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Abstract

This study investigates the ability of speech-based language identification (LID) systems to handle dialectal variation
in low-resource settings and explores whether classification outcomes correspond to phonetic proximity, as well
as an exploratory tool for dataset quality. We collected corpora for three macrolanguages Mande, Quechuan, and
Yiddish, each presenting distinct internal variation, and evaluated three types of models: GMM, Whisper, and
wav2vec2-based architectures. Models were tested both within language families and across the entire multilingual
dataset to assess generalization. Layer-wise classifiers built on wav2vec2-XLSR embeddings were used to identify
the layers most sensitive to phonetic or phonological features. Results show that simple GMM models can generalize
well in small, highly similar datasets, while Whisper-based classifiers tend to overfit, particularly on closely related
dialects. Wav2vec2-XLSR (layer 12 + MLP) captures better fine phonetic and prosodic distinctions, suggesting that
embeddings encode nuanced pronunciation cues. For datasets with more diverse sources like Quechua, Whisper
demonstrates better generalization. Overall, LID classifiers can both reveal linguistic patterns and highlight dataset
quality issues, with model architecture and layer-specific representations shaping performance.
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1. Introduction type, quantity, and diversity of available data, as
well as the impact of pretraining in the multilingual
While automatic speech processing achieves im-  models used. Initially, our work will focus on identi-
pressive results, including for an increasing number  fying how these biases manifest in the languages
of low-resource languages, the more complex is-  being studied, thereby guiding more in-depth future
sue of handling dialectal variation remains largely ~ research in the resulting directions. This work is
underexplored and typically yields unsatisfactory  therefore intended to be exploratory and prelimi-
results in large multilingual models (Joshi et al.,  nary, while providing the necessary data for further
2024). The work presented in this article seeks to  studies.
address two questions: is it possible to quantify
the level of granularity in variation that speech pro- 4 4.
cessing systems based on embeddings are able
to handle in a low-resource context? If so, canthe = The Quechuan languages, spoken mainly in Peru,
classifications produced by these models be used  Bolivia, Ecuador and Colombia form a linguistic
as a new metric for measuring linguistic proximity ~ family with a complex internal structure. In terms
between variants? To test these hypotheses, we be-  of phylogenetic classification, the family is divided
gin by collecting corpora of variants for three highly  into two main branches: Ql, grouping the central
distinct macrolanguages, each presenting different ~ Peruvian languages, and Qll (all other languages in
issues in terms of internal classification: the Mande  the family) (Torero, 1970 [2002]; Cerrén-Palomino,
languages, the Quechuan languages, and Yiddish 1987 [2003]; Blum et al., 2023). The number of
dialects. Based on these corpora, we train or fine-  distinct languages within the family remains unre-
tune three types of spoken language identification ~ solved. In Camacho Rios et al. (2024), it is pro-
(SLID) models (GMM, wav2vec2, Whisper) in order ~ posed that between 12 and 17 languages can be
to evaluate the classification and get an initial idea  distinguished, based on the criteria of mutual in-
of the difficulty of the task with limited data. Atthe telligibility, phonological and morphosyntactic dis-
same time, we train a series of classifiers using  tance, lexical distance, and sociolinguistic percep-
embeddings extracted from each layer of an XLS-R  tion. The number of variants within these lan-
model to determine whether the layers known to  guages is especially difficult to estimate as the vari-
mainly encode phonological features (Pasad et al.,  ations form a continuum (Mannheim, 2018). The
2021) yield higher classification accuracy. This will ~ work of SIL (Summer Institute of Linguistics) led to
give us an idea of the extent to which the classifica-  the creation of 44 ISO codes for modern Quechua
tion is based on phonetic/phonological criteria. The  languages, 43 of which are still spoken today. The
primary challenge of this task lies in the fact that  criteria used to assign these ISO codes are un-
numerous factors influence the results: the quality,  clear and many of them refer to linguistic variants
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rather than distinct languages. Therefore, the cur-
rent classification of Quechua languages leaves
room for improvement. Any improvement on this
classification should build on the existing work, ide-
ally enhancing it through empirical foundations. We
believe that the analysis of speech signal can be
of particular interest to address this issue.

