.25 0.26 0.24 0.27 0.51
Bambi_it 0.25 0.26 0.19 0.25 0.30 0.51
Bambi_CL 0.27 0.24 0.16 0.22 0.28 0.39
Bambi_CL_it 0.34 0.25 0.23 0.22 0.32 0.45
Bambi_mc4 0.29 0.23 0.26 0.24 0.27 0.48
Bambi_mc4_it 0.27 0.23 0.23 0.22 0.26 0.51
Minerva-3B 0.28 0.22 0.21 0.21 0.29 0.42
Minerva-7B 0.37 0.34 0.44 0.30 0.37 0.45
Minerva-7B-it 0.43 0.41 0.46 0.37 0.43 0.48
Velvet-2B 0.37 0.33 0.44 0.35 0.37 0.51
Cerbero-7B 0.57 0.57 0.54 0.53 0.53 0.39

Table 5

Accuracy achieved by each model in each grade with respect to the text comprehension items.
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Model Grade2 Grade5 Grade6 Grade8 Grade10 Grade 13

Bambi 0.50 0.23 0.33 0.16 0.26 0.00
Bambi_it 0.00 0.17 0.33 0.21 0.18 0.00
Bambi_CL 0.00 0.19 0.55 0.21 0.28 0.00
Bambi_CL_it 0.00 0.19 0.55 0.26 0.28 0.00
Bambi_mc4 0.50 0.25 0.33 0.24 0.31 0.00
Bambi_mc4_it 0.50 0.23 0.44 0.24 0.36 0.00
Minerva-3B 0.00 0.19 0.22 0.35 0.43 0.00
Minerva-7B 1.00 0.36 0.44 0.27 0.33 0.00
Minerva-7B-it 0.50 0.33 0.55 0.38 0.26 0.00
Velvet-2B 0.00 0.21 0.44 0.36 0.23 0.00
Cerbero-7B 0.50 0.35 0.44 0.38 0.31 0.00
Table 6

Accuracy achieved by each model in each grade with respect to the language items.

Model Binary questions  Multiple choice questions
Bambi 0.49 0.25
Bambi_it 0.48 0.25
Bambi_CL 0.5 0.2
Bambi_CL it 0.53 0.23
Bambi_mc4 0.5 0.26
Bambi_mc4_it 0.51 0.23
Minerva-3B 0.52 0.23
Minerva-7B 0.48 0.31
Minerva-7B-it 0.54 0.38
Velvet-2B 0.51 0.39
Cerbero-7B 0.52 0.52

Table 7
Summary of the accuracy reached by all models for binary and multiple choice questions.

Declaration on Generative Al
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Abstract

The Natural Language Processing (NLP) community has recently begun to engage with endangered languages and dialects
which encode culturally different perspectives and local knowledge. Regardless of the usefulness and applicability of NLP
tools for such languages, creating resources for dialects increases our knowledge of them, encourages the community to
study them further, and supports the preservation of an important heritage. As part of this endeavour, we are focussing on
Sicilian, a dialect spoken in Sicily, with a rich cultural history. Sicilian preservation is crucial to maintaining Southern Italy’s
linguistic diversity. In this paper, we present the first release of a novel treebank called SiciLiAN3BANK. On the one hand, to
improve the usability of this resource and provide access to non-Sicilian speakers, all sentences are linked to their translation
into Italian, resulting in a 1:1 parallel resource. On the other hand, by applying the Universal Dependencies format, a widely
used standard for the annotation of treebanks, we pave the way for data-driven cross-linguistic research. We hope that this
work can serve as a basis for further linguistic research and computational applications for the Sicilian dialect.

Keywords

Sicilian, treebank, parallel texts, Universal Dependencies, translation

1. Introduction

Recent developments in generative Artificial Intelligence
(genAlI) have increasingly highlighted the importance
of taking more into account a larger variety of the lan-
guages spoken in the world. Developing tools and re-
sources to deal with a language has meaningful effects,
among which the most important is an improvement of
the awareness of the underlying cultural heritage, an
aspect that can be crucial for the achievement of bet-
ter performances by Large Language Models (LLMs) in
several tasks.

According to [1], the world’s living languages can be
categorised into 500 institutional languages and a further
6,500 local vernaculars, or oral languages. While institu-
tional languages feature standardised orthographies and
widespread literacy, the local languages include ancestral
languages, with an unbroken history of oral transmis-
sion, and languages in danger of disappearing. Most
Natural Language Processing (NLP) tools and resources
developed until now are almost only for institutional
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languages, since only in the very last years the NLP com-
munity has begun to engage with local and endangered
languages. Therefore the challenges to address are still
many.

In this paper, we focus on the first steps of developing
a resource for one of the most spoken Italian dialects,
which is featured in a long tradition of studies in lin-
guistics, but not considered enough in NLP until now."
The aim of this study goes beyond introducing a specific
novel resource and consists of starting a discussion on the
challenges that can be encountered when NLP meets a
dialect or a language without a standardised orthography
and reference grammar.” Starting this discussion may
be especially relevant in the context of the CLiC-it con-
ference, since Italy is characterised by a one-of-a-kind
linguistic diversity in the European landscape, where
diatopic variation implicitly encodes local knowledge,
cultural traditions, artistic expressions, and the history
of its speakers [3]. With respect to high-resource lan-

IThis paper has been revised for English using the LLaMa 3.3 70B
model through the GPT@JRC platform, an internal JRC testbed for
LLMs [2].

All cited links were last accessed on the 12" of June 2025.
Some of the reported examples have been shortened due to space
constraints.

“In linguistics, the distinction between a language and a dialect
is not always clear-cut and is often influenced by political and
sociocultural factors rather than purely linguistic ones. A dialect
is typically considered a regional or social variety of a language,
but varieties such as Sicilian, which may lack official status or
standardisation, are often labelled as dialects despite possessing
many characteristics of a distinct language. For this reason, we use
the terms language and dialect interchangeably when referring to
Sicilian, to reflect its complex sociopolitical status.
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guages, which have extensive amounts of digital data and
resources available, Italian dialects are under-resourced,
lacking sufficient digital representation and support.

The language observed in our study is Sicilian, as the ti-
tle arbuli sunnu suggests, literally ‘trees (they) are’, show-
ing a common predicate-initial structure. Sicilian is a
vernacular language with local functions that include
intergenerational knowledge transmission. The resource
presented comprises diachronic and diatopic variants,
enabling the analysis of linguistic changes in certain phe-
nomena along these axes. In addition, it features ortho-
graphic variability due to the non-standardised transfer
from oral to written form.

In order to make the resource accessible to a bigger
audience, we provide the Italian translation in a 1:1 align-
ment setting. We decided to translate into Italian rather
than English to underline the importance of mitigating
the over-reliance towards English [4].

It is beyond the scope of this article to cover all the
challenges associated with developing a treebank® for
Sicilian; we focused mainly on the phenomena that have
a major impact at (morpho-)syntactic level. By showing
some of the major challenges in the treebank annotation,
we hope to pave the way for the future development of an
expanded resource and the discussion about the involved
phenomena.

