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Abstract

Language identification is a critical prepro-
cessing step for curating multilingual corpora.
While current approaches treat language
varieties as clearly bounded categories, such
discrete labels obscure the continuous nature
of linguistic variation in practice. We propose
reframing non-standard variety identification
as a geographically-grounded task, represent-
ing varieties as geolects, that is, linguistic data
anchored to geographic coordinates. Rather
than classifying texts into predefined labels,
we place them on a geodesic grid, where pre-
dictions are points on the earth’s surface and
variety distinctions emerge from spatial struc-
ture. We introduce GEOVAR, a fine-grained
dataset of 517,985 samples spanning 929
geolects across 20 languages and seven dialect
continua in Europe and the Middle East, and
develop a grid-based framework with three
geolect-to-cell mapping strategies of increas-
ing spatial smoothness: centroid, uniform, and
Gaussian. We compare various geolocation
methods, with the best model reaching 0.97
accuracy on compact continua such as Basque
and Caspian. Accuracy decreases with the
geographic dispersion of varieties, with
North Germanic being the hardest case. Our
model handles non-standard variety text more
reliably than current LID tools, while addi-
tionally operating at sub-language granularity.

sinaahmadi/GeoVar

1 Introduction

Language identification (LID), determining the
language of a given text, has a long history in natu-
ral language processing (NLP). Although interest
in standalone LID declined as end-to-end multilin-
gual models learned to handle language implicitly,
the task has recently resurfaced as a critical com-
ponent of data filtering pipelines for training large
language models (LLMs) on clean, multilingual
corpora (Oepen et al., 2025).
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Figure 1: Our methodology with an input example in
Swiss German. The encoded text is matched against
cell prototypes built from one of our presented strate-
gies. The predicted cell (right) lands back in the West
Germanic cluster, highlighted on the left globe.

Conventional LID operates over a fixed inven-
tory of discrete labels, treating “language” as a
categorical attribute that can be assigned unam-
biguously. This framing presupposes that every
variety has a standardized name and clear bound-
aries, assumptions that break down once we move
beyond standard languages, for instance the Ale-
mannic varieties of Bern and Basel versus those of
Swabia and Upper Bavaria. Dialects, regional ver-
naculars, and other non-standardized varieties of-
ten lack agreed-upon nomenclature entirely, leav-
ing no label to assign when neighboring villages
differ linguistically. For such varieties, the label
set itself becomes the bottleneck.

We argue that a more natural formulation is ge-
ographic rather than categorical. Instead of ask-
ing what language is this?, we ask where on earth
could this text have been produced? Under this
framing, a prediction is a point (or distribution) on
the earth’s surface, and the notion of a “variety”
emerges from the spatial structure of the model’s
outputs rather than being imposed a priori. This
perspective aligns with the empirical reality in
which linguistic variation is gradient and spatially
structured rather than neatly partitioned.
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In this paper, we operationalize this idea by cast-
ing LID as text geolocation on a geodesic grid.
We discretize Earth’s surface into cells and train
classifiers to place text samples into cells using
multilingual sentence embeddings. Because cells
carry coordinates, the same model supports both
variety classification and geographic error analy-
sis, revealing trade-offs invisible to purely categor-
ical metrics. Our contributions are as follows:

* GEOVAR, a fine-grained dataset of 517,985
samples spanning 929 geolects across 20 lan-
guages and seven dialect continua in Europe
and the Middle East

* A geodesic grid framework with three
geolect-to-cell mapping strategies: centroid,
uniform, and Gaussian

¢ A systematic comparison of baselines along
with logistic regression, prototype networks,
and fine-tuned encoders evaluated on both va-
riety accuracy and geographic error

Throughout the paper, we use variety as a neu-
tral term for named linguistic systems such as di-
alect, regional vernacular, or sociolect (Platzgum-
mer et al., 2026). We use geolect to denote a vari-
ety paired with the geographic location(s) at which
it is attested in our data. The location is part of the
geolect’s identity, not metadata about it.

2 Related Work

LID for Non-Standard Varieties. LID has been
broadly studied with approaches covering a wide
range of languages and many considering it a
largely solved problem for well-resourced stan-
dard languages (Caswell et al., 2020). However,
the task remains far from trivial for low-resource
and non-standardized varieties, particularly di-
alects. The problem has recently regained momen-
tum as accurate LID is essential for creating clean,
language-specific partitions of large corpora used
to train LLMs (Fedorova et al., 2026), prompt-
ing continued methodological innovation (Meister
et al., 2026; Foroutan et al., 2026).

A growing body of work now targets LID
for non-standard varieties (Alam et al., 2024;
Chifu et al., 2024), with efforts spanning Swiss
German (Pliiss et al., 2023), German (Blaschke
et al.,, 2025), South Slavic (Ljubesi¢ et al.,
2018), Kurdish (Ahmadi et al., 2024), and Scan-
dinavian (Fedorova et al., 2025), inter alia.

Much of this work, however, targets spoken lan-
guage (O’Shaughnessy, 2025). Closest to our set-
ting, Shim and Plank (2025) evaluate speech-to-
text performance across geographically contigu-
ous Italian dialect areas. They show that linguis-
tic similarity correlates with system performance
and that providing geographic information can im-
prove interpolation to unseen varieties.

Text-based Geolocation. Text-based geoloca-
tion aims to predict the geographic origin of a doc-
ument, typically from linguistic features but some-
times also from user-profile metadata (Rahimi
et al., 2015; Utomo et al., 2018; Rosenfeld and
Hinrichs, 2023). The availability of geotagged
material from platforms such as Wikipedia, X
(Twitter), and Flickr drove substantial research
activity in the 2010s, particularly at the inter-
section of NLP and sociolinguistics (Han et al.,
2014; Graham et al., 2014; Wing, 2015). A per-
sistent challenge in the field is the scarcity of
geotagged data, motivating work on leveraging
non-geotagged sources (Han et al., 2012) and an-
notating geolocation datasets from existing cor-
pora (DeLozier et al., 2016).

A variety of modeling approaches have been
proposed for text geolocation, including bag-
of-words classification on geodesic grids (Wing
and Baldridge, 2011; Roller et al., 2012), topic
models (Eisenstein et al., 2010), logistic regres-
sion (Wing and Baldridge, 2014), neural net-
work classifiers (Miura et al., 2017; Lourentzou
et al., 2017; Rahimi et al., 2017), knowledge-
based methods leveraging entities and rela-
tions (Miyazaki et al., 2018), and sequence-to-
sequence formulations (Zhang et al., 2023). Ker-
nel density estimation on geodesic grids, as pro-
posed by Hulden et al. (2015), addresses the data
sparsity inherent in fine-grained grids by smooth-
ing feature distributions with Gaussian kernels; we
build on this framework in our grid representation.
More recently, geolocation has been extended to
the speech modality; Foley et al. (2024) train
models on 4,000 hours of radio data using self-
supervised pretrained representations, achieving
localization accuracy of approximately 650 km.

Existing Gaps. Our work addresses several gaps
in prior research. First, existing geolocation stud-
ies typically operate within a single language,
whereas we adopt a multilingual perspective. Sec-
ond, recent efforts to geographically model di-
alect variation have focused predominantly on



speech (Shim and Plank, 2025; Foley et al., 2024)
but not much on the text modality. Third, instead
of treating geography as an auxiliary signal or eval-
uation metric, we place it at the center of the model
by representing varieties as geolects.

3 GEOVAR

3.1 Data Sources

One of the principal challenges in working with
non-standard language varieties is data scarcity.
With the exception of a few language groups for
which linguistic variation has been studied ex-
tensively, as for Scandinavian languages (Johan-
nessen, 2011), data for varieties is rare and mostly
documented within projects focusing on syntax or
phonetics rather than as standalone corpora. Re-
cent efforts in NLP have begun to address this
gap, with dedicated collection campaigns for Ital-
ian (Giordano and Rinaldi, 2025), Basque (Ben-
goetxea et al., 2026), and more languages (Sun
et al., 2025). To bring these resources together,
we compile GEOVAR from a diverse set of exist-
ing dialect resources spanning 20 languages across
seven dialect continua, shown in Figure 2, con-
taining 517,985 samples of 929 geolects with over
5.3M tokens. Our data selection criteria prioritize
varieties that form geographically contiguous di-
alect areas, allowing spatial structures that capture
linguistic gradation.

