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Abstract

Distributed representations are increasingly
used in NLP to study how language varieties
relate. Italian dialects offer a particularly rich
testbed: a deep, well-documented continuum
shaped by centuries of cross-linguistic contact.
Yet no systematic cross-method comparison ex-
ists for these varieties. We compare six rep-
resentation families (TF-IDF, Word2Vec, Fast-
Text, XLM-R, CANINE, LaBSE) on 17 vari-
eties (six Italo-Romance dialects, eleven com-
parison languages), training on Wikipedia and
OLDI text, evaluating on the parallel FLORES+
centroids, and comparing the resulting dis-
tance matrices against a documented historical-
influence reference and a lexicostatistical gold
(LDND, Swadesh-207). All three pretrained
models collapse the dialects zero-shot; after
dialect adaptation, only character-level CA-
NINE remains usable (p = .725). Surface
methods recover linguistic structure better than
pretrained encoders overall: character TF-IDF
reaches p = .905 against LDND. The strongest
findings come from cross-method agreement,
which separates robust linguistic patterns from
single-method artefacts.

1 Introduction

The Italian peninsula hosts a deep dialect contin-
uum shaped by Latin descent, Romance neigh-
bours, and centuries of external contact. We focus
on six varieties from this continuum (Friulian, Lig-
urian, Lombard, Sardinian, Sicilian, Venetian), all
low-resource, lacking standard orthographies and
barely covered by mainstream multilingual models.

We ask one question: do different embedding
families agree on which Italo-Romance dialects
pattern with which other languages, and do those
patterns reproduce established linguistic refer-
ences? We hold variety set, training data, and eval-
uation fixed and vary only the representation. Six
families (TF-IDF, Word2Vec, FastText, XLM-R,
CANINE, LaBSE) train on Wikipedia and OLDI;

pretrained encoders are tested both zero-shot and
after dialect-targeted continued training. Every
model is evaluated on the same 1,827 parallel
FLORES+ centroids of 17 varieties (the six di-
alects above plus eleven comparison languages
from neighbouring Romance, Germanic, Slavic,
and Uralic families) against a lexicostatistical gold
(LDND) and a historical-influence reference.

Our contributions are three. (i) A reproducible
benchmark on 17 varieties, built on carefully
cleaned Wikipedia data and manually reviewed par-
allel corpora.! (ii) Surface methods outperform pre-
trained encoders (p = .905 for character TF-IDF
against LDND), and only character-level CANINE
remains usable among the pretrained after dialect
adaptation (p = .725). (iii) Cross-method compar-
isons (silhouette, nearest-neighbour tables, Mantel
correlations) that identify which dialect patterns
are robust across architectures.

2 Data

Dataset choice is crucial for low-resource varieties,
so we screen the available resources against three
requirements. First, volume: each variety needs
enough text to estimate stable representations. Sec-
ond, comparability: distances between varieties
only make sense on the same content, otherwise
they reflect topical differences rather than linguistic
ones. Third, signal density: modelling similarity
requires sentences with real linguistic content, not
boilerplate. Only three corpora jointly satisfy these
requirements. Wikipedia dumps supply the only
realistic source of large-volume monolingual text
for Italian dialects, with per-variety sizes ranging
from tens of thousands to over a hundred thousand
sentences. FLORES+ (NLLB Team, 2024) con-
tributes 2,009 sentences professionally translated
across hundreds of varieties, giving a fully parallel
evaluation set. OLDI Seed (NLLB Team, 2024)

!'Code and outputs at github.com/sstraccialini/dialects.
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adds 6,193 parallel sentences across the dialects,
which we use as training material and as an addi-
tional parallel anchor.

The intersection of the three sources fixes our
dialect inventory at six Italo-Romance varieties:
Friulian, Ligurian, Lombard, Sardinian, Sicilian,
and Venetian. We pair them with eleven compari-
son languages spanning the historical, geographic,
and genealogical neighborhood of Italy: sibling Ro-
mance varieties (Italian, Spanish, French, Catalan,
Portuguese, Occitan); Germanic languages (Ger-
man, English); and the Slavic contact zone along
the eastern border (Slovenian, Croatian). Hungar-
ian enters as a control: a Uralic isolate should ap-
pear at the far end of any genuinely linguistic simi-
larity measure.