The paper is organised as follows: the next section
(Sec. 2) presents an overview of related work, followed
by Sec. 3, which describes the data collection and anno-
tation process for the first release of the SICILIAN3BANK,
including the translation of Sicilian sentences into Ital-
ian to create a parallel corpus. In Sec. 4 we show the
parallel architecture of the treebank and the annotation
methodology we followed. This section also highlights
the challenges we faced developing a treebank for Sicil-
ian. Finally, the last section (Sec. 5) is about conclusions
and future work.

2. Related Work

This section provides a brief introduction to the Univer-
sal Dependencies (UD) formalism and existing parallel
treebanks in UD, followed by a discussion on language
variation in NLP, with a focus on dialects and, eventually,
on Sicilian.

2.1. Universal Dependencies and Parallel
Treebanks
UD [5] is a framework for annotating morphology and

syntax consistently across languages. In recent decades,
UD has become the de facto standard for treebanks. As its

3A treebank is a corpus enriched with (morpho-)syntactic annota-
tions.

name suggests, UD represents syntax using dependency
trees, instead of constituency trees. This is because de-
pendency trees are perceived as better suited to represent
free or flexible word order languages [6]. Furthermore,
models using dependency representations have achieved
promising results in many NLP tasks (e.g. in machine
translation and information extraction) [6, p. 3].

UD comprises treebanks in more than 100 languages,
including low-resource languages (see sec. 2.2 for a defi-
nition), e.g. Irish, Faroese, Uyghur. Among the UD tree-
banks, there are also parallel treebanks, i.e. treebanks
that have been translated into other languages and sub-
sequently annotated. The biggest effort in this respect
has been done for the PUD treebank [7], which consists
of 1,000 sentences in 18 languages (the majority origi-
nally in English). Translators were asked to opt for the
translation which is fluent but also sharing the most
grammatical features of the original. Another example of
parallel treebanks in UD is ParTUT [8], which contains
sentences from different domains in English, Italian and
French. In ParTUT, the alignment is not 1:1 for all the
sentences [9], though the texts coming from a more for-
mal register, i.e. those from the JRC-Acquis corpus [10],
are almost all aligned 1:1.

The 1:1 alignment has been considered as especially
helpful in learning contexts, and has been therefore ap-
plied in the case of the English Second Language (ESL)
[11] or VALICO-UD [12] treebanks, resources which in-
clude learner texts in English and Italian, respectively.
We decided to follow their example for SICILIAN3BANK,
as it might be used for language learning.

2.2. Language Variation in NLP

It is possible to distinguish two main groups of languages
based on the availability of resources: high-resource lan-
guages and low-resource languages [4]. The former are
languages (excluding sign languages) that have a large
collection of machine-readable texts or, at the very least,
a solid foundation upon which to build corpora, tree-
banks, and similar linguistic resources [4]. These include
English, Mandarin Chinese, Arabic, and French, as well
as Portuguese, Italian, Dutch, Standard Arabic, and Czech
to a somewhat lesser but still significant extent [4]. Many
languages, particularly local varieties and dialects, are at
risk of disappearing in a relatively short time due to the
lack of attention and resources they receive.

In the European context, standard languages exhibit
notable diatopic variation [3]. Failing to prioritise re-
search on language variations in the field of NLP would
mean losing not only the languages as systems of com-
munication, but also the identities, social values, and
heritage of the societies they represent. It is not only a
matter of increasing efforts towards these languages, but
of doing so with an appropriate approach [3]. A shared
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goal should be established, knowledge must be made ac-
cessible to all, and subsequently disseminated beyond
the community itself through engagement initiatives and
the promotion of active participation. In addressing low-
resource and endangered languages a novel approach
would be applied based on respect, cultural awareness,
and sensitivity to the wishes of their speakers.

2.3. Dialects in NLP

Focussing now specifically on dialects, it is important
to note that their marginalisation is not a phenomenon
exclusive to the field of NLP. A negative connotation of
dialects is often rooted in complex historical, social, and
political dynamics. For example in Italy, regional vari-
eties, dialects, and other non-standard linguistic forms
often coexist with the standard language in a situation
known as dilalia [13], where there is not a rigid compart-
mentalisation of the languages, as it happens in diglossia,
but still Italian is preferred in formal and high-prestige
domains, and dialects in informal, everyday, or familial in-
teractions. The significant linguistic loss experienced by
Sicilian and other Italian dialects can also be attributed to
the Fascist dictatorship, which aimed to achieve linguis-
tic unification by suppressing regional language varieties
and all that was perceived as foreign. Furthermore, the
Italian language was instrumental in constructing na-
tional unity, serving as a symbol of collective identity
at the expense of non-standard varieties, which were in-
creasingly marginalised in both institutional and public
domains [3].

One notable effort to address dialects and local lan-
guages is the MaiBaam project, a multi-dialectal Bavarian
UD treebank [14]. It represents the first UD treebank for
the Bavarian language, a West German dialect spoken in
southern Germany, Austria, and northern Italy (South Ty-
rol). The major challenges encountered by the MaiBaam
project authors, which are common issues within this
field, are the difficulty to collect texts and find native-
speaking annotators. While we are facing the former
challenge, we did not encounter the latter, as the major-
ity of our team members are native speakers of Sicilian.
Nevertheless, there remains the necessity for a strong
linguistic knowledge of the dialect being worked on—a
requirement that is uncommon, given that dialects are
rarely studied actively but are instead acquired through
everyday use. The solution adopted by the MaiBaam
group to adress this issue is making their work publicly
available, which enables them to engage with the pop-
ulation and collect contributions from the community.*
The Bavarian dialect is also represented for tasks such

*Apart from sharing our resource, we mitigated this also during the
annotation process by making it the most objective as possible by
using shared resources.

as Named Entity Recognition (NER) and Dialect Identifi-
cation (DID), thanks to BarNER, a medium-sized corpus
collecting Wikipedia and tweets data [15]. The authors in
[16] show how such resources can be effectively utilised
in NLP.

A similar initiative is the COSER-UD treebank [17],
the first syntactically annotated corpus of spoken penin-
sular rural Spanish distributed within the UD frame-
work [18]. The treebank addresses features such as
word-order flexibility, ellipses, disfluencies, and collo-
quial expressions, critical for accurately representing
morphosyntactic variation in oral communication.” By
focussing on rural dialects beyond urban linguistic norms,
COSER-UD enhances the diversity of linguistic data avail-
able to NLP and supports sociolinguistic preservation of
under-represented varieties. The COSER-UD resource
has supported the development of tasks such as Part-
of-Speech (PoS) tagging, where models adapted to ru-
ral speech have been evaluated against a gold-standard
dataset of over 13,000 sentences. Furthermore, the dataset
has been used to test automatic speech recognition tools
on dialectal Spanish audio [19].