3.2 Geographical Label Enrichment

Although the collected datasets contain labels and
location names, they typically lack the latitude
and longitude coordinates required for geograph-
ical data representation. Moreover, such labels as
recorded in variety corpora are often difficult to
resolve unambiguously: they may reflect particu-
lar writing (e.g. St_Anna for Sankt Anna in the
Ostergotland archipelago, Sweden), overly broad
descriptions (e.g. East Icelandic), or ambiguous
references (e.g. Mellame d’Arsie for a hamlet not
easily located via standard gazetteers). To handle
this systematically, we enrich each location label
or variety name with structured geographic data
from Wikidata using a semi-automatic approach
with manual verification, resolving each to coordi-
nates or a bounding region.

Appendix A presents complete details on the
construction of GEOVAR along with the full inven-
tory, grouped by dialect continua.
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Figure 2: Geographic distribution of variety regions in
GEOVAR, colored by continuum. Each point on the
map marks a sampled location.

4 Geospatial Framework

We discretize the earth’s surface into a geodesic
grid of square cells C. Given a grid resolution pa-

rameter g (in degrees), the grid consists of % X

180 cells. Each cell ¢ € C is indexed by integer co-

ordinates (z,y), where a point at longitude A and
latitude ¢ maps to:

A+ 180 90
g g

The midpoint of cell (z,y) in world coordinates is
recovered as:

Amid = 36'9—1804—%, Pmid = 9'9—904-% )

Let Sq = {s1,...,5n,} denote the set of sen-
tences for geolect d in dialect continuum, with cor-
responding embeddings {e;,,...,es, }. Each ge-
olect d is associated with a geographic region R,
constructed from Wikidata bounding coordinates
clipped to country polygons as described in A.1,
and represented here as the set of grid cells cov-
ering that region. Each cell c is associated with a
prototype embedding p. € RP, computed using
three strategies for mapping geolect embeddings
onto the grid, forming a spectrum from the most
discrete to the smoothest spatial representation.

Centroid Mode. Each geolect maps to a single
cell ¢y corresponding to the centroid of its region:

e ([5] [222])

where \; and ¢4 are the unweighted arithmetic
mean of the midpoint longitudes and latitudes of
the cells in ;. That is, the centroid cell is deter-
mined by averaging the midpoint coordinates of
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Figure 3: Comparison of the three strategies for mapping the 71,127 samples’ embeddings of 313 Italic geolects
to grid cells (grid size 0.1°). Color intensity reflects the total sentence mass assigned to each cell, summed over all
contributing geolects. All three panels use a power-law normalization (y = 0.4) to make low-mass cells visible;
panel (c) additionally uses bilinear interpolation to render the smooth Gaussian falloff at print size.

all cells in the geolect’s region R4 and discretizing
back to the grid. Because this average is taken over
cells rather than data, geolects with spatially larger
regions will have their centroid pulled toward ar-
eas of greater cell density rather than greater sen-
tence density. The cell prototype is then the mean
of all sentence embeddings from geolects whose
centroid falls in c:
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where D, = {d | ¢q = c} is the set of geolects
whose centroid cell is ¢, and N. = > cp_ 74 is
the total number of sentences from those geolects.
Note that the average is taken over individual sen-
tences rather than over geolects, so a high-resource
geolect sharing a cell with a low-resource one con-
tributes proportionally more to the prototype.

Uniform Mode. Rather than mapping a geolect
to a single cell, this mode maps each geolect uni-
formly to all cells in its region R4. Every cell
c € R, receives the full set of sentence embed-
dings from geolect d with equal weight, following
the same prototype in Equation 4. The prototype
formula is unchanged, but the cell-to-geolect map-
ping D, = {d | ¢ € R;} is now many-to-many.
As such, a single geolect contributes to every cell
in R4, and a cell lying in a region overlap pools
sentences from all geolects whose regions cover it.
This extends centroid mode by preserving the geo-
graphic extent of a geolect region, yielding a uni-
form distribution over the region with hard bound-
aries.

Gaussian Mode. Each geolect’s embedding
mass is distributed across nearby cells via a two-

dimensional isotropic Gaussian kernel centered on
the region’s centroid. The kernel weight assigned
to cell ¢ with midpoint (¢, ) for geolect d is:

1 exp (_ (Ae = Ad)* + (¢ — éf;d)Q)
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Wd,c =
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where o is specified in degrees and controls the
spatial spread of the kernel. The prototype for
cell ¢ is a weighted mean of the geolect mean-
embeddings:

> dep, Wd,c - €d
Pc = <
ZdeDc Wd,c

(6)

where 6, = L 3", e,, is the mean embedding
of geolect d, and D, = {d | wg, > €} for a
minimum density threshold e. Unlike the uniform
mode, Gaussian mode produces a smooth, graded
distribution where cells near the center of the ge-
olect region receive the most mass, while influ-
ence gradually decays with distance and extends
beyond the region boundary. Note that, in contrast
to centroid and uniform modes, the outer average
here is taken over geolect mean embeddings rather

than over individual sentences.

In all three modes, the final prototype is Lo-
normalized: p. < p./||pc/. Together these
modes, as illustrated in Figure 3, span a spectrum
from sharp points (centroid) through bounded re-
gions (uniform) to smooth Gaussian falloff, reflect-
ing the empirical reality that dialect boundaries are
transitional rather than sharp.

S Models and Learning

Given the cell prototypes p. constructed in
the geospatial framework, we implement several



methods for predicting the grid cell ¢ of a given
sentence s with embedding e;. We first establish
two baselines that involve no learning on the grid,
then present three methods with learnable parame-
ters trained to optimize cell prediction.

5.1 Baselines

B1: Logistic Regression (no grid). As a non-
geographic baseline, we train a multinomial logis-
tic regression classifier directly on the sentence
embeddings e; to predict variety labels. This base-
line does not use the geodesic grid and thus has no
associated geographic error.

B2: Nearest Centroid. Following the nearest-
centroid classifier (also known as Rocchio classi-
fication; Schiitze et al., 2008, p. 292), we predict
the cell whose prototype is most similar under co-
sine similarity:

¢ = argmax €g - Pc (7)
ceC
Since both e, and p. are Lo-normalized, the dot
product equals the cosine similarity.

5.2 Learnable Methods

For all learnable methods, each training sentence
is assigned a single target cell ¢4 corresponding
to the centroid of its geolect’s region, regardless
of the mapping mode used for building prototypes.
This provides a consistent single-label supervision
signal across all settings.!

M1: Logistic Regression on Cells. We train a
multinomial logistic regression classifier on the
sentence embeddings to predict grid cells:

exp(we - €5 + bc)

Pl¢c = =
(C & | 8) chec/ eXp(Wc’ . es + bc,)

®)

where C' C C is the set of centroid cells of the
training geolects, and w,. € R, b, € R are learn-
able parameters for each cell. At test time, the
predicted cell is ¢ = argmax, P(¢ = ¢ | s). Un-
like B1, this method enables geographic error eval-
uation because classes correspond to spatial loca-
tions on the grid.