2.1 Cleaning and normalization

Our cleaning operationalises the signal-density re-
quirement at the sentence level: keep sentences that
carry linguistic signal, drop those that do not.

For Wikipedia, we extract the raw dumps
and assemble a sentence-level dataset through a
pipeline that combines the cleaning steps from
Camposampiero et al. (2022) and Jauhiainen et al.
(2022) with our own additions. Dialect Wikipedias
include considerable bot-generated content and
templated articles. So we first apply length and
structure filters, then manually inspect the surviv-
ing files to identify recurring patterns and add per-
variety blocklists. Comparison-language dumps
go through the same pipeline without per-variety
blocklists: they are larger and less dominated by
templated content. Sentence- and prefix-level dedu-
plication close the pipeline. After cleaning, the six
Wikipedia corpora range from roughly 22k (Friu-
lian) to 128k (Lombard) sentences; comparison-
language Wikipedias are all far larger.

The smaller size of FLORES+ and OLDI Seed
makes manual review at the sentence level feasible.
The parallel structure makes it cheap: a single de-
cision on the Italian source line, the authors’ native
language, propagates to all aligned variety columns.
Indeed, a meaningless, foreign-language, or overly
technical Italian sentence cannot yield meaningful
dialect signal. All five authors independently re-
view the parallel corpora. We drop any sentence
flagged by at least three reviewers and discuss those
flagged by two before resolving. We apply three
jointly agreed rules: (i) drop outright junk; (ii) drop
sentences too short to carry structural information;
(iii) drop sentences with little usable lexical con-

tent, such as heavily domain-specific material or
text dominated by proper nouns, foreign names, or
item lists. Although Italian anchors each judgment,
we keep the aligned translations in view: this re-
veals a failure mode where film titles, brand names,
and quoted English phrases are localised in the
Italian column but left unchanged in the dialect
columns, producing spurious orthographic align-
ment. We remove these as well. Manual review
reduced FLORES+ from 2,009 to 1,827 sentences
per variety and OLDI Seed from 6,193 to 5,167.
We also create a normalized version of each corpus
by stripping diacritics, digits, and non-Latin charac-
ters and lowercasing the result to plain Latin letters
and single spaces. Normalization is a deliberate
trade-off: it reduces noise and stabilizes estimates
when data is scarce, but it also erases the surface
variation that surface-based models are designed to
capture.

3 Methods

Our training data comes from Wikipedia and OLDI,
combining the largest data volume at our disposal
with a clean cross-lingual signal. For each variety,
the training set is capped at 100k sentences: for
dialects, we use all OLDI Seed data and fill the
rest of the budget with Wikipedia; for comparison
languages, we use Wikipedia only. Full variety
inventory and training sizes are reported in Table 1.

Surface methods use both native and normal-
ized data, treated as complementary. Pretrained
encoders use native text only, since normalization
removes information they rely on.

3.1 Models

We pick three surface methods that cover com-
plementary aspects of lexical similarity. We fit
two TF-IDF variants on the pooled training data:
word-level (unigrams + bigrams) and character-
level (char_wb 3-5 grams), both with sublinear
term frequency scaling. We also train a skip-gram
Word2Vec (Mikolov et al., 2013) model on all
pooled varieties. Sentence embeddings are com-
puted by averaging in-vocabulary token vectors.
Word2Vec tests whether word-level co-occurrence
alone suffices to recover dialect relations. Fast-
Text (Bojanowski et al., 2017) follows the same
pipeline as Word2 Vec, but additionally decomposes
words into character n-grams (n = 3-6). Explicit
subword modeling is particularly relevant for low-
resource dialects with unstable orthographies and



rich morpho-phonological variation.