Another noteworthy project is the East Cretan Tree-
bank [20]. It was built from audio material of folkloric
narratives collected from radio broadcasts, which were
transcribed and annotated according to the UD frame-
work. The treebank annotates dialect-specific features,
such as euphonics and voicing phenomena, which are
represented using dedicated tags and treated as distinct
tokens in the annotated data. The East Cretan Treebank
has been used for two main NLP tasks: PoS tagging and
dependency parsing. Both tasks were addressed via fine-
tuning of the Greek BERT model, using either exclusively
the Eastern Cretan corpus data or in combination with
data from the GUD, a treebank for Standard Modern
Greek [21].

Focussing on Italian dialects, a treebank for Ligurian
[22] is available in the UD repository which is the first-
ever digital corpus of that language, comprising 316 sen-
tences and 6,928 tokens. Like Sicilian, Ligurian is a mi-
nority variety within the Italian linguistic landscape and
faces many challenges due to its low-resourced status.
The project shares similar goals with ours, aiming to
promote research and NLP development for endangered
dialects, with a focus on supporting language preserva-
tion. The study also addresses orthographic aspects of
the Genoese variety of the Ligurian dialect. The treebank
was used for parsing experiments, and despite the per-
formance of the parser is lower than those trained on
high-resourced languages, the results obtained are in line
with or superior to other small-scale corpora, confirming
annotation consistency.

>Additional information can be found at https:/github.com/
UniversalDependencies/UD_Spanish-COSER.
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The UD repository also includes a small Neapolitan
treebank that contains only 20 sentences, corresponding
to 197 tokens and 199 syntactic words’.

As far as Sicilian is concerned, a particularly interest-
ing project is the one carried out by Arba Sicula’ [23],
which presents the first neural machine translator for
the Sicilian dialect based on a deep-learning transformer
model fed with Sicilian sentences augmented using back-
translation [24] to cope with the lack of resources. The
results were evaluated using the BLEU score metric and
yielded scores of 35.0 for English>Sicilian and 36.8 for
Sicilian>English. The project was later expanded into a
multilingual translation system by incorporating Italian,
using techniques such as transfer learning.

2.4. Studying Sicilian

When approaching the creation of a treebank for a dialect,
one must come to terms with the absence of an ortho-
graphic standard and norms to regulate its development.
Sicilian, as well as other dialects, exhibits great variabil-
ity, especially at the diachronic and diatopic levels. To
deal with these critical issues, we adopted a combined ap-
proach, drawing on different grammars and dictionaries
of Sicilian and comparing them. In general, the grammars
proved to be very useful to explain several phenomena
and guide their representation in SICILIAN3BANK. How-
ever, for a few especially challenging issues, those for
which we found a discordance of opinions reported in the
grammars, we provided solutions based on our intuition
of native speakers and consulting a linguist expert on
Sicilian. We carefully discussed them and kept track of
our motivations in the annotation guidelines.

For the purpose of lexical consultation and to handle
different word forms, some online tools were used, such
as Wikizziunariu®, Glosbe’, Napizia-Chiu dd Palora 10
Salviamo il siciliano'', plus social posts and blogs, demon-
strating the importance of leveraging every available re-
source for dialectal language research and preservation.
In addition, we consulted Nuovo vocabolario siciliano-
italiano by Antonio Traina [25], selected for its breadth
and accuracy, and various other dictionaries [26, 27, 28].

Several grammars from various time periods were also
consulted [29, 30, 31, 32, 33, 34, 35, 36, 37], in order to
gain a comprehensive understanding of the language also
on diachronic aspect. Consulting these works revealed

®The few information about this resource can be found at https:
//github.com/UniversalDependencies/UD_Neapolitan-RB.

7 Arba Sicula is a non-profit international organisation that promotes
the language and culture of Sicily https://arbasicula.org/.

8 Available here: https://scn.wiktionary.org/.

? Available here: https://it.glosbe.com/.

10 Available here: https://www.napizia.com/cgi-bin/cchiu-da-palora.

pl
" Available here: http://www.salviamoilsiciliano.com/come-si-dice/
dizionario/.

significant variability in the treatment of linguistic phe-
nomena. On the one hand, some grammars document
some phenomena in detail, while in others they are com-
pletely absent. On the other hand, some phenomena are
mentioned in all grammars but treated differently. It was
therefore necessary to make a choice based on a critical
comparison of the sources and data available to us. It
should be noted that, as it is common in the development
of resources from scratch, some decisions were taken
based on the limited set of examples currently included
in the treebank. In future extensions of the resource,
new comparisons with additional instances of the same
or similar phenomena may prompt a revision of certain
annotation choices.

3. Data Collection and Translation

In the development of a treebank, the first step to be
addressed is the collection of texts to be later annotated.
When the objective is a parallel treebank, texts must be
made available in at least two languages. For the develop-
ment of the first release of the SIcILIAN3BANK' we col-
lected a group of open source texts available on the web
(sec. 3.1), and we applied to these texts a semi-automatic
procedure to obtain their Italian version (sec. 3.2).

3.1. Data Collection

The first of the challenges we encountered was finding
suitable texts and sources for building the treebank. We
constrained our search to literature, but we do not ex-
clude to include other genres in future enlargement of the
resource, e.g. including the Sicilian pages of Wikipedia."
We started our search based on the criterion of contem-
poraneity, that is, we sought texts modern and reflecting
language use consistent with present-day Sicilian. A
useful source has been Panzaredda website."* From this
source, we retrieved two of the three texts of our cor-
pus: U cuntu di Purpu® and Amara Sapi - Capitulu Unu,
U Zuccu'. These texts do not indicate the geographic
origin of the authors or the dialectal variety, which pre-
vents us from declaring with certainty the provenance
of these texts. However, based on a lexical analysis of
the terms used, it is likely that the first text comes from
the Agrigento area and the second from the Catania area.
The third text is a collection of 18 diatopic variants'’ of

12\We plan to release it in the next official UD treebank release.

3Main page: https://scn.wikipedia.org/wiki/PAaggina_principali.

! Available here: https://www.panzaredda.com/.

15 Available here: https://www.panzaredda.com/post/
u-cuntu-di-purpu, written by Alesci Mistretta.

16 Available here: https://www.panzaredda.com/post/
amara-sapi-capAntulu-unu-u-zuccu, by Goetia.

"This paper focuses on 17 tales from the collection, excluding the
18" tale as it is entirely written in Italian. Some parts of the 17
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the legend of Colapisci, a very well-known folktale in
Sicily, narrating the story of a merman.

In the CoNLL-U file of SICILIAN3BANK, a comment line
has been added at the beginning of each text, containing
information regarding the text’s diatopic variant and
publication year. In the specific case of Colapisci, this
information is provided at the beginning of each story.

3.2. Creating the Parallel SiciLIAN3BANK

In this section, we present the challenges of LLMs in
translating the selected texts from Sicilian into Italian,
and the translation principles we applied for manually
correcting the automatic translations.