M2: Prototype Network (ProtoNet). Inspired
by Prototypical Networks (Snell et al., 2017), we
learn a linear projection that maps sentence em-
beddings into a space where same-cell sentences

'Our preliminary experiments with mode-consistent tar-
gets yielded no gains and complicated training.

cluster more tightly, rather than using fixed mean
embeddings as prototypes. Given a projection ma-
trix W € RP*P, the projected embedding is
z; = We,. Classification is performed by cosine
similarity to projected prototypes:
A Zs - qc
¢ =argmax ————-
cec lzs|lllqel

©)

where q. = ﬁ Y osc s, Wes is the projected pro-
totype for cell ¢, computed from the training sen-
tences S, assigned to that cell. The model is
trained by minimizing the cross-entropy loss over
the similarity scores:

Zl

where c; is the target cell for sentence s and 7
is a learnable temperature parameter that controls
the sharpness of the distribution. The per-cell av-
erages are computed once from the training em-
beddings and held fixed; only their projections q.
through W are refreshed each epoch.

exp(7 - cos(zs,qc,))

10
> o exp(T - cos(zs,qr)) (10)

Ma3: Fine-tuned Encoder. In the most expres-
sive setting, we fine-tune the sentence encoder
end-to-end. Training uses a standard classification
head where a linear layer maps the pooled encoder
output to cell logits, and the model is trained with
cross-entropy loss over centroid cell labels:

exp(we, - hg + be,)
-hg +by)

(11)
where h; is the mean-pooled representation of sen-
tence s over non-padding tokens from the encoder
with parameters 0, and Wy, = {w¢, b} is the
classification head. This reshapes the embedding
space so that geolect-distinguishing features, such
as morphosyntactic markers, are amplified relative
to content features shared across geolects.

At inference time, however, the classification
head is discarded. Instead, we re-embed all train-
ing sentences through the fine-tuned encoder to
obtain new representations €, and construct cell
prototypes from these fine-tuned embeddings us-
ing whichever mapping mode (centroid, uniform,
or Gaussian) is selected. A test sentence is then
classified by nearest-prototype similar to Equation
7

L(6, W) = Zl

Y €Xp(We -

¢ = argmax e, - p.. (12)
cel’



Method Prediction Recovery

B1: LogReg — varieties

B2: Nearest Centroid

M1: LogReg — cells —
M2: ProtoNet —
M3: Fine-tuned Encoder v

ANNENNY

Table 1: Effect of the mapping mode at each stage. B1
is mode-independent as it does not use the grid.

where p/, is the Lo-normalized prototype built
from fine-tuned embeddings. This two-stage de-
sign, meaning train with a classification head and
infer with prototypes, decouples the training ob-
jective from the spatial representation used at test
time. As a result, the mapping mode affects pre-
dictions: centroid, uniform, and Gaussian produce
different prototype sets from the same fine-tuned
embeddings, yielding different predicted cells and
therefore different geographic errors. In contrast,
for logistic regression on cells (M1) and the proto-
type network (M2), the mapping mode does not in-
fluence the cell predictions themselves as they are
trained and evaluated against the centroid cell la-
bel; the mode only affects the cell-to-dialect map-
ping D; used to recover the variety at evaluation.
The fine-tuned encoder is thus the only learnable
method for which the mapping mode is an experi-
mental variable.

Table 1 summarizes where each method is sen-
sitive to the mode.

5.3 Evaluation

We evaluate predictions along two complementary
axes: variety identification and spatial localiza-
tion. Because absolute distances depend on grid
resolution and latitude, the grid-relative metrics
we define below provide a resolution-independent
complement to the kilometer-based ones. Coarser
grids inflate variety accuracy by collapsing mul-
tiple varieties into shared cells but increase geo-
graphic error; finer grids do the opposite. Report-
ing both axes lets us position each model along
this trade-off.

Variety Identification. For each test sentence
from geolect d, the model predicts a grid cell ¢,
which we map back to a geolect via the mode-
specific set D; defined in Section 4. To assign a
single predicted variety, we use the following rule:
if d € D¢, the prediction is d; otherwise, we assign
the geolect in D; whose centroid cell is closest in
Chebyshev distance (Deza and Deza, 2009, p. 324)

to ¢, breaking ties alphabetically. If D; is empty,
the prediction is counted as incorrect. This assign-
ment is then scored on:

* Accuracy: fraction of sentences whose pre-
dicted geolect equals d, i.e. d € Dg.

* Macro-F1: unweighted mean of per-variety
F1 scores, ensuring low-resource varieties
count equally.

* Cell accuracy: fraction of predictions for
which ¢ falls within the true geolect’s re-
gion 74, measuring spatial accuracy indepen-
dently of whether the correct geolect can be
recovered from ¢.

Spatial Localization. The true location of d is
its region centroid (¢4, Ag), the same cell used as
the training target cg.

* Mean / median error: haversine distance
(km) between (¢g, Aq) and the midpoint of
¢, computed as the mean or median over all
test sentences.

* Acc@Ne: fraction of predictions for which
the Chebyshev distance between ¢ and the
true centroid cell is at most N. Acc@OQc is
exact-cell accuracy; Acc@lc, Acc@2c, and
Acc@3c correspond to within one, two, and
three cells.

The B1 baseline predicts varieties directly, with-
out the grid. For spatial evaluation, its predicted
variety is mapped to that geolect’s centroid cell,
which serves as ¢ in all metrics above.

6 Experiments

6.1 Experimental Setup

Rather than training a single model over all vari-
eties or a separate model per language, we train
models per dialect continuum. This choice re-
flects three considerations. First, dialect variation
is linguistically continuum-specific: features dis-
criminating Basque varieties differ from those of
Kurdish, and a single shared model would need
to learn both inventories simultaneously. Second,
continua are geographically contiguous, which
makes the Acc@ Nc metric interpretable; a cell
offset N corresponds to a comparable physical
distance within a continuum, but to wildly dif-
ferent distances when continua span multiple re-
gions. Third, per-continuum label spaces remain
tractable for fine-grained grid resolutions.
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Figure 4: Test set predictions of the best fine-tuned encoder (centroid mode) per continuum. Blue circles mark
true variety centroids; red triangles mark predicted cells, sized by sentence count. Each panel is annotated with the

standard geographical deviation o, and Acc@Oc.

Acc F1 Median Acc@1c

(km)
Bl .150 .108 0 .985
Basque B2 925 914 0 .999
Best .973 .949 0 1.000
. Bl 242 110 111 .609
Italic B2 206 .197 190 458
Best .683 .679 0 .890
. Bl .084 .054 | 429 .185
North Germanic B2 052 .062 = 496 120
Best .185 .226 243 326
. Bl 243 028 111 675
West Germanic B2 267 .160 130 .600
Best .574 .501 0 912
. Bl .868 .501 0 927
Caspian B2 744 592 0 .855
Best 973 .892 0 986
. Bl .696 .102 0 922
Kurdic B2 224 134 111 .695
Best .856 .376 0 962
. Bl 531 .201 0 .548
Ukrainian B2 278 .176 246 334
Best .650 .355 0 .672

Table 2: Test set results per continuum for the two base-
lines (B1 & B2) and the best method (M3), selected by
Acc@0Qc on the validation split. M3 outperforms both
baselines on every metric across all continua.

All methods use CANINE-C (Clark et al., 2022)
as the base encoder. We split each variety into 80%
train / 10% validation / 10% test with a fixed seed,
deduplicating within each variety before splitting.
Each learnable method is trained once per contin-
uum with the different hyperparameters; baselines
(B1, B2) require no training. Further implementa-
tion details, including sentence encoding, training
schedules, hyperparameter optimization and com-
pute budgets, are described in Appendix B.

6.2 Results

The fine-tuned encoder (M3) outperforms both
baselines on every metric across all seven con-
tinua, with accuracy gains ranging from 5 to 50
points (Table 2). Performance varies substantially
across continua: Basque and Caspian both exceed
0.97 accuracy, while North Germanic remains the

hardest case at 0.185 accuracy and 243 km median
error. The learnable baselines M1 and M2 fall be-
tween B2 and M3. Figure 4 illustrates these per-
continuum patterns geographically where blue cir-
cles mark true variety centroids and red triangles
mark predicted locations, exposing both the near-
perfect alignment on Basque or Caspian and the
large offsets on North Germanic. Full per-mode
and per-method numbers are in Appendix C.