We choose three pretrained architectures that
cover complementary properties of the embedding
space. We use XLM-R (Conneau et al., 2020) as
the canonical multilingual Transformer baseline.
Its fixed subword vocabulary makes it a strong ref-
erence point for cross-lingual transfer and tests of
how well a standard subword-based encoder can
represent low-resource dialects. CANINE (Clark
et al., 2022) is a tokenizer-free character-level en-
coder over Unicode. Its design should be more
robust to orthographic variation and unseen forms,
which are common in dialect data. LaBSE (Feng
et al., 2022) is a sentence encoder trained with
a translation-alignment objective. We include it
as an informative counter-example: if semantic
alignment suppresses language-specific signal too
strongly, it should perform poorly as a model of
dialect relatedness. We evaluate each pretrained
encoder both zero-shot and after continued training
on dialects (MLM on the training data for XLM-R
and CANINE, MNRL on Italian-dialect parallel
pairs for LaBSE). This separates pretrained multi-
lingual structure from adaptation effects.

3.2 Evaluation

We evaluate on FLORES+: each variety is repre-
sented by the mean of its 1,827 sentence embed-
dings, yielding a 17x17 cosine-distance matrix
between centroids. Macro-family cohesion is mea-
sured with the silhouette score over four typolog-
ical groups (Romance, Germanic, Slavic, Uralic),
complemented by 2D UMAP and t-SNE projec-
tions of the centroids for visual verification. This
first check establishes whether a model has cap-
tured any meaningful typological structure at all;
only models that pass it are trusted for the finer-
grained analyses below. For finer-grained pairwise
analysis, we examine nearest-neighbour relations
in both directions: for each dialect, we rank the
closest non-Italo-Romance standards (excluding
Italian, whose position we verify separately), and
for each non-Italo-Romance standard, we rank the
closest dialects. We also rank dialects by their av-
erage cosine distance to the comparison languages,
distinguishing dialects most integrated into the
wider inventory from those at the periphery. We
base this analysis on the historical-contact refer-
ence described in Appendix C. We further compare
each distance matrix against a lexicostatistical gold
reference (LDND, Wichmann et al., 2010, on a
Swadesh-207 list; Appendix D.1). We compute

Spearman’s p both on the full upper triangle of the
matrix and on each single-dialect vs. comparison-
languages block. We assess reliability with 95%
bootstrap ClIs and Mantel permutation tests; details
in Appendix D.3.

4 Results

4.1 What embeddings recover

Pretrained encoders (XLM-R, CANINE, LaBSE)
saw little or no dialect text during pretraining and
behave unreliably on it. Their zero-shot silhouette
can be deceptively high, yet 2D UMAP projec-
tions show the dialects collapsing into a single
dense region rather than separating into the ex-
pected typological clusters, with XLM-R the most
extreme case (Figure 2). Continued training on
dialect text affects the three encoders differently.
LaBSE-MNRL, whose underlying objective clusters
sentence embeddings from different languages at
the same point in space, suffers catastrophic for-
getting: Italian, used as the anchor in the MNRL
pairs, is pulled toward the dialects and drifts away
from the other standards (average cosine similar-
ity between pairs of comparison languages drops
0.98 — 0.84)(Figure 3). XLM-R MLM loses much
of its original macro structure as well, with its
silhouette score turning negative; only CANINE-
MILM achieves a good silhouette overall (4-0.57).
Anisotropy is a further issue with the pretrained
encoders, and the standard mitigations we tried
only degraded the dialect signal further. The re-
mainder of this discussion focuses on the surface
methods and the dialect-adapted CANINE, the only
pretrained encoder we deem reliable for the analy-
ses below.

Silhouette scores rise from TF-IDF through
Word2Vec to fastText, with CANINE-MLM best
overall (Table 2); all of them recover the four typo-
logical macro-families.

We interpret the embedding-space geometry
against the historical-influence reference (Table 3),
which lists three documented contact languages
per dialect. We focus on patterns that recur across
methods and note method-level divergences where
they shed light on the analysis.