3.2.1. GenAl for Automatic Sicilian>Italian
Translation

To translate the Sicilian texts into Italian, we exploited
LLMs to obtain a first version, which was then manu-
ally revised by Sicilian native speakers.'"” We decided
not to use machine translation-specific systems, because
they usually do not cover dialects, and when they do, e.g.
Google translate, their performance is low, as verified
at a first qualitative check on our texts. We preferred to
use general-purpose LLMs, as this might be the start of a
more systematic study on LLMs abilities with translation
of low-resource languages. The machine translated ver-
sions were produced in three different settings, giving the
whole text in the prompt and asking for the translation,
giving a sentence at a time with the whole text as con-
text and giving each sentence in isolation."”” These three
versions have been produced for each of the three LLMs
tested, i.e. Mistral 3 Small, LLaMA 3.3 70B and GPT-40
models. These models were accessed using GPT@JRC, a
tool that enables the use of genAl models in a safe and
AlI-Act compliant environment [2], and using standard
settings (e.g. temperature 0.7). Despite the three texts
having different lengths (from less than 2k to more than
5k tokens), this did not influence the translation quality,
though only qualitatively evaluated, especially in the set-
ting asking for the translation of the whole text together,
which is the one producing the best translations. This
means that the degradation of performance reported in
the literature about LLMs [38] (using automatic metrics
such as BLEU) is not visible with our qualitative evalu-
ation. In particular, reviewing the translations, it was
observed that the best translations were generated by
Mistral for the texts Amara Sapi and U Cuntu di Purpu,

collected tales contained Italian sentences, particularly in expla-
nations of details or cross-references to similar versions. These
sections were not included in the corpus.

8The first authors of this paper.

1%We are aware that giving the whole text as a context per sentence
is not efficient considering computation costs, but we tried this
setting as we had only three texts.

whereas for Colapisci, the most satisfactory version was
the one produced by GPT-40.”

We considered subjective qualitative evaluations of the
overall quality of the translation, focussing on the rela-
tionship between fidelity to the original text and fluency
of the translated text. Notably, despite not being specifi-
cally trained on dialect data, the LLMs demonstrated a
remarkable ability to generate meaningful translations,
producing a fluent and largely accurate output in both
cases.”’ However, some inaccuracies regarded: (i) Un-
translated or roughly translated terms—nouns in particu-
lar are the most difficult to translate and required manual
corrections and lexical consultations; (ii) Cultural and
linguistic nuances not correctly identified and translated,;
(iii) Inconsistencies in subject-verb agreement, especially
in translations produced by Mistral, and the use of verb
tense, which impaired temporal coherence; (iv) Omitted
content—a few cases were observed where the models
failed to translate parts of the text, producing incomplete
results and requiring manual intervention.

3.2.2. Translation Choices

We created fluent translations into Italian, opting for
the variant that has the most grammatical features of
the original, when possible, as in the PUD treebank [7].
Nevertheless, fully rendering the meaning of certain ex-
pressions in the translation has been challenging. We
have indeed encountered words that did not have an
equivalent in Italian, or had one or more meanings. For
example, in U cuntu di Purpu, the nickname of the main
character, ‘Purpu’®, literally means ‘octopus’, but it is
commonly used also to offensively indicate homosex-
ual people. Nowadays, in the translation literature, it is
commonly agreed that proper names are not translated,
unless they carry a meaning or the target audience re-
quires it. A thoroughly studied case is the translation of
names in Harry Potter [39, 40], where localisation seems
to be the most adopted technique. Since our primary aim
is not translation, we decided to opt for a one-size-fits-all
strategy instead of localisation, which involves an ad hoc
solution for each different case: proper names were not
translated, even when they carried meaning. However,
in the document with the whole translated text, provided
in the resource repository*’, we added footnotes provid-

27t must be noted that safety filters were triggered in some cases,
especially in the short story U Cuntu di Purpu, as it is mentioned a
dead body. This hindered the possibility for a full comparisons of
the models and settings.

#Qualitatively better than translations obtained using Arba Sicula
translator or Google Translate (Sicilian>English).

#8ee https://it.wiktionary.org/wiki/purpu for the translation
of the term and this Quora thread https://it.quora.com/
Perché-in-Sicilia-gli-omosessuali-vengono-chiamati-purpi for a
discussion of its common use.

2 Available here: https://github.com/ElisaDiNuovo/Sicilian3bank.
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ing translation and further explanation where necessary.
Other examples of proper names we met in the texts in-
cluded in the SiciLiAN3BANK—which are known in the
translation literature as challenging since rich in social,
geographical, or cultural references—are ‘Liotru’ (from U
Cuntu di Purpu), literally translatable as ‘elephant’, but
also bearing a reference to the city of Catania, that any
Sicilian reader would also recognise; “Zuccarata’ (from
Amara Sapi), which is not only an affectionate epithet
used to describe a person, but also the name of a tradi-
tional dessert typical of the region.

A different approach was taken with the toponyms
that had a direct equivalent in Italian, which were indeed
translated, e.g. Missina, Turri di Faru, and Napuli (from
the text Colapisci), rendered respectively as Messina,
Torre Faro, and Napoli. Finally, fictional toponyms, such
as Cirasitu, found in the text Amara Sapi, was Italianised
as Cirasito, however the Italian reader would lose the
reference to cherries.

4. SICILIAN3BANK in UD

In this section, we describe the annotation process and
the challenges we faced in applying the UD format to our
collection of texts described in Sec. 3. All the annotation
choices are documented in the annotation guidelines,
provided in the resource repository.

4.1. Parsing Sicilian in UD

There is no annotated resource or treebank in UD format
for the Sicilian dialect. Based on the supposed similarity
of Sicilian with Italian and the availability of UD tree-
banks for this latter, we decided to create a first draft of
the Sicilian annotated data using the models for Italian,
expecting to find a significant amount of errors in the
output to be manually corrected. We selected the mod-
els trained on ISDT [41] and POSTWITA [42] treebanks,
which are the biggest resources for Italian available in the
UD repository, and we have a performance evaluation
of these models in non standard Italian texts (i.e. [12]).
A preliminary comparison of the outputs generated by
UDPipe? trained on them showed that the model based
on ISDT outperforms that based on POSTWITA in deal-
ing with Sicilian data. We started therefore the manual
check and correction of the output of UDPipe trained on
ISDT, feeding it with gold sentence segmentation.”’

The three first authors, all native Sicilian speakers
skilled in linguistics and computational linguistics, car-
ried out this manual revision of the automatic annotation

2 Available here: https://lindat.mff.cuni.cz/services/udpipe/.

“For sentence segmentation we followed the VALICO-UD project,
which does not split sentences on colons and treats direct speech
as single segment.

leading to the first version of the SiciLIAN3BANK. The
tool used for the correction was Arborator [43].”° Each
of the three texts was annotated by one annotator. The
annotation was reviewed by a second annotator. Problem-
atic phenomena were discussed by the three annotators
together, and specific cases also with the rest of the au-
thors.”’ In Table 2 in Appendix A we report an example
of the CoNLL-U file for a Sicilian sentence of the tree-
bank, featuring a comment line with the Sicilian text, and
the aligned Italian translation.