Across all seven continua, the centroid mode
dominates, suggesting that sharp variety repre-
sentations outperform smoothed ones for LID-
style discrimination. We hypothesize this is be-
cause Gaussian smoothing helps for sparse data
(c¢f. Hulden et al. (2015)) but hurts when varieties
are densely sampled and need to be distinguished
from neighbors.

Rank Correlations We examined Spearman
rank correlations between six dataset properties
and three model outcomes across the seven con-
tinua (full correlation matrix in Appendix C.3).
Two dataset properties predict model performance.
The spatial standard deviation of variety centroids
from the continuum’s geographic center, ogeo,
correlates strongly and negatively with macro-F1
(p = —0.89, p = .007). Continua whose vari-
eties span a larger geographic area are harder to
classify. The cell collision rate, i.e. the mean num-
ber of varieties sharing a centroid cell at 1° resolu-
tion, correlates positively with F1. When varieties
share cells, the task effectively coarsens, making
per-cell predictions easier. The two properties cap-
ture different difficulty aspects, namely how much
geographic ground the model must cover and how
many varieties it must distinguish within each cell.

6.3 Comparison with Other LID Models

To contextualize our results against existing LID,
we evaluate three widely-used tools on the same
test sentences used to evaluate M3: fastText



Strict Lenient Variety

fastText 702 702 —
OpenLID-v3 908  .908 —

Basque 5101 1D 040 940 _
M3 (ours) 954 954 973

fastText 554 624 —

. OpenLID-v3  .085 .700 —
Italic GlotLID 128 812 —
M3 (ours) 982 982 683

fastText .620 .620 —
OpenLID-v3 925 925 —

N.Germ. 107 1D 878 878 —_
M3 (ours) 978 979 185

fastText 565 567 —
OpenLID-v3 468 .612 —

W.Germ. G101 1D 716 915 _
M3 (ours) 996  .997 574

fastText 112 112 —

. OpenLID-v3 000  .000 —
Caspian 5 1D 662 662 —
M3 (ours) 986 986 973

fastText 782 782 —

i OpenLID-v3 800  .800 _
Kurdic 5107 1D 778 926 —_
M3 (ours) 963 984 .856

fastText 810 810 —

- OpenLID-v3  .901 901 —
Ukrainian - &1 007 1 826 826 _
M3 (ours)  1.000 1.000  .650

fastText .649 .659 —

GlotLID 709 882 _

M3 (ours) 978 985 572

Table 3: Language-level accuracy of existing LID tools
and M3 on the GEOVAR test set. Strict requires ex-
act ISO 639 match; Lenient additionally credits pre-
dictions of recognized sub-varieties. Variety is M3’s
variety-level accuracy on the same sentences.

1id.176 (Joulin et al., 2017), OpenLID-v3 (Fe-
dorova et al., 2026), and GlotLID (Kargaran et al.,
2023). Since these tools predict ISO 639 language
codes rather than geolects, we compare at the lan-
guage level, mapping each variety in GEOVAR
to its parent ISO 639 macro-language code and
rolling M3’s predicted variety up to the same level.
We report two scoring setups: strict, requiring the
predicted code to match the gold ISO code exactly,
and lenient, which additionally credits predictions
of recognized sub-varieties.

Table 3 shows two dominant failure modes in
existing tools. First, of GEOVAR’s 20 languages,
Talysh, Ovdalian, and Laki Kurdish are absent
from all three tools, and five more (Gilaki, Mazan-
darani, Hawrami, Southern Kurdish, Swiss Ger-
man) are recognized only by GlotLID. Second,
when strict accuracy drops sharply on Italic and
West Germanic, GlotLID is in fact identifying re-
lated but distinct varieties rather than the macro-

language, with lenient scoring recovering to 0.812
and 0.915 respectively. OpenLID-v3 yields essen-
tially the same accuracy as OpenLID-v1 (Burchell
et al., 2023), confirming that the gap to M3 reflects
the categorical LID paradigm itself rather than a
specific release. M3 reaches 0.978 strict and 0.985
lenient overall, outperforming existing tools while
additionally providing variety-level discrimination
at 0.572 accuracy, a granularity at which no exist-
ing tool operates.

7 Analysis

7.1 Clusters vs. Varieties

A natural question regarding the geospatial frame-
work is whether the representation that M3 learns
reflects a spectrum or rather discrete clusters of
varieties. To examine this, we project the per-
geolect mean embeddings of the fine-tuned en-
coder (centroid mode) to two dimensions using
UMAP (Mclnnes et al., 2018) and ask whether ge-
ographically adjacent varieties remain adjacent in
embedding space. Figure 5 illustrates the case of
Italic, where pairwise embedding distances corre-
late with pairwise great-circle distances at Spear-
man p = 0.65 (p < 1073).

First, the color gradient is largely preserved
across the projection, with northern, central, and
southern varieties occupying contiguous regions
of the embedding rather than mixing arbitrarily.
This indicates that M3 places geographically ad-
jacent varieties in adjacent regions of embedding
space, consistent with the gradient framing that
motivates our geolect formulation. Second, va-
rieties associated with geographic discontinuities
form visually separated clusters: the Sardinian and
southern island varieties (in green and violet) sit
apart from the mainland mass despite being pro-
jected jointly with it. The embedding geometry is
therefore neither a pure continuum nor a discrete
partition, but exhibits both regimes within a single
continuum.

Geographic Axis via Ridge Regression. The
aforementioned UMAP analysis is qualitative and
specific to Italic. A complementary analysis us-
ing ridge regression to project embeddings onto
the dominant geographic axis is reported for all
seven continua in Appendix D; it confirms that
the embedding-geography correspondence holds
broadly for continua with sufficient geographic ex-
tent.



UMAP of M3 embeddings

latitude (*N)

Figure 5: Geographic positions (left) and UMAP pro-
jection of M3’s fine-tuned per-geolect mean embed-
dings (right) for the Italic continuum. Each point is one
geolect; color encodes geographic position via a joint
latitude-longitude RGB scheme (latitude drives the red—
blue axis, longitude drives the green channel). Identical
colors in the two panels mark the same geolect.

7.2 Revisiting Continua

To test whether the continuum decomposition we
applied during training reflects a modeling ne-
cessity, we train one fine-tuned encoder on the
union of Italic, West Germanic, and North Ger-
manic. These three form a geographically contigu-
ous block covering 766 varieties, unlike the other
four continua which are widely separated. All hy-
perparameters match the selected per-continuum
configuration. Evaluated on the merged test split,
the joint model loses 2.2 Acc@(c points on Italic,
1.8 on West Germanic, and 0.6 on North Germanic,
with median geographic error unchanged.

Beyond this accuracy drop, which is small de-
spite the joint model facing roughly three times
as many varieties, the structure of the errors is
interesting. Of the 19,569 misclassified test sen-
tences, only 59 (0.3%) predict a variety from a
different continuum than the true one, while the
other 99.7% stay within continuum. Even the ge-
ographically adjacent Italic-West Germanic pair,
where the Alpine boundary places Swiss German
and Northern Italian varieties within a few cells of
each other, produces only 26 cross-boundary con-
fusions in either direction.

The within-continuum concentration of errors
reflects structure the model discovered from the
data. That means that the varieties within each
continuum form a linguistically coherent region of
embedding space distinct from the other two.

8 Conclusion and Discussion

This paper revisits LID for non-standardized va-
rieties and dialect continua by treating them as
geolects. Under this framing, the task is no
longer tied to a fixed inventory of labels, which

are not systematically available for all varieties,
but is instead cast as geolocation. To support
this formulation, we construct GEOVAR by gath-
ering samples of 929 geolects in 20 languages
across seven continua, and develop a grid-based
framework with three mapping strategies (cen-
troid, uniform, Gaussian) combined with classi-
fication and prototype-based methods. The fine-
tuned encoder outperforms all other methods and
surpasses widely-used LID tools at the language
level while additionally providing variety-level
discrimination. Performance varies systematically
across continua, with Basque reaching 0.973 accu-
racy (0 km median error) while North Germanic
does not exceed 0.185 (243 km median error).