Sardinian’s nearest external standard is Spanish
in every method, and Spanish sits closer to Sar-
dinian than Italian across all nine methods, con-
sistent with Sardo-Iberian history (Virdis, 2023).
Lombard’s nearest is Catalan in seven methods, Oc-
citan in the other two (FastText native, CANINE-



MLM); Ligurian’s nearest is Portuguese in seven
methods, Spanish in the other two (the Word2Vec
variants). In both cases only the minority top-1
(Occitan for Lombard, Spanish for Ligurian) is
in the reference, so the dissenting methods align
more directly with documented contact. The re-
maining Romance reference contacts appear only
sporadically, with FastText and Word2Vec recover-
ing Sardinian-Catalan.

English also shows uniformly elevated similari-
ties to all dialects, likely reflecting the large pres-
ence of English citations, titles, and named entities
in the data that leak into the centroid.

Non-Romance contacts can appear only from
the language-to-dialect direction; from the dialect’s
side, Romance neighbours dominate. Slovenian
and Croatian rank Venetian as their nearest di-
alect in eight of nine methods (CANINE-MLM
places it second), consistent with Adriatic con-
tact (Sadovski-Kornprobst, 2021), while other non-
Romance reference contacts (e.g., German) emerge
less robustly across methods. With only six dialects
in the candidate set, we read counts as suggestive.

The integration ranking broadly reflects geo-
graphic position. Northern continental dialects
(Lombard, Venetian) sit closest to the centre of
the wider inventory (TF-IDF char native excepted);
peninsular and coastal dialects (Ligurian, Friulian)
occupy the middle; and island dialects (Sardinian,
Sicilian) sit at the periphery. Sicilian is uniquely the
most isolated in every method, in line with its mul-
tiple external influences and UNESCO recognition
as a distinct language (Moseley, 2010). CANINE-
MLM is an exception: it ranks Friulian as the most
integrated dialect and as Slovenian and Croatian’s
nearest dialect. Apart from this signal, Friulian’s
documented Germanic-Slavic contacts are not con-
sistently recovered.

4.2 Lexicostatistical alignment

The comparison with lexicostatistical gold has clear
results. Surface lexical models perform best: char
TF-IDF reaches p = .905 on the full matrix, with
fastText and Word2Vec close behind. This is ex-
pected, since both LDND and character-level mod-
els are strongly driven by surface form similarity.
Among pretrained encoders, CANINE is the
only one that substantially recovers the lexical
structure. Dialect MLM continued training im-
proves its full-matrix score from .664 to .725, and
its dialect-external score from .700 to .803.
XLM-R and LaBSE behave differently. XLM-

R loses much of its global LDND alignment after
continued training, dropping from .244 to .055 on
the full matrix, while its dialect-external score rises
from .261 to .382. LaBSE is the clearest negative
case: both zero-shot and continued training ver-
sions remain near zero on the full LDND matrix,
consistent with the language-signal suppression
expected from its translation-alignment objective.
Full scores and Cls are reported in Table 4.

5 Related Work

Italian dialect NLP has concentrated on resource
description and identification. Ramponi (2024) sur-
veys the language varieties of Italy and analyses
their position within current NLP practice. Aepli
et al. (2022) introduce the VarDial ITDI shared task.
Signoroni and Rychly (2026) benchmark LLMs on
Italian-dialect translation and report that current
models struggle with these low-resource varieties.

Embedding similarity across languages has been
studied independently. Choenni and Shutova
(2022) probe multilingual sentence encoders
against typological features. Dunn (2023) shows
that variety-specific signal in embedding spaces
is robust to baseline training instability. We ex-
tend this line to the low-resource set of Italian va-
rieties: we combine Wikipedia, FLORES+, and
OLDI Seed (used in isolation by prior work) with
multi-family representation comparison and multi-
gold-standard distance correlation.