When it comes to this parallel dataset composed of
the translations into Italian of the Sicilian sentences (de-
scribed in Sec. 3), the same parsing approach has been ap-
plied, thus creating the Sicilian-Italian parallel treebank.
Nevertheless, considering that our main focus is on the
Sicilian dialect, we decided to concentrate our current
efforts on the creation of the parallel data (translation
into Italian) and the manual correction of the annotation
of the Sicilian data, carefully checking them both, and
planning instead the manual check of the annotation of
the Italian parallel data of the SicIiLIAN3BANK as a fu-
ture work. This is further justified as automatic parsers
for Italian are considered good enough, although some
marginal phenomena still are consistently wrongly an-
notated [44, 12]. The next section is therefore focused on
the analysis based on the Sicilian data only.

4.2. A Quantitative Analysis of the
Sicilian Data

After the manual check and correction, the Sicilian re-
source annotated in CoNLL-U format consists of a total
of 505 sentences and 11,709 tokens (Table 1). Each an-
notated sentence of each of the three texts presented in
Sec. 3.1 includes a comment text line that reports the sen-
tence in Sicilian dialect followed by a comment text line
containing the translation into Italian. Following this,
the UD annotation of the sentence is provided organised
in the ten columns typical of this format (Table 2).

Text Number of sentences | Number of tokens

Amara Sapi 246 4723

Colapisci 179 5092

U cuntu di Purpu 80 1894

Total 505 11709
Table 1

The distribution of sentences and tokens in the Sicilian data
of the SICILIAN3BANK.

%We noticed that Arborator (https://arborator.ilpga.fr) allowed to
split tokens only into two, so in case of verb + double clitic we had
to further tokenise manually.

"To further ensure annotation quality, an inter-annotator agreement
score (Krippendorft’s kappa) will be computed for future releases
of the treebank.
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A comparison of the annotation provided by UDPipe
with the manually corrected data enables us to evaluate
the transfer domain abilities of the parsing models when
applied on the Sicilian data. In Table 3 in Appendix A,
we report the scores (precision, recall and F1 for UPOS,
LAS and UAS) obtained by UDPipe models trained on
ISDT and on PoSTWITA. These results confirm that the
model based on ISDT outperforms the other one, but it
must be observed that it may depend at least in part on
the fact that the output of UDPipe trained on ISDT was
the base for the manual correction. The table shows that
the best performance based on ISDT can be referred to
Colapisci (LAS F1 72.87) while the worst to Amara Sapi
(LAS F1 59.80). An in-depth investigation of these results
is beyond the scope of this paper, but will be addressed in
our future work. However, we can qualitatively observe
that the performance of the two models differs for some
phenomena. For example, the model trained on PoST-
WITA was more robust in annotating verbs containing
double clitic pronouns.

4.3. Challenges in Dealing with the
Sicilian Dialect

The approach used for the generation of the annotated
data, based on models available for Italian, has clearly
brought out some characteristics and phenomena that
differentiate Sicilian from Italian. It is in dealing with
these phenomena that the parser has produced more
annotation errors, and it is on them that the work of
manual correction was mostly concentrated.

This section presents some choices we had to make to
deal with some features of the Sicilian texts considered.
In particular, we focus on tokenisation (articulated prepo-
sitions), lemmatisation (orthographic variations of some
pronouns reflecting suprasegmental traits), and syntac-
tic (focussing here on the reduplication phenomenon)
choices.

4.3.1. Tokenisation Issues

A particularly relevant phenomenon that emerged during
the annotation is that represented by articulated preposi-
tions, for which there has been, over time, a process of
grammaticalisation that has determined their evolution.
Generally, many prepositions that in Italian occur in a
unified form have undergone a transformation in Sicilian,
first passing through a disjunct form (Example 1)*, until
arriving at forms with elision (Example 2)*° [34, 31] and,
in more recent times, with contraction (Example 3)30, al-
though the disjunct form is still present, at least in some

English translation: This Piscicola was one from Faro.

PEnglish translation: [...] were embalmed just as they emerged from
the sea.

3English translation: He wiped away his tears with his hand.

areas [33].
(1) # text = Stu Piscicola era unu di lu Faru
# translation = Questo Piscicola era uno del Faro

. -nmod
- (case)
)\ 3\

Stu Piscicola era unu di lu Faru
DET PROPN AUX PRON ADP DET PROPN
chistu Piscicola essiri unu di lu  Faru

this Piscicola was one of the Faro

(2) # text = foru 'mmarsamati propriamenti comu iddhi
nisceru d’ u mari
# translation = furono imbalsamate proprio quando us-
cirono dal mare

‘aux:pass
B

foru 'mmarsamati propriamenti comu iddhi nisceru d’ u

EH

mari

AUX VERB ADV SCONJ PRON VERB ADP DET NOUN
essiri imbalsamari propriamenti comu iddi nesciri di lu  mari
were embalmed right as they came-out from the sea

(3) # text = S’asciucau i lacrimi cA manu
# translation = Si asciugo le lacrime colla mano

cu la

lacrimi
PRON VERB DET NOUN ADP DET NOUN

s’ asciucau i manu

lu manu

hand

lacrima cu
tears with the

si  asciucari lu
oneself wiped the

Contracted articulated prepositions—graphically
marked by the circumflex accent [29, 30, 32]—were split
into two different tokens, as shown in Example 3. In
this way we show, for each articulated preposition,
the morphology attached to it, even in those cases in
which it is not apparently visible, as it is nevertheless
part of its evolution and can be described by formal
rules. A different choice, such as not splitting it into two
tokens, would have highlighted the grammaticalisation
of this particular phenomenon by not splitting it into
two tokens. However, this choice might necessitate
the creation of a specific UPOS, which would hinder
cross-language comparisons.

Similarly the forms nta and nta differ as the former is
a simple preposition, equivalent to in of Italian, while the
latter is the articulated preposition. Depending on the
gender and number of the article, it can be rendered as
nt6 (masculine singular), nté (plural, both masculine and
feminine).

It is worth noting in this regard that the Italian prepo-
sition in can be rendered in Sicilian in various ways, such
as in, ni, nni, nta [29]. The same is true for the Italian
simple preposition da, which in Sicilian occurs in the
forms di, ni and nni [29]. These different forms are re-
flected also in the corresponding articulated prepositions
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(e.g. the Italian preposition nello, such as nté, né and nno).
Please see Sec. 4.3.2, for our lemmatisation choices for
these variants.

The complete scheme of the articulated prepositions
system in Sicilian is presented in Table 4 in Appendix A.