Our analyses show that performance is shaped
more by how varieties are distributed than by
how many there are, with geographic dispersion
predicting difficulty. The embedding geometry,
in turn, exhibits both continuous and clustered
regimes within a single continuum. Existing LID
tools, while broadly capable, struggle with non-
standard varieties they were not explicitly trained
on, and several of GEOVAR’s languages are absent
from their label inventories entirely. With finer-
grained resources, the geographic framing could
compete with these tools while covering varieties
that current label inventories do not name.

Future Work. Beyond LID, we see the geospa-
tial representation itself as the most promising
direction to build on. Our finding that contin-
uum structure emerges from the embeddings (Sec-
tions 7.1 and 7.2) rather than being imposed raises
the question of whether geolect representations
can serve as a general-purpose signal for rep-
resentation learning (Hovy and Purschke, 2018).
One avenue is to inject geographic grounding into
language model pretraining, adaptation, or post-
training, and to test whether it improves handling
of non-standard varieties downstream. A comple-
mentary direction is to replace our fixed geolect-to-
cell mapping with a learned location encoder (Wu
et al., 2024; Betti et al., 2026), which could yield
a smoother and more expressive geographic rep-
resentation than the centroid, uniform, and Gaus-
sian strategies used here. Another is to move
beyond the equirectangular grid to an equal-area
geometry such as H3, which would make cells
physically comparable across latitudes and could
sharpen both the representation and the collision-
based analyses.



Limitations

Compiling a comprehensive resource for all
non-standard varieties is non-trivial. Although
GEOVAR already includes a substantial number
of geolects and could be further enriched, achiev-
ing broad inclusivity would require a larger coor-
dinated initiative spanning languages not only in
Europe but worldwide.

On the methodological side, the kernel density
estimation component could be extended with al-
ternative kernels or bandwidth selection strategies
beyond the isotropic Gaussian we use here. The
current Gaussian formulation also has two notable
properties that warrant future refinement. First,
geolects with larger regions contribute their sen-
tences to proportionally more cells, which ampli-
fies their aggregate influence across the grid rela-
tive to geolects with smaller regions. Second, be-
cause the kernel operates directly in degree space
rather than on great-circle distances, a given o cor-
responds to different physical distances depending
on latitude. For instance, at 0 = 0.5° near the
Italian peninsula, the kernel has a standard devia-
tion of roughly 55 km north to south and 42 km
east to west. This stems from the fact that ker-
nel weights wy . are defined at the geolect level,
with one Gaussian per region centroid, treating
each variety as a single spatially anchored obser-
vation. A sentence-level variant would weight ev-
ery sentence by its geolect’s kernel value, an exten-
sion we leave for future work. A further limitation
concerns how probability mass is assigned to grid
cells during training. In the current formulation,
only cells covered by observed varieties receive
non-zero probability, which leaves the model un-
able to place predictions in regions where no train-
ing variety is represented.

Ethics Statement

All data sources used in this work are properly
cited throughout the paper, and we rely exclusively
on existing corpora released by their respective au-
thors for research purposes. We do not foresee any
direct harm arising from our work, which aims
to support the documentation and computational
modeling of linguistic diversity, including non-
standardized and under-resourced varieties. We
note, however, that a large portion of the underly-
ing material originates from transcribed spoken di-
alogues, and may therefore contain incidental con-
tent that falls outside our control. GEOVAR op-

erates over varieties and regions, not individuals,
and our models predict where a text pattern is at-
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A GeoVar
A.1 Linking to Wikidata

Our selected data sources provide text with meta-
data including the name of the varieties and in
some cases, the name of the locations. For our
geolect modeling, we need to map this informa-
tion to latitude and longitude. To do so, we first
query Wikidata via SPARQL using location labels
and country names, then manually verify the re-
sults. As a knowledge graph, Wikidata provides
not only administrative metadata such as country
(P17) and administrative territory (P131), but also
geographic coordinates (P625) and, for larger re-
gions, bounding directional coordinates.

For locations on Wikidata, locations spanning
a certain geographical region (e.g. cantons or
provinces) come with bounding directional co-
ordinates: northernmost (P1332), southernmost
(P1333), easternmost (P1334), and westernmost
point (P1335). When all four are available, we
construct a bounding box and clip it to the cor-
responding country polygon using Natural Earth
data (Kelso and Patterson, 2010), yielding a set
of grid cells that approximates the variety’s geo-
graphic footprint. When only a point coordinate
from P625 is available, the variety maps to a single
grid cell. For example, the Bavarian region Oberp-
falz (Q10555) resolves to a bounding box spanning
49.0°-50.0°N and 11.7°-13.0°E, while the Nor-
wegian municipality Nes (Q488026) resolves to a
single point at (60.131°N, 11.489°E).

Following this, manual verification proved nec-
essary in several cases, as location names some-
times resolve to non-settlement entities (e.g. a
church or a geographic feature) or require disam-
biguation among multiple candidate entities.

A.2 Text Preprocessing

We apply a uniform set of preprocessing steps
across all corpora. We filter out particularly
short or uninformative utterances, including sam-
ples containing only numerals or single-word re-
sponses. Many corpora, particularly those orig-
inating from transcribed speech, contain conven-
tional transcription symbols such as # for pauses
or brackets for annotator comments; we remove
such markers to avoid introducing unintentional
biases into identification. For corpora with very
long utterances, notably Ukrainian, we split sen-
tences exceeding 100 characters at word bound-
aries, merging overly short trailing fragments back

into the preceding chunk. Finally, we deduplicate
sentences within each variety to prevent repeated
formulaic expressions from dominating the repre-
sentation.

A.3 Data Statistics

Table 4 reports corpus-level statistics per language
with the number of geolects, the average number
of samples per geolect (Avg/Geo), the type-token
ratio (TTR), and the average sentence length in
space-delimited words (|Word)).

Table 5 complements these with geographic and
distributional statistics aggregated at the contin-
uum level as follows:

* Ogeo: Standard deviation, i.e. the spatial stan-
dard deviation of variety centroids from the
continuum’s geographic center, (in km)

* NND: the mean within-continuum nearest-
neighbor distance (in km)

 Cell collision rate (Coll.): the mean number
of varieties sharing a centroid cell at 1° grid
resolution.

» Samples/Geolect: the mean number of test
samples per geolect

* Entropy: the normalized entropy of the
sentence-count distribution, where 1.0 indi-
cates a perfectly uniform distribution.

* Area: the convex hull area of variety cen-
troids

The seven continua differ substantially along
these dimensions. Basque is the most geograph-
ically compact (0geo = 25 km) with the highest
cell collision rate (25.2 varieties per cell) and near-
perfect sentence balance (entropy 0.990), making
it a dense but well-resourced classification target.
At the other extreme, North Germanic is the most
dispersed (0geo = 628 km) with the lowest colli-
sion rate (2.3) despite having 171 varieties, reflect-
ing a wide geographic span that includes the North
Atlantic islands. West Germanic and Italic occupy
a middle ground geographically (ogeo of 174 and
347 km) but have the largest variety inventories
(282 and 312), resulting in high collision rates
(20.6 and 18.1) comparable to Basque. Kurdic and
Ukrainian are spatially spread (0geo > 300 km)
with low collision rates, but differ sharply in data
balance: Kurdic has the lowest entropy (0.402),
dominated by Central Kurdish, while Ukrainian is
moderately balanced (0.684). Caspian is small and
geographically tight (ogeo = 104 km), making it
the simplest classification setting in GEOVAR.
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Continuum Language Source # Geolects # Samples Samples/Geolect Tokens TTR |Word|
Basque  Basque BASYQUE (Uria and Etxepare, 2011) 40 7,610 190.2 37,508 0.167 4.9
Danish DanDiaSyn (Johannessen, 2011) 13 7,851 603.9 173,658 0.055 22.1