1.2. Yiddish dialects

Yiddish is a language of the Indo-European fam-
ily, belonging to the Germanic branch, which arose
through a historical language shift from Middle High
German. Yiddish is considered by Ethnologue'
as a "macrolanguage”, divided into nearly extinct
Western Yiddish (yih) and endangered Eastern Yid-
dish (ydd). Yiddish dialects are not assigned dis-
tinct ISO language codes. The present study fo-
cuses exclusively on Eastern Yiddish. Dialological
research (Weinreich et al., 2008; Jacobs, 2005;
Beider, 2015) has shown that the most salient
isoglosses separating three major Eastern Yiddish
dialects (Nothern-Eastern — NEY, Central-Eastern
— CEY and Southern-Eastern — SEY) are primarily
phonetic, particularly in the vowel system. Differ-
ences at the morphosyntactic and lexical levels are
also attested, but they tend to be less systematic,
less frequent, and less discriminative for dialect
classification. Hasidic Yiddish is a somewhat spe-
cial case, constituting a distinct sociolinguistic phe-
nomenon: due to intense and ongoing contact with
American English and Modern Hebrew, it exhibits
a range of contact-induced features, including sig-
nificant phonetic innovations (Nove, 2021).

1.3. Mande languages

The Mande languages constitute a genealogically
coherent family traditionally classified within the
Niger—Congo phylum, although their precise posi-
tion within Niger—Congo has been subject to debate
due to their typological distinctiveness. Mande lan-
guages are spoken across a wide area of West
Africa, extending from Senegal and Mali to Coéte
d’lvoire, Guinea, and Burkina Faso. The family
is internally divided into several branches, usu-
ally grouped into Western, Eastern, Southern, and
Southwestern Mande (Kastenholz, 1996; Vydrine,
2004). Bambara (bam), Wan (wan), and Ngen
(gnj), the languages considered in the present
study, belong to different subgroups within West-
ern and Southern Mande and exhibit substantial
phonological and morphosyntactic diversity (Vy-
drine, 2004; Nikitina and Treis, 2020; Korol, 2022).
Unlike Quechua and Yiddish, each Mande lan-
guage is assigned a distinct ISO 639-3 code, reflect-

"https://www.ethnologue.com/language/
yid/
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ing substantial mutual unintelligibility and percep-
tion of clear linguistic boundaries between varieties.
Nevertheless, dialect continua and contact-induced
variation are also attested, particularly in regions
of intense multilingualism.

Typologically, Mande languages are predomi-
nantly isolating to slightly agglutinative, display
strict SOV word order, and are characterized by
tonal systems that play a central role in lexical
and grammatical distinctions. Tone inventories and
tonal processes vary considerably across the family,
contributing to significant phonetic and phonologi-
cal distance between languages (Vydrine, 2004).

1.4. Linguistic diversity and ISO code
attribution in our dataset

The presented dataset of chosen language groups
is treated as a structured ensemble of linguistic va-
rieties whose distances are approximated through
their ISO language codes. ISO codes represent a
formalized attempt to capture perceived distances
between linguistic variants, yet the criteria underly-
ing these assignments vary considerably. Linguis-
tic distance is understood here as a complex qual-
itative notion, grounded in accumulated linguistic
evidence (phonological, morphosyntactic, and lexi-
cal), mutual interpretability, and the social judgment
of speaker communities and linguistic institutions.

The dataset includes three distinct configurations
of ISO coding practices. First, in the case of the
Mande languages, ISO codes are predominantly
assigned to what are widely regarded as sepa-
rate languages, corresponding to relatively large
phonological and grammatical distances. Second,
Quechuan languages presents a scenario, where
ISO codes have been assigned inconsistently and
often correspond to dialectal or sub-language-level
variation within a dense dialect continuum. Third,
Eastern Yiddish dialects constitute a case in which
no separate 1ISO codes are assigned, despite well-
established dialectological, mostly phonetic, dis-
tinctions.