4.3.2. Lemmatisation Issues

Concerning lemmatisation, as Sicilian does not have a
unified orthography—although recent efforts try to stan-
dardise this [32]—in the texts considered there are dif-
ferent variants for the same forms, which try to render
different pronunciations. For example, in the considered
texts there is no consistency in the transcription of the
Sicilian word meaning ‘no one’, nuddu, which is pro-
nounced reproducing a long voiced retroflex stop, but it
is transcribed sometimes as nuddu, other times as nuddu,
stressing the retroflex pronunciation. Other variants of
the same word are nuddru, nuddhu. Since our aim is not
focused on phonetics, we lemmatised these occurrences
without any pronunciation marks, i.e. nuddu, and de-
cided not to uniform the orthographic rendering (i.e. the
form) of this word and similar cases, e.g. ci/cci and ni/nni,
as shown in Examples 4a-4b and 5a-5b, respectively.

(4a) # text = ci succidiu accussi LEMMA ci
# translation = gli successe questo (this happened to him)

(4b) # text = chi cci jemu a fari? LEMMA ci
# translation = che ci andiamo a fare? (what are we going
to do there?)

(5a) # text = ni chiamavanu "’Armali" LEMMA ni
# translation = ci chiamavano "gli Animali" (they called
us "the animals")

(5b) # text = Chi nni putia sapiri iu? LEMMA ni
# translation = Che ne potevo sapere io? (How could I
know about that?)

We applied the same principle to shortened oral vari-
ants of words, e.g. diri (‘to say’) or riri, both of which are
abbreviated forms of diciri. All such variants have been
lemmatised using the extended lemma, such as diciri in
Example 8).

To summarise, the main aim of lemmatisation is to
reduce the sparseness of forms and their variants by
reducing them to a common lemma, regardless of the
causes of this sparseness. Therefore, we have applied the
same strategy used in other resources where sparsity is
determined, for example, by the writing style of the users
(or by errors due to the writing device they use), as in
PoSTWITA[42], to the lemmatisation of SICILIAN3BANK.

4.3.3. Syntax Issues

One of the cases in which we had to take a decision
about a syntactic phenomenon is reduplication, a typical
and widespread phenomenon in the Sicilian dialect [45],
which consists in the repetition of a word, resulting in a

shift or extension of meaning within the sentence. It is
a phenomenon still highly productive in contemporary
Sicilian, as shown by Amenta through the analysis of
a corpus from the Atlante Linguistico della Sicilia [46],
where these forms exhibit neither diachronic nor dias-
tratic variation, thereby confirming the ongoing vitality
of this linguistic process. This phenomenon can involve
the reduplication of a verb to form an adjective or a
noun; a noun to form an adjective or an adverb; and
other PoS [47]. This last pattern, the most frequent in
our texts, reveals several semantic implications, but fre-
quently is used as a locational nominal modifier. In order
to highlight the compound nature of this phenomenon
(in [45, p. 350], it is clearly stated that it is not possible
to interpose any words between the two elements of the
reduplicated construct), we use the relation compound
and the relation obl, in line with UD guidelines, as shown
in Example 6°". In addition we added LOC=adv in the last
column of the CoNLL-U file, as it is done in VALICO-UD,
to indicate that there is an adverbial locution.
(6) # text = avianu truvato campi campi
# translation = avevano trovato tra i campi

avianu truvatu campi campi
AUX VERB NOUN NOUN
aviri truvari campu campu
had  found fields fields

4.4. A Cross-Linguistic Analysis Example

In Sicilian, modal verbs—like the auxiliaries essiri (‘to
be’) and aviri (‘to have’)—can serve two main functions:
they may appear independently with their own lexical
meaning, or they may function as support verbs, combin-
ing with an infinitive (without a preposition) to convey
specific modal values, such as: (i) ability/possibility —
putiri (‘can’); (ii) will/desire — vuliri (‘want’); (iii) obliga-
tion/necessity — duviri (‘must’) or aviri a (‘have to’).

In modern Sicilian, particularly in spoken usage, the pe-
riphrastic construction aviri a + infinitive is commonly
employed to express modal meanings, especially obliga-
tion, replacing the older verb duviri found in Old Sicil-
ian [30] (see Example 7)*°. Within this construction, the
tense of aviri plays a central role in conveying modal
values, whether epistemic or deontic. When aviri ap-
pears in the past remote, its perfective aspect confers an
epistemic meaning, indicating certainty about the event’s
occurrence in the past. In contrast, when aviri is used in
the present or imperfect—both imperfective tenses—the
construction can express either an epistemic sense of
probability or a deontic sense of obligation or necessity.

3 English translation: [...] they had found among the fields.
$English translation: I should listen to you much more often.
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In some cases, especially with the present indicative or
imperfect subjunctive, an exhortative function may also
emerge [48].

(7) # text = T’avissi a ’scutari cchiu assai
# translation = ti dovrei ascoltare molto di piu

(root]
XCom P advmo
ﬂ (mark) advmo

T avissi ’scutari cchitt assai

T1 aviri a ascutari chiu assai
PRON VERB PART VERB ADV ADV
to-you had to listen much more

The annotation in UD of such resource allows for draw-
ing a parallel with other languages. For example, with
the English have to construction, which is similarly used
to express obligation and certainty [49, p. 210]. In the
English UD treebanks to is consistently annotated as a
particle when used in this way (see Example 9a in Ap-
pendix A). We therefore decided to treat the element a,
which is usually tagged as a preposition in our corpus,
as a particle in this specific construction. However, in
Italian avere da can be used with the same meaning (see
Example 9b in Appendix A), but da is not annotated as
particle. This might be due to historical reasons, a differ-
ent function of da in Italian than of to in English, or to
highlight a less grammaticalised relation.

Another periphrastic construction found in the tree-
bank texts is veniri + a + diciri (literal translation into
Italian venire a dire), which can have the meaning of
the Italian verb significare (‘to mean’). In such cases, we
treated it in the same way as the previous one, as shown
in Example 8%,

(8) # text = Chi veni a diri?

# translation = Che significa?

obj

Chi veni a diri ?
PRON VERB PART VERB PUNCT
chi veniri a diciri ?

what come to  say ?

5. Conclusion and Future Work

We can create a world that sustains its languages [50].
Among the concrete actions we can perform to achieve
this goal, there is the possibility of speaking and studying
the original languages of our places.

This paper describes and discusses the issues involved
in the development of the first release of the Sicir-
IAN3BANK. Many are the challenges we have encountered
in dealing with a language which has never been treated
before and which is in addition a dialect, which carries

% English translation: What does it mean?

with it an uninterrupted history of oral transmission but
does not have a standardised form of transcription or
unified treatment of phenomena in grammars.