Icelandic ScanDiaSyn (Johannessen, 2011) 7 6,122 874.6 70,034 0.105 11.4

North Swedish SweDiaSyn (Johannessen, 2011) 31 20,793 670.7 292,062 0.056 14.0
Germanic  Norwegian NorDiaSyn (Johannessen, 2011) 108 117,256 1,085.7 1,918,713 0.024 16.4
Ovdalian ScanDiaSyn (Johannessen, 2011) 7 1,034 147.7 13,591 0.142 13.1

Faroese ScanDiaSyn (Johannessen, 2011) 5 3,641 728.2 61,522 0.096 16.9

West Dutch SAND (Barbiers et al., 2007) 267 55,582 208.2 436,259 0.034 7.8
Germanic German Betthupferl (Blaschke et al., 2025) 7 5,482 783.1 53,746 0.234 9.8
Swiss German SwissDial (Dogan-Schonberger et al., 2021) 8 30,682 3,835.2 348,560 0.191 11.4

Italic Italic ASIt (Pescarini and Di Nunzio, 2010) 313 71,127 2272 416,807 0.125 59
Mazandarani PARME (Ahmadi et al., 2025) 2 4,106 2,053.0 37,696 0.173 9.2

Caspian  Gilaki PARME (Ahmadi et al., 2025) 8 5,249 656.1 53,957 0.290 10.3
Talysh PARME (Ahmadi et al., 2025) 3 2,032 677.3 15,650 0.342 7.7

Hawrami PARME (Ahmadi et al., 2025) 5 7,669 1,533.8 64,537 0.354 8.4

N. Kurdish Matras’s (2019) 72 10,614 147.4 56,775 0.116 53

Kurdic C. Kurdish CORDI (Ahmadi et al., 2024) 5 117,221 23,4442 789,887 0.127 6.7
S. Kurdish PARME (Ahmadi et al., 2025) 7 12,053 1,721.9 107,228 0.254 8.9

Laki Kurdish PARME (Ahmadi et al., 2025) 3 4,345 1,448.3 46,260 0.309 10.6

Ukrainian ~ Ukrainian Frund and Ahmadi’s (2026) 18 29,329 1,629.4 347,277 0.190 11.8
Total 929 517,985 557.6 5,325,618 0.088 10.3

Table 4: Corpus statistics per language, grouped by dialect continuum.

Dataset Properties Performance

Continuum # Geolects ogeo (km) NND (km) Coll. Samples/Geolect Entropy Area (km?) Acc@0c F1 Med. (km)

Basque 40 25 5 252
Italic 313 347 13 18.1
North Germanic 171 628 45 23
West Germanic 282 174 12 20.6
Caspian 13 104 19 47
Kurdic 92 310 37 39
Ukrainian 18 350 117 1.0

20 0.990 2,485 972 949 0
24 0.945 624,290 .683 .679 0
93 0.980 2,671,519 185 226 243
33 0.878 312,504 574 501 0
95 0.773 8,124 973 892 0
160 0.402 497,400 .856 .376 0
164 0.684 339,704 .650 .355 0

Table 5: Per-continuum dataset properties and the performance of the best model (M3).

A.4 Additional Data Sources

We are aware of additional variety corpora, includ-
ing MADAR for Arabic (Bouamor et al., 2018),
COJADS for Japanese (Miwa and Kai, 2023), and
GRDD for Greek (Chatzikyriakidis et al., 2023),
inter alia; we chose not to include them in the
current version of GEOVAR due to their wide geo-
graphical distribution. In addition, VarDial 2020’s
shared task (Gaman et al., 2020) focused on Social
Media Variety Geolocation (SMG) with datasets
covering German, Swiss German and languages
in former Yugoslavia (Ljubesic et al., 2016); these
could be added to GEOVAR in the future.

B Experimental Setup

B.1 Sentence Encoding

We represent each sentence s as a dense vector
e; € RP obtained from a pre-trained multilin-
gual sentence encoder. We use CANINE-C (Clark
et al., 2022), a character-level transformer that op-
erates directly on Unicode code points without
subword tokenization. This choice is motivated

by the nature of linguistic variation: orthographic
differences between closely related varieties often
manifest at the character level, and subword tok-
enizers trained on standardized text may collapse
these distinctions. In preliminary experiments on
the Italian dev set using the B2 nearest-centroid
method, CANINE-C substantially outperformed
both Paraphrase-MiniLM (Reimers and Gurevych,
2019) (F1: 0.487 vs. 0.317) and LaBSE (Feng
et al., 2022) (F1: 0.487 vs. 0.392), confirming the
advantage of character-level representations for va-
riety discrimination. As such, all experiments use
CANINE-C.

B.2 Data Splits

For each variety, we partition sentences into 80%
train, 10% validation, and 10% test, with splits
drawn uniformly at random using a fixed seed.
We enforce a minimum of one sentence per split
so that even the smallest varieties contribute to
all three partitions. Sentences are deduplicated
within each variety before splitting, which pre-



vents the same formulaic utterance from appear-
ing in both training and evaluation. Because sen-
tence counts per variety vary by several orders of
magnitude across GEOVAR, we do not subsam-
ple or reweight during training; macro-F1 ensures
that low-resource varieties remain visible in the re-
ported metrics.

B.3 Hyperparameter Optimization

We tune the fine-tuned encoder on the validation
split via a three-stage sweep:

» Stage 1: grid size (0.1, 0.25, 0.5, 1.0)

 Stage 2: learning rate (107°, 2x107°,
5x107?) and epochs (3, 5, 10)

» Stage 3: prototype mapping (centroid, uni-
form, Gaussian) and bandwidth o (0.1, 0.25,
0.5, 1.0, 2.0)

Each stage holds prior winners fixed. We se-
lect by Acc@Qc rather than macro-F1 because F1
can be inflated by Gaussian smoothing, which ex-
pands the geolect set D; without improving geo-
graphic precision. Acc@0c rewards exact-cell lo-
calization and is immune to this effect. Figure 6
shows the Stage 1 and Stage 3 sweeps per con-
tinuum. All continua converge on 1.0° grid size
and centroid-mode prototypes. Notably, the best-
performing configurations, as presented in Table 6,
use centroid-mode prototypes for every contin-
uum. This means that the predicted cell maps to
a single geolect, and Acc, CellAcc, and Acc@0c
collapse to the same value. As such, a prediction is
correct if and only if the model places the sentence
in its variety’s centroid cell.

B.4 Training Details

The fine-tuned encoder is trained with AdamW
and cross-entropy loss over centroid-cell labels,
with hyperparameters (grid size, learning rate,
number of epochs, mapping mode, Gaussian band-
width) selected on the validation set via the sweep
described in Section B.3. The non-fine-tuned
learnable baselines (M1 and M2) use fixed set-
tings: L-BFGS with C'=1.0 for logistic regression,
and Adam with Ir= 1073 for 50 epochs for the pro-
totype network.

All experiments were run on a single machine
with a NVIDIA RTX 4090 GPU. The full hyper-
parameter sweep for the fine-tuned encoder (Stage
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Figure 6: Validation sweeps for the fine-tuned encoder
(M3): Acc@(c (top) and median error in km (bottom)
across grid resolution (a) and prototype mapping mode
(b), where ctd is centroid and remaining points vary
Gaussian bandwidth 0. Coarser grids and centroid-
mode prototypes both increase Acc@(0c while keeping
median error low.