6 Conclusion

We compared six families of embedding methods
to investigate how low-resource Italo-Romance di-
alects behave in embedding space. Surface meth-
ods outperform large pretrained encoders; only CA-
NINE’s tokenizer-free character-level architecture
stands out as a promising direction for low-resource
NLP. Beyond the four macro-families, the signal is
delicate: the most stable findings are Sardinian’s
pull toward Iberian standards and the broader geo-
graphic gradient (continental at the centre, islands
at the periphery). Lexicostatistical alignment con-
firms the dominance of surface character meth-
ods; text normalization barely affects the linguis-
tic signal. Our broader observation is that cross-
method agreement gives the strongest signal: indi-
vidual methods reflect one aspect of similarity more
than others, while convergence across architectures
points to robust linguistic structure.



Limitations

The main limitation of this work is also what makes
the task interesting: dialects are intrinsically hard
to model. For computational purposes, we treat
labels such as “Venetian”, “Lombard”, or “Sicilian’
as single varieties, but this is a strong simplification.
Within the same labelled variety, speakers may use
different lexical choices, structures, pronunciations,
and writing conventions to express the same mean-
ing. This issue is central to NLP for the language
varieties of Italy, where a speaker-centric view is
needed to avoid flattening internal variation.

’

We observed this problem directly during the
manual review of Venetian data. Three of the
five authors speak Venetian varieties (from Padua,
Venice, and Verona), so they could directly assess
part of the corpus. In many cases, they agreed on
the formulation, structure, and meaning of a sen-
tence. In other cases, however, their judgments
diverged completely: each would have expressed
the same content in a different local form. This
does not simply reflect annotation disagreement.
It reflects the fact that a dialectal label can group
together several local systems that are not inter-
changeable.

This complexity also affects the datasets. Our
selection criteria in Section 2 make the compari-
son possible, but they do not make the data ideal.
Wikipedia is used because it is the only source that
provides enough text for several Italian dialectal
varieties; other resources are too sparse, incom-
plete, or difficult to use at the required scale. How-
ever, dialect Wikipedias remain problematic for
this task. They contain bot-generated pages, tem-
plated text, repeated structures, and editorial con-
ventions. More importantly, they often represent
a single written and partly artificial version of a
dialect, rather than the full range of local forms
that speakers actually use. Our cleaning, filtering,
and manual checks reduce noise, but they cannot
turn Wikipedia into a fully representative dialect
corpus.

Weak coverage is another consequence of the
same constraint. We focus on six Italo-Romance
varieties because Wikipedia, FLORES+, and OLDI
Seed jointly provide enough comparable data for
those only. Many relevant local, minority, and con-
tact varieties spoken in Italy fall outside this in-
ventory. Arabic and Greek, included in the initial
proposal, are also absent: their non-Latin scripts
require a separate preprocessing pipeline incom-

patible with the Latin-based normalization applied
across the rest of the variety set. A broader cata-
logue would strengthen the analysis but requires
new data collection and careful validation.

Finally, the complexity of the phenomenon re-
quires stronger linguistic support. A linguist or
dialectologist could help define variety boundaries
more carefully, validate the data, and interpret
model outputs with a more critical eye. The evalu-
ation harness introduced here could also support a
broader study of how LLMs behave in the presence
of low-resource dialects; a preliminary zero-shot
translation experiment is included in Appendix E
for the interested reader. Future work should there-
fore combine larger, purpose-built dialect cor-
pora with expert validation and a more speaker-
centric approach, so that computational similarity
can be evaluated against a more realistic account
of dialect variation.
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A Variety registry

Group Variety (ISO) Wiki OLDI FLORES+
Dialects  Friulian (fur) 22,256 5,167 1,827
Ligurian (lij) 49,058 5,167 1,827
Lombard (Imo)* 94,833 5,167 1,827

Sardinian (sc)
Sicilian (scn)

60,948 5,167 1,827
75,047 5,167 1,827

Venetian (vec)™ 94,833 5,167 1,827
Romance Italian (ita), Spanish (spa) 100,000 — 1,827
French (fra), Catalan (cat) 100,000 — 1,827
Portuguese (por), Occitan (oci) 100,000 — 1,827
Germanic German (deu), English (eng) 100,000 — 1,827
Slavic Slovenian (slv), Croatian (hrv) 100,000 — 1,827
Uralic Hungarian (hun) 100,000 — 1,827