The project we present here is intended therefore
solely as a preliminary foundation and proposal, which
nonetheless requires substantial further work and numer-
ous improvements. First, the inclusion of more texts and
perform inter-annotator agreement, to verify guidelines
soundness. Second, the corpus enrichment introducing
Italian glosses in the MISC column of the CoNLL-U file.
In the current version, each sentence is accompanied by
a fluent Italian translation in a comment line, we propose
the inclusion of a literal word-for-word translation from
Sicilian into Italian. Although this form of translation
may result in grammatically incorrect or unnatural Ital-
ian, it would provide an almost word-by-word parallel
aligned resource that mirrors the syntactic structure of
the original Sicilian sentences and would facilitate syn-
tactic calque studies. Third, a future objective would be
to manually validate the automatic annotation generated
with UDPipe for the aligned Italian resource as well. This
step is needed to give to the Italian parallel dataset the
same quality we are currently providing for the Sicilian
annotated data. Fourth, another interesting enhancement
might be to systematically include graphic accents on
all verb lemmas, to help reading them, and including in
MISC column of the CoNLL-U file the International Pho-
netic Alphabet transcription. This idea is motivated by
the desire to turn the resource not only into a syntactic
dataset but also into a tool to support language learning,
scientific studies and preservation of Sicilian. Finally, an
aspect we would like to improve in the future concerns
the translation of proper nouns. As already discussed,
we encountered several challenges in translating these
elements, which ultimately led us to the decision not to
translate the proper nouns found in the texts at this stage.
The focus of this work is the development of a Sicilian
treebank, and although a deeper engagement with trans-
lation would certainly have added valuable insights, it
would have diverted attention from the project’s primary
objective. We therefore plan to revisit this aspect in a
later phase of the project.
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A. Appendix

#sent_id = 35
# text = Nuddu di nuiautri sapia soccu fari.
# translation = Nessuno di noi sapeva cosa fare.

1 Nuddu nuddu PRON Pl Gender=Masc|Number=Sing|PronType=Ind 4 nsubj _

2 di di ADP E _ 3  case _

3 nuiautri  nuiautri  PRON PE Number=Plur|Person=1|PronType=Prs 1 nmod _

4 sapia sapiri VERB \ Mood=Ind|Number=Sing|Person=3|Tense=Imp|VerbForm=Fin ~ 0  root o

5  soccu soccu PRON PQ Number=Sing|PronType=Int 6 obj _

6 fari fari VERB \ VerbForm=Inf 4  ccomp _  SpaceAfter=No
7 . . PUNCT FS _ 4  punct _  SpacesAfter=\r\n

Table 2

Exemplification of line comments and fields in the treebank CoNLL-U file. The first column contains the token IDs, the second
the token form, the third the lemmas, the fourth the UPOS (i.e. the Universal Part of Speech, which is in common to all
the languages covered in UD), the fifth, the XPOS (language specific PoS), the sixth the morphological features, the seventh
the dependency head, the eighth the syntactic relation, the ninth is left blank as it is used for enhanced dependencies, not
annotated in this treebank, and the last and tenth column for miscellaneous information.

Text Model Metrics | Precision | Recall | F1 Score
Tokens 97.65 97.54 97.59
ISDT UPOS 79.59 76.48 78.00
UAS 71.52 68.73 70.10
Amara Sapi LAS 61.02 58.63 59.80
Tokens 93.45 88.41 90.86
UPOS 69.84 63.57 66.56
POSTWITA LAS 62.13 56.56 59.21
UAS 51.66 47.02 49.23
Tokens 93.56 96.59 95.05
ISDT UPOS 82.61 84.49 83.54
UAS 78.43 80.22 79.31
Colapisci LAS 72.06 73.60 72.87
Tokens 91.23 92.04 91.63
UPOS 77.64 77.59 77.61
PoSTWITA UAS 72.24 72.20 72.22
LAS 65.38 65.34 65.36
Tokens 99.89 99.77 99.83
ISDT UPOS 86.78 84.34 85.55
UAS 76.46 74.31 75.37
U cuntu di Purpu LAS 68.35 66.43 67.37
Tokens 97.26 94.56 95.89
UPOS 79.84 75.52 77.62
POSTWITA 1 Uas 69.23 65.49 67.31
LAS 61.36 58.05 59.66

Table 3
Evaluation of the two models trained on ISDT and PoSTWITA output against the manually corrected CoNLL-U files, considering
precision, recall, F1 of tokenisation, UPOS, UAS (i.e. unlabelled attachment score) and LAS (i.e. labelled attachment score).
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Articulated prepositions | Composition Lemmas Feats

da di+lu di+lu Definite=Def|Gender=Masc|Number=Sing|PronType=Art

da di+la di+lu Definite=Def|Gender=Fem|Number=Sing|PronType=Art

di di+li di+lu Definite=Def|Gender=Masc/Fem|Number=Plur|PronType=Art
0 a+lu a+lu Definite=Def|Gender=Masc|Number=Sing|PronType=Art

a a+la a+lu Definite=Def|Gender=Fem|Number=Sing|PronType=Art

é a+li a+lu Definite=Def|Gender=Masc/Fem|Number=Plur|PronType=Art
n6/nnd/ntd ni+lu/nta+lu | ni+lu/nta+lu | Definite=Def|Gender=Masc|Number=Sing|PronType=Art
na/nna/nta ni+la/nta+la | ni+lu/nta+lu | Definite=Def|Gender=Fem|Number=Sing|PronType=Art
né/nné/nté ni+li/nta+li ni+lu/nta+lu | Definite=Def|Gender=Masc/Fem|Number=Plur|PronType=Art
ka/ch cu+lu cu+lu Definite=Def|Gender=Masc|Number=Sing|PronType=Art
ka/ca cu+la cu+lu Definite=Def|Gender=Fem|Number=Sing|PronType=Art
ki/chi cu+li cu+lu Definite=Def|Gender=Masc/Fem|Number=Plur|PronType=Art
pa pi+lu pi+lu Definite=Def|Gender=Masc|Number=Sing|PronType=Art

pa pi+la pi+lu Definite=Def|Gender=Fem|Number=Sing|PronType=Art

pi pi+li pi+lu Definite=Def|Gender=Masc/Fem|Number=Plur|PronType=Art

Table 4

Scheme of the Sicilian articulated preposition system. Gender=Masc/Fem for example in the third row indicated that the
same articulated preposition is used referring to masculine and feminine nouns, and its gender can only be distributionally
understood.