Continuum  Grid Ir Ep. Mode Dev Acc@0c
Basque 1.0° 2x107° 3 ctd 0.961
Italic 1.0° 5x107° 10 ctd 0.679
N. Germanic 1.0° 5x107° 10 ctd 0.186
W. Germanic  1.0° 5x107° 10  ctd 0.584
Caspian 1.0° 5x107° 3 ctd 0.982
Kurdic 1.0° 1x107% 10 ctd 0.858
Ukrainian 1.0° 5x107% 3  ctd 0.641

Table 6: Best fine-tuned encoder configuration per con-
tinuum, selected on the validation split by maximizing
Acc@0c (exact-cell accuracy). Grid is the geodesic
grid resolution, Ir and Ep. are the learning rate and
epochs, and Mode is the prototype mapping.

13) completed in under 36 GPU-hours per contin-
uum, for a total of approximately 250 GPU-hours
across the seven continua.

C Results

C.1 Test Evaluation

Tables 8-14 report per-continuum test set results
for all five methods across the three mapping
modes. For M1 and M2, the centroid, uniform,
and Gaussian rows report identical cell predic-
tions and therefore identical spatial metrics (Cel-
lAcc, Median km, Acc@Nc); only the variety-
dependent metrics (Acc, F1) vary across modes.
This can produce striking jumps. For instance,
M1’s F1 rises from .919 (centroid) to .998 (Gaus-



Continuum #Pairs # Sentences Median (km) Mean(km) % NN % Periph. True % Periph. Pred
Basque 3 18 80.7 80.7 0.0 100.0 100.0
Italic 382 1704 111.2 330.5 1.3 25.8 29.4
North Germanic 2912 10603 337.9 438.1 2.5 33.3 32.0
West Germanic 720 3200 111.2 109.9 2.3 44.1 49.5
Caspian 6 26 288.7 203.9 0.0 84.6 73.1
Kurdic 232 1847 143.7 188.3 6.9 31.4 34.4
Ukrainian 103 961 381.2 449 .4 12.2 45.1 24.9

Table 7: Confusion characteristics per continuum (M3, centroid mode). # denotes number.

sian) on Basque (Table 8), not because the model
localizes sentences better, but because Gaussian
mode’s D; pools more geolects per cell, raising
the chance that the true geolect is in the pool. For
M3 and B2, both the predictions and the variety re-
covery depend on the mode, so all metrics can vary
across rows. It is also worth noting that centroid
and uniform coincide for most continua because,
at the selected 1° grid, the majority of geolect re-
gions occupy a single cell, so the two mappings
induce the same cell-to-geolect sets; they diverge
only where regions span multiple cells (e.g. West
Germanic).

In addition, we report the performance of off-
the-shelf LID tools in comparison to our model in
Table 3.

C.2 Confusion Analysis

Table 7 summarizes confusion characteristics per
continuum for the best fine-tuned encoder in cen-
troid mode. Pairs counts distinct (true, predicted)
variety pairs with at least two confused sentences,
and Sentences gives the total number of misclas-
sified sentences across those pairs. Median and
Mean (both in km) report the haversine distance
between the centroids of confused varieties. %NN
is the fraction of confused sentences predicted as
the true variety’s nearest neighbor, while %Periph.
True and %Periph. Pred give the fractions of con-
fusions involving a peripheral true or predicted va-
riety.

C.3 Rank Correlations

We compute Spearman rank correlations between
six dataset properties (number of geolects, 0geo,
samples per geolect, cell collision rate, entropy,
and area as defined in Section A.3) and three
model outcomes (Acc@Qc, macro-F1, median ge-
ographic error) across the seven continua as shown
in Figure 7. For each property-outcome pair, we
rank the seven continua on both variables and com-
pute p using SciPy (Virtanen et al., 2020), which

Acc@0c -0.14

0.5

Macro-F1 -0.18 -0.61  +0.82* WXk

o
o
Spearman p

Figure 7: Spearman rank correlations (n = 7 continua)
between dataset properties (rows) and model outcomes
(columns). Cell values are p; * denotes p < 0.05.

yields a two-sided p-value under the null hypothe-
sis of no monotonic relationship. With only seven
data points, statistical power is limited and only
strong monotonic effects reach p < 0.05. The
significant correlations we observe therefore indi-
cate robust, large-magnitude relationships rather
than marginal trends, and the non-significant cells
should be read as inconclusive rather than as evi-
dence of no effect.



Method Mode Acc CellAcc F1  Median (km) Acc@0c Acc@lc Acc@2c Acc@3c

B1: LogReg — varieties — 150 .889 .108 0 .889 985 985 985
centroid 925 925 914 0 925 .999 .999 .999
B2: Nearest Centroid uniform 925 925 914 0 925 999 999 .999
Gaussian  .979 .001 956 696 .001 .010 .024 .048
centroid .940 .940 919 0 .940 .998 .998 .998
M1: LogReg — cells uniform 940 .940 919 0 .940 998 998 .998
Gaussian  .998 940 998 0 940 998 998 998
centroid 955 955 937 0 955 1.000 1.000 1.000
M2: ProtoNet uniform 951 951 932 0 951 1.000 1.000 1.000
Gaussian  .999 945 999 0 .945 .999 .999 .999
centroid  .973 973 949 0 973 1.000 1.000 1.000
M3: Fine-tuned Encoder  uniform 973 973 949 0 973 1.000 1.000 1.000
Gaussian  .998 .243 .997 138 .243 .998 1.000 1.000

Table 8: Test set results for the Basque continuum. The selected configuration uses centroid mode; Gaussian rows
are shown for comparison. Note that Gaussian inflates F1 via pooled geolect sets D; but collapses CellAcc and
Acc@0(c because its argmax cells sit outside the true region polygon.

Method Mode Acc CellAcc F1  Median (km) Acc@0c Acc@lc Acc@2¢c Acc@3c
B1: LogReg — varieties — 242 376 .110 111 .376 .609 728 87
centroid 206 206 197 190 206 458 .606 700
B2: Nearest Centroid uniform .206 .206 197 190 .206 458 .606 .700
Gaussian  .192 192 214 193 192 .439 592 .694
centroid 427 427 408 78 427 .689 .806 .859
M1: LogReg — cells uniform 427 427 408 78 427 .689 .806 .859
Gaussian 427 427 408 78 427 .689 .806 .859
centroid 353 353 .368 111 .353 .621 748 .829
M2: ProtoNet uniform .365 .365 378 111 .365 .630 156 .834
Gaussian  .354 354 .369 111 354 .625 155 .834
centroid  .683 .683 679 0 .683 .890 940 .960
M3: Fine-tuned Encoder  uniform .683 .683 679 0 .683 .890 940 .960
Gaussian  .686 .686 .686 0 .683 .890 939 960

Table 9: Test set results for the Italic continuum (Italian, 313 varieties). Under Acc@Qc selection all modes
converge to similar performance because centroid, cell, and Gaussian differ negligibly at the chosen grid size for
varieties occupying a single cell.

Method Mode Acc CellAcc F1  Median (km) Acc@0c Acc@lc Acc@2¢c Acc@3c
B1: LogReg — varieties — .084 105 .054 429 .105 185 .265 376
centroid  .052 .052 .062 496 .052 120 208 .308
B2: Nearest Centroid uniform .052 .052 .062 496 .052 .120 208 .308
Gaussian  .099 .000 .149 1046 .000 .001 .005 .010
centroid  .121 121 139 334 121 226 .346 498
MI1: LogReg — cells uniform 121 121 139 334 121 226 .346 498
Gaussian  .723 121 786 334 121 226 .346 498
centroid .085 .085 111 351 .085 .195 316 433
M2: ProtoNet uniform .083 .083 .105 352 .083 191 313 431
Gaussian  .662 .085 729 352 .085 191 .309 429
centroid  .185 185 226 243 185 326 458 .569
M3: Fine-tuned Encoder  uniform 185 185 226 243 185 326 458 569
Gaussian 318 .079 .379 247 .079 318 449 .560

Table 10: Test set results for the North Germanic continuum (Danish, Swedish, Norwegian, Icelandic, Faroese,
Ovdalian; 171 varieties). This is the hardest continuum in GEOVAR: the large number of varieties, uneven data
distribution, and wide geographic span including the North Atlantic islands make fine-grained variety discrimina-
tion substantially more difficult. Even the best configuration yields a median error of 243 km.