Table 1: The 17 varieties used in our study, grouped
by family, with per-variety sentence counts used for
training (Wiki and OLDI) and for evaluation (FLO-
RES+). For dialects, Wiki+OLDI is capped at 100k
sentences: Lombard* and Venetian™ are therefore sam-
pled to 94,833 Wiki sentences, since 94,833 + 5,167
OLDI = 100,000, while the other dialects are kept in
full. Comparison-language Wikipedias are sampled to
100k; FLORES+ is parallel across all varieties.

B Embedding-space visualisations and
silhouette scores

Figure 1 shows the full 17x17 pairwise cosine sim-
ilarity matrix for fastText, illustrating the results
discussed in 4.1. Figure 2 depicts the UMAP re-
sults for XLM-R zero-shot. Figure 3 provides a vi-
sualization of the catastrophic forgetting in LaBSE
model. Table 2 presents Silhouette scores for the
different models.

Cosine similarity — fasttext-norm (tassonomia originale)

Sard o Il o0 s osi os: |02

Cosine similarity

05 03 0 o4 0@ o 0s9 oss 0w o o osa [REMM oss om 0w o4

s]osm om0 oes o o osm 05 oas 0w os om0 UM on o 0w

0 05 0% 05 03 06l 049 047 04l o4 053 050 035 03 B8

o2 05 0% 05 0% 08 03 048 041 oa 05 o3 03 03 3 02

Figure 1: Cosine similarity matrix for FastText (nor-
malised)(pfuu = .874, silyacroa= +0.50).

UMAP projection — XLM-R zero-shot (flores centroid)
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Figure 2: UMAP projection of XLM-R zero-shot va-
riety centroids (FLORES+). The model separates di-
alects (upper right) from all standards (lower left) into
two tight, internally undifferentiated blobs. Italian sits
firmly in the standards cluster, far from the dialects it
is lexically closest to. The apparent family silhouette
(+0.14) reflects this coarse two-way split rather than
genuine typological organisation.

Method Variant Silnacros  Kept
CANINE-MLM native +0.57 V
fastText normalized +0.50 v
fastText native +0.41 VvV
Word2Vec normalized +0.39 Vv
CANINE zero-shot native +0.32
Word2Vec native +0.32 VvV
TF-IDF char normalized +0.24 v
TF-IDF char native +0.21 VvV
TF-IDF word normalized +0.15 v
TF-IDF word native +0.14 Vv
XLM-R zero-shot  native +0.14
XLM-R MLM native —0.01
LaBSE MNRL native —0.21
LaBSE zero-shot native —0.26

Table 2: Silhouette score over four typological macro-
families (Romance, Germanic, Slavic, Uralic) on FLO-
RES+ variety centroids. Range [—1,+1]; higher is
better. "Kept" marks the nine methods we retain for
downstream analysis. Pretrained zero-shot encoders are
excluded because they were not exposed to dialect text
in pretraining; XLM-R MLM and LaBSE MNRL fail to
recover the macro-family structure (negative silhouette).

C Historical influence

We construct a historical influence reference table
to encode expected contact relations between each
dialect and the comparison languages in our inven-
tory. The table is built a priori: one author anno-
tated the relations manually, independently of the
experimental results. The annotation was based on
dialectological and historical sources, especially en-
cyclopedia entries (Vanelli, 2010; Toso, 2010; Bon-
fadini, 2010; Dettori, 2011; Avolio, 2011; Ursini,
2011) and studies of specific dialect areas and con-
tact settings (Vicario, 2011; Virdis, 2023; Tam-
burelli and Brasca, 2018; Sadovski-Kornprobst,
2021). This step requires interpretation: the rel-
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Figure 3: Cosine similarity matrices for LaBSE zero-shot (left) and continued training LaBSE-MNRL (right)
models. In the zero-shot setting, translation-alignment pre-training compresses the 17-variety inventory into a
near-uniform high-similarity band (0.79-1.00). After continued training on Italian-dialect pairs, dialect-dialect
similarities increase, but cross-lingual alignment collapses: Italian drops to 0.46-0.68 against the dialects, and
cross-family languages become similarly distant. This catastrophic forgetting removes meaningful dialect«+external
signal, leaving the continued training LaBSE-MNRL worse than zero-shot on LDND Spearman correlation and