(9a) [From EWT treebank]
# sent_id = weblog-blogspot.com_alaindewitt_20060827093500_ENG_20060827_093500-0017

# text = The wedding had to be postponed as family members fled the outbreak of the war, she said.

The wedding had to be  postponed
DET NOUN VERB PART AUX VERB
the wedding have to be postpone

(9b) [From ISDT treebank]
# sent_id = isst_tanl-1497
# text = ho da dire anche molte cose che avrei da dire contro me stesso

. (ackrelcl) (ob)
da

mark

ho da dire  anche molte cose che avrei dire contro me stesso
VERB ADP VERB ADV DET NOUN PRON VERB ADP VERB ADP PRON ADJ
avere da dire  anche molto cosa che avere da dire contro me stesso
have to say also  many  things that  would  to say  against me self
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Abstract

Natural language processing (NLP) has made significant improvements in recent years, primarily driven by the latest
advancements in deep learning technologies and the increasing availability of large-scale linguistic resources. Nevertheless,
such advancements have mostly benefited high-resource languages, leaving many minority and underrepresented languages
at the margins of computational linguistics research. Sardinian, the native language of the island of Sardinia, exemplifies this
disparity. Indeed, despite its cultural and linguistic value, there is a lack of proper resources, annotated corpora, and NLP tools.
This work proposes a Part-of-Speech tagging system for Sardinian characterized by methods consistent with its morphological
specificity. The system integrates a BERT-based token classifier capable of assigning a grammatical category to each input
word in a sentence. The classifier was trained on a balanced, manually-annotated corpus, and its performance was evaluated
using standard machine-learning-oriented performance metrics (Accuracy, F1-score, Recall, and Precision). Experiments

show that pre-trained architectures such as BERT remain effective even for languages with limited data availability.

Keywords

Low-resource languages, Part-of-speech tagging, Language models.

1. Introduction

Recent scientific advances in language models (LMs) and
natural language processing (NLP) have contributed to
the development of sophisticated technologies for gen-
erating, analyzing, and interpreting the world’s major
languages. In such a context, large language models
(LLMs), such as GPT-4 [1], Llama-3 [2], and Phi-4 [3],
have shown strong proficiency across a wide range of
language-related tasks [4], including tasks such as sen-
timent analysis [5, 6], text classification [7, 8], text sum-
marization, and part-of-speech (PoS) tagging [9].
However, despite their increasing effectiveness, LLMs
still present limitations in performing several NLP tasks
[10]. In particular, they struggle when the task concerns
minority and/or low-resource languages, which often
exhibit distinctive linguistic features that make them a
subject of special interest for linguists. However, linguists
rarely have access to automated tools and resources that
facilitate in-depth studies, as these minority and/or low-
resource languages are often underrepresented in the
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digital domain and thus inadequately, or even entirely,
unknown to most models. Indeed, in this scenario, tools
that support linguistic analysis, such as PoS taggers, re-
main scarce or nonexistent, limiting the ability of lin-
guists to study the features of such tools at scale. More
specifically, PoS tagging aims to assign a grammatical
label to every word in a sentence to facilitate the study
of its grammatical structure. This task is crucial for ana-
lyzing the multifaceted nature of a given language.

Sardinian, a Romance language spoken primarily on
the island of Sardinia (Italy), stands out as a notable case
study of low-resource language. Indeed, its rich morpho-
logical structure and its classification as an endangered
language have attracted increasing attention in linguistic
preservation and digital humanities [11]. In this direc-
tion, the present work describes the creation and the
evaluation of an automatic Sardinian PoS tagging model.
The methodology relies on fine-tuning a BERT-based lan-
guage model [12] using a corpus manually annotated
by linguists specializing in Sardinian. The experimen-
tal phase includes the analysis of the hyperparameters
and the monitoring of machine-learning-oriented per-
formance metrics. The proposed approach provides a
foundational methodology that can be adapted to develop
similar tools for other low-resource languages.

The remainder of this paper is structured as follows:
Section 2 describes the state of the art; Section 3 provides
a mathematical formulation of the problem and a descrip-
tion of the proposed approach; Section 4 illustrates the
results; and finally, Section 5 concludes the work.
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2. Related Work

This section provides an overview of the state of the art
in PoS tagging for low-resource languages, followed by
a description of the work carried out for the Sardinian
language in the context of NLP. The PoS tagger is an NLP
tool that assigns a grammatical label to each word in a
sentence, thus enabling the identification of the function
of each word in that sentence. This tool facilitates syntac-
tic analysis and provides fundamental support for devel-
oping any low-resource language, including Sardinian,
by automating linguistic analysis in contexts where struc-
tured linguistic resources are lacking.

In recent years, numerous approaches have been ex-
tensively investigated, with the aim of developing auto-
matic tagging systems or augmenting training corpora
to enable high-accuracy, high-efficiency grammatical an-
notation at the sentence level. In the context of low-
resource languages, where typically scarce data is pub-
licly available, data from more widely known languages
similar to the target language is usually employed; one ap-
proach following this direction involves the use of Hidden
Markov Models (HMMs), in which the PoS tagging task
is modelled as a sequence-to-sequence problem [13, 14].
HMMs are first trained on a language with large amounts
of annotated data, followed by a model that transfers the
learned information to the target language of interest.
Different approaches that fill the gap in labeled data are
based on adopting unsupervised learning techniques to
group words within sentences, annotate them, and then
assign a label [15, 16]. Moreover, the problem of PoS tag-
ging is sometimes interpreted as a classification problem.
For example, several works proposed to first train fully-
connected neural networks (FNNs) and long short-term
memory (LSTM) models on annotations projected into
English and, subsequently, adapt them to the tags of the
target low-resource language [17, 18, 19].

The aforementioned works build upon resources from
other languages to create the PoS taggers; alternative
methods focus on optimizing the limited availability of
data for the target language to achieve equally good re-
sults. An example is provided by a model that utilizes
translations of parts of the Bible to train PoS taggers by
aggregating tags from multiple annotated languages and
spreading them through word alignment within the text
[20]. Furthermore, different deep learning models have
been evaluated to build a PoS tagger for the Albanian
language [21], which is a low-resource language as well.

To the best of our knowledge, no prior studies describe
a PoS tagger for the Sardinian language. Recent work
has introduced a linguistic resource designed to identify
semantic relationships between Sardinian words through
manual mapping of existing WordNet entries to Sardinian
word meanings [22]. However, this resource does not
include any tools for automatic linguistic annotation.

3. Methodology

This section describes the methodology followed to build
and evaluate the PoS tagger for the Sardinian language.
The section is organized as follows: first, the problem is
formulated mathematically; subsequently, an overview
of the entire methodology is provided; then, an analysis
of the data used to build the PoS tagger is conducted;
finally, the fine-tuning technique employed is presented.

3.1. Problem Formulation

Mathematically, lets € S be a sentence belonging to a set
of sentences; then s can be identified as a vector whose
entries represent the words included in the sentence s =
[wi,...,wn], withm € N*. Therefore, a PoS tagger
can be defined as a function f expressed as:

f:S§—T
s— f(s) =t =[t1,...,tm]

where ¢; € U identifies the tag, i.e., a grammatical
label, of the j-th word and is chosen from a specific tagset
U, and T is the set of vectors whose entries contain the
tag of each word in a sentence.

In this work, from an application point of view, the
problem of estimating the function f defined above is
interpreted as a classification problem, and therefore, it
is solved by training a specific classifier. Given a dataset
D = {s,t|s € S,t € T} that includes sentences and
their respective tags, the objective is to optimize the pa-
rameters of a classifier so that it accurately assigns the
correct grammatical tag to each word in a sentence.

3.2. Methodology Overview

Figure 1 illustrates the workflow followed to develop the
Sardinian PoS tagger proposed in this study.
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