Method Mode Acc CellAcce F1 Median (km) Acc@0c Acc@lc Acc@2c¢ Acc@3c

B1: LogReg — varieties — 243 332 .028 111 332 .675 .839 902
centroid 267 267 .160 130 267 .600 .827 938
B2: Nearest Centroid uniform .269 .269 .162 130 263 .603 .828 .939
Gaussian 484 .000 440 776 .000 .005 .028 .058
centroid 397 .398 .320 71 .397 .800 938 984
M1: LogReg — cells uniform .398 398 321 71 397 .800 938 984
Gaussian  .999 .398 999 71 397 .800 938 984
centroid .350 351 242 111 .350 738 908 975
M2: ProtoNet uniform 353 353 248 93 353 740 908 974
Gaussian 998 354 999 75 .353 745 910 975
centroid  .574 574 501 0 574 912 977 994
M3: Fine-tuned Encoder  uniform 576 576 502 0 .562 912 977 995
Gaussian  .847 220 .829 111 212 .845 965 .988

Table 11: Test set results for the West Germanic continuum (Dutch, German, Swiss German; 282 varieties). The
fine-tuned encoder achieves 57.4% exact-cell accuracy and a median error of 0 km at the selected 1 grid; Gaussian
mode still appears higher on F1 because of D; pooling but collapses CellAcc.

Method Mode Acc CellAcc F1 Median (km) Acc@0c Acc@lc Acc@2c¢ Acc@3c
B1: LogReg — varieties — .868 901 .501 0 901 927 928 1.000
centroid 144 144 592 0 744 .855 .862 1.000
B2: Nearest Centroid uniform 744 744 592 0 744 .855 .862 1.000
Gaussian  .696 .000 .598 783 .000 .000 .000 .001
centroid .879 .879 .662 0 .879 923 925 1.000
MI1: LogReg — cells uniform .879 .879 .662 0 .879 923 925 1.000
Gaussian  1.000 .879 1.000 0 .879 923 925 1.000
centroid 912 912 107 0 912 941 944 1.000
M2: ProtoNet uniform 910 910 104 0 910 942 944 1.000
Gaussian  1.000 907 1.000 0 .907 941 945 1.000
centroid 973 973 .892 0 973 986 986 1.000
M3: Fine-tuned Encoder  uniform 973 973 .892 0 973 986 986 1.000
Gaussian 984 131 918 111 131 984 986 992

Table 12: Test set results for the Caspian continuum (Gilaki, Talysh, Mazandarani; 13 varieties). Because these
three languages occupy a narrow strip along the southern Caspian coast, Acc@3c saturates at 1.0 for most methods:
within three cells of any true centroid, the correct variety is almost guaranteed to be among the candidates.

Method Mode Acc CellAce F1 Median (km) Acc@0¢c Acc@lc Acc@2c¢ Acc@3c
B1: LogReg — varieties — .696 713 102 0 713 922 970 983
centroid 224 224 134 111 224 .695 926 968
B2: Nearest Centroid uniform 224 224 134 111 224 .695 926 .968
Gaussian  .299 299 137 111 299 702 925 968
centroid 719 719 225 0 719 935 977 .990
M1: LogReg — cells uniform 719 719 225 0 719 935 977 .990
Gaussian  .719 719 225 0 719 935 977 .990
centroid 456 456 .168 91 456 .857 956 973
M2: ProtoNet uniform 460 460 .169 91 .460 .859 958 975
Gaussian 467 467 .169 91 467 .852 955 974
centroid 856 .856 376 0 .856 962 982 989
M3: Fine-tuned Encoder  uniform .856 .856 376 0 .856 962 982 989
Gaussian  .859 .859 377 0 .859 961 982 990

Table 13: Test set results for the Kurdic continuum (Central, Northern, Southern, Laki Kurdish, Hawrami; 92
varieties). The large gap between accuracy (.856) and macro-F1 (.376) for the fine-tuned encoder reflects class
imbalance: Central Kurdish accounts for over 117k of the 147k Kurdic sentences, and high accuracy on it masks
weaker performance on the four smaller varieties.



Method Mode Acc CellAce F1 Median (km) Acc@0c Acc@lc Acc@2c¢ Acc@3c

B1: LogReg — varieties — 531 531 201 0 531 548 .621 .645
centroid 278 278 176 246 278 334 494 532
B2: Nearest Centroid uniform 278 278 .176 246 278 334 494 532
Gaussian 412 .000 321 818 .000 .009 .025 .043
centroid 531 531 201 0 531 548 .621 .645
M1: LogReg — cells uniform 531 531 201 0 531 548 .621 .645
Gaussian  .757 531 764 0 531 548 .621 .645
centroid 446 446 264 145 446 479 611 .644
M2: ProtoNet uniform 442 442 267 145 442 480 .607 .638
Gaussian  .798 456 7135 145 456 488 .616 .649
centroid  .650 .650 355 0 .650 672 784 812
M3: Fine-tuned Encoder  uniform 650 .650 355 0 .650 672 784 812
Gaussian  .693 113 435 111 113 .693 765 .808

Table 14: Test set results for the Ukrainian continuum (Ukrainian; 18 varieties). Acc@ Nc¢ increases modestly
between N=0 and N=3 because Ukrainian varieties in GEOVAR are separated by distances larger than three cells
at the selected grid resolution, leaving little near-miss regime to recover.



D Embedding Geometry and
Geographic Axis

Complementing the UMAP analysis of Italic in
Section 7.1, we provide a quantitative analy-
sis across all seven continua of whether the
per-geolect mean embeddings of CANINE-C en-
code geographic position beyond the discrete cell-
classification signal. We project each geolect’s
embedding onto the direction in embedding space
that best predicts its geographic coordinate. For
each continuum, we fit a ridge regression (o =
1) from the 768-dimensional embeddings to ei-
ther latitude or longitude, take the Lo-normalized
weight vector, and project each embedding onto
it. The reported Pearson r in Figure 8 is com-
puted on out-of-fold predictions via 5-fold cross-
validation, so the correlation reflects how well the
embedding generalizes geographic position to un-
seen geolects rather than a training-set fit. Be-
cause the dominant geographic axis varies across
continua where some are stretched primarily north-
south (e.g. Italic) and others east-west (e.g. North
Germanic, spanning Iceland to Finnmark), we fit
the regression against both latitude and longitude
and report whichever yields the stronger absolute
cross-validated correlation per continuum.

The projection reveals substantial variation in
how strongly the embedding encodes geography
across continua. Italic (r = 0.88, northward),
West Germanic (r = 0.87, northward), North Ger-
manic (r = 0.83, eastward), and Kurdic (r = 0.78,
northward) exhibit clear geographic signal, with
the colour gradient on the map closely tracking
the chosen axis. The dominant axis itself is in-
formative: continua with greater latitudinal ex-
tent (Italic, West Germanic, Kurdic) project most
strongly along latitude, whereas North Germanic,
stretched across more than fifty degrees of lon-
gitude from Iceland to Finnmark, projects along
longitude. The remaining three continua show
weaker correlations. Basque (r = 0.36) covers
only ~25 km of geographic spread, leaving little
coordinate variation for the embedding to encode.
Caspian (r = —0.46) and Ukrainian (r = —0.53)
have small geolect counts (13 and 18 respectively),
and the cross-validation estimate becomes high-
variance and can flip sign under small perturba-
tions of the fold assignment.

A second observation concerns the alignment
between the embedding axis (colour) and dialec-
tological grouping (shape). Within strong-signal

continua, geolects belonging to the same dialecto-
logical group tend to cluster along similar bands
of the colour gradient rather than being scattered
across it, consistent with the within-continuum
substructure visible in the UMAP analysis (Sec-
tion 7.1).
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