Mantel significance.

evant relations are extracted from the sources and
mapped onto the comparison languages (exclud-
ing Italian) available in our inventory. For each
dialect, the table reports up to three historically
relevant contact languages, as shown in Table 3.
The selection criteria are documented contact, po-
litical history, settlement, and linguistic influence.
Because the table is restricted to the languages in-
cluded in our final dataset, it does not cover every
historically relevant contact language discussed in
the literature. The resulting table is therefore not
a complete model of language history but rather
a reference structure that encodes historically mo-
tivated expectations for our specific catalogue of
varieties and comparison languages.

Dialect Influence I Influence II Influence III
fur slv deu hrv

lij oci spa fra

Imo oci deu spa

sc spa cat

scn spa fra cat

vec hrv slv

Table 3: Historical influence reference table. The order
does not indicate relative importance.

D Lexicostatistical gold

D.1 Construction

Our lexicostatistical gold (Figure 4) is a 17x17 dis-
tance matrix built from Wiktionary Swadesh-207

wordlists, i.e. 207 basic meanings translated across
the varieties. For each pair of varieties, we average
the Levenshtein distances between corresponding
forms, after converting them to ASJPcode to re-
duce orthographic effects (Wichmann et al., 2025).
We use LDND as our main score (Wichmann et al.,
2010): it normalises the average Levenshtein dis-
tance by the distance expected between unrelated
forms.

LDND lexical similarity (gold)
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Figure 4: LDND distance heatmap via Swadesh list,
17x17. Lighter shades indicate smaller distances.

D.2 Lexicostatistical comparison table

Table 4 shows the results of the comparisons.



Setup. We use ChatGPT (GPT-5.5) and Gemini
3.0. Each model receives a zero-shot prompt
instructing it to translate a given sentence from
the source language into the target dialect, with
no additional context. Source languages are En-
glish, French, Italian, and Spanish; target di-
alects are the six Italo-Romance varieties from
Appendix A. We select 300 sentences from the

Model Prull [95% CI] Pd«se |95% Cl]
TF-IDF char (nat) .905[.903,.908] .851[.846,.857]
TF-IDF char (norm) .881[.878,.886] .813[.807,.821]
fastText (norm) .874[.872,.875] .812[.808,.813]
fastText (nat) .867[.865,.869] 176 [.770,.781]
word2vec (norm) .851[.850,.854] 778 1.773,.783]
word2vec (nat) .841[.839,.843] 703 [.697,.710]
TF-IDF word (nat) .795[.791,.800] 720[.707,.727]
TF-IDF word (norm) 788 [.785,.794] 734(.727,.744]
CANINE ft [125(.722,.729] .803[.797,.806]
CANINE zs .664[.658,.671] .700[.693,.713]
XLM-R zs .2441.239,.249] .261[.247,.275]
XLM-R ft .055 [.048,.060]Jr 382 [.371,.394]‘L
LaBSE ft —.021 [—.044,.002]T 327[.272,.367]
LaBSE zs —.070[—.082,—.062] " 266[.245,.286]"

Table 4: Spearman p of each model’s FLORES-centroid
distance matrix against the lexicostatistical LDND gold,
with bootstrap 95% Cls. pgy: all 136 upper-triangle
pairs; pa«se: 60-pair dialect x external-non-Italian block.
Symbol T marks Mantel p > 0.05.

D.3 Bootstrap and permutation methodology

For bootstrap reliability, we resample the 1,827
FLORES sentence embeddings within each vari-
ety, recompute the variety centroids and the 17x17
distance matrix, and repeat this B=1000 times to
obtain 95% confidence intervals for each Spearman
p. Moreover, we use a two-sided Mantel permu-
tation test: we randomly relabel the varieties in
the model distance matrix B=10000 times and ask
whether the observed correlation is more extreme
(in either direction) than correlations obtained by
chance. The results show that lexicostatistical cor-
relations are consistently reliable, while some en-
coder scores, especially for XLLM-R and LaBSE in
Table 4, are stable under bootstrap resampling but
not significant under Mantel permutation.

E LLM translation experiment

If embedding similarity captures genuine linguistic
proximity, a natural prediction follows: translating
into a dialect from a linguistically closer source
language should yield better output.

FLORES+ evaluation set and score each output
against the FLORES+ reference translation with
chrF++ (Popovié, 2015), BLEU (Papineni et al.,
2002), and BERTScore (Zhang et al., 2019).

Significance testing. For each dialect and model,
we run pairwise bootstrap tests (B = 1000 resam-
ples) between all six source-language pairs, apply-
ing Bonferroni correction for the six comparisons
per metric. We report p-values and 95% confidence
intervals alongside point estimates.

Results. Table 5 reports the three metrics for all
48 conditions. BERTScore F1 is consistently high
(0.87-0.92) across all conditions and broadly tracks
the chrF++ ranking, confirming metric-level consis-
tency. ChatGPT scores are uniformly higher than
Gemini and show lower variance: the worst-to-best
spread within a dialect rarely exceeds 4 chrF++
points, while Gemini’s spread reaches 12+ points
for Ligurian and Venetian. For ChatGPT, Italian
is the best or co-best source on every dialect. For
Gemini, it remains competitive on Sicilian and Sar-
dinian, while English leads for Friulian and Vene-
tian, Spanish for Ligurian, French for Lombard.

Across both models, Italian and English are the
strongest sources; French and Spanish yield no con-
sistent advantage despite their Romance affinity.
Italian matching English is linguistically expected
but notable given LLMs’ general English-input ad-
vantage, and suggests that training-data coverage
shapes quality at least as much as linguistic prox-
imity.

chrF++ BLEU BERTScore F1
Dialect Model EN FR IT ES EN FR 1T ES EN FR IT ES
Friulian ChatGPT 61.42 58.187 61.10 5839 34.53 30.42" 3447 3081 917 91.07 91.5 91.0 Table 5: Translation qual-
Gemini  59.68 50.76 44.83% 56.14T 31.17 24.18T 20517 27.17 913 90.0 89.57 90.6 ity by source language, tar-
.. ChatGPT 47.77 46.10 4822 45637 14.81 13887 1548 1392 89.2 839 89.2 887" .
L ) . :
UL Gemini 39.67 34617 37.82 46.67 9.07 4467 754 1536 879 8671 873 89.1 get dialect, and LLM Bo!d
Lombard CRAGPT 42.02 4094 4341 40947 874 8577 10.61 891 882 830 884 8807 best score per row. f: sig-
Gemini  39.61 4038 3037 29.79  8.25 8.21T 578 538" 88.1 83.2T 86.8 86.57 nificantly worst under pair-
.. ChatGPT 48.72 46787 49.67 47.46 1426 13.07" 1510 1433 89.0 83.67 89.1 8838 . .
Siciliz -
A Gemini 46.67 37.981 4770 4420 1270 9.02F 1239 1047 887 8761 885 88.1 wise bootst.rap with Bonfer
Sardinian CPAGPT 54.11 5245 5607 51.887 22.11 2082 2551 20707 903 89.9 90.6 89.71 roni correction; lowest value
Gemini  56.34 44771 53.69 5244 26.87 16907 21.60 2294 907 89.1T 903 899 for BERTScore F1.
Venetian CPAGPT 49.70 4821 49.74 48047 1483 1450 14.67 1405 839 89.0 89.0 838F
emini 4620 37.06 32.547 4155 1426 1004 9.037 11.06 887 87.4 872 880
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