From a typological perspective, the dataset
brings together highly diverse phonetic and mor-
phosyntactic systems. It includes tonal Mande lan-
guages, which rely heavily on pitch contrasts; ag-
glutinative Quechua languages, characterized by
complex suffixal morphology; and inflectional Yid-
dish dialects, whose phonetic profiles reflect Middle
and Eastern European areal features. These typo-
logical differences have direct consequences for
how the languages are represented in acoustic lan-
guage models.


https://www.ethnologue.com/language/yid/
https://www.ethnologue.com/language/yid/

2. Datasets

To ensure comparability, all datasets created con-
tain 2.5 hours of audio data per ISO code or variant.
The files have all been converted to 16kHz mono
WAV format and are between 5 and 30 seconds
long. All datasets have a train, validation and test
split, each containing utterances produced by dif-
ferent speakers. We have taken particular care in
preparing the data in order to reduce speaker- and
microphone-recognition biases. The overall quality
of the corpora was measured using the Signal-To-
Noise Ratio; a visualisation of the results is pro-
vided in Appendix 7, Figure 9. The overall synthe-
sis of the corpus, including the train-dev-test split
distribution and the number of speakers per split,
is presented in Figure 11.

2.1.

Two main sources with ISO code identification are
available for Quechuan languages:

Quechuan languages

+ Mozilla Data Collective? (MDC). This succes-
sor to Common Voice brings together speech
datasets developed by speaker communities.
For Quechua languages, 17 datasets are avail-
able, covering 16 ISO codes. All but one
of these datasets consist of scripted speech:
speakers read very short sentences (3.5 words
in average) with simple syntax.

» Recordings of the Bible and New Testament.
Many variants have recordings available on-
line, some of which are prepared for NLP
purposes®. This is the main data source for
Quechuan languages in the large multilingual
models.

Qutside of these corpora, the volume of avail-
able audio content in Quechua varies significantly
depending on the language. Southern Quechua
(QIC linguistic group) stands out as the majority
language in terms of both speakers number and
media visibility (social networks, radio, television),
which facilitates data collection. For the LID experi-
ments, we will focus on this language, comparing 4
closely related variants, for which we have collected
between 15 and 30 minutes of additional data from
the media or from recordings in our possession.
These variants are divided into two sub-groups:
Chanka (quy) and Collao (quz, gxp, quh). At the
phonological level, they differ in that the Collao
variants feature ejective and aspirated consonants.
This distinction allows for rapid identification, even

thtps ://datacollective.
mozillafoundation.org/datasets?g=quechua

Shttps://huggingface.co/datasets/
Flux9665/BibleMMS

with short utterances. Within the Collao group, the
differences are more subtle, as the variants share
the same phonological system; our experiments
will seek to determine whether the models are able
to achieve this level of granularity in distinguishing
between the variants.

2.2. Yiddish dialects

Two Yiddish datasets were constructed for the ex-
periments: one comprising the full training pipeline
(train, development, and test splits), and a sep-
arate dataset for out-of-domain evaluation. Both
datasets consist of three Eastern Yiddish varieties:
Northern Eastern Yiddish (yid_ney), Central East-
ern Yiddish (yid_cey), and Southern Eastern Yid-
dish (yid_sey). Data were drawn from the Cor-
pus of Spoken Yiddish in Europe (CSYE, Bleaman
and Nove (2025)). As the corpus consists of post-
Holocaust interviews with native Yiddish speakers
living in the United States, a preprocessing pipeline
was applied to filter out interviewer speech pro-
duced by non-native speakers, as well as segments
containing Yiddish—English code-switching.

At the initial stage, our experiments included Ha-
sidic Yiddish data extracted from the Mozilla Com-
mon Voice corpus (Ardila et al., 2020). However,
the preliminary observations suggested a strong
bias toward the Hasidic variety, which systemati-
cally attracted the majority of the model’s predic-
tions. We hypothesized that the model was rely-
ing on non-linguistic cues. Therefore, to reduce
source-related effects, we restricted the dataset to
European Yiddish dialects, which are more homo-
geneous both linguistically and with respect to the
types of recordings available.

The second out-of-domain test dataset was
drawn from a different source corpus—Reading
Electronic Yiddish Documents (REYD, Webber
et al. (2022))—for the yid_ney and yid_cey va-
rieties. This dataset represents a distinct type of
data, consisting of read speech from books, and
involves different speakers and recording condi-
tions. For yid_sey, we used a YouTube interview
with a native speaker of the dialect, which was di-
arized in order to bring it into a format comparable
to the other datasets. The composition of this out-
of-domain evaluation dataset is presented in Table
1.

Dialect No. of speakers | No. of seg-
ments

yid_ney | 2 461

yid_cey | 2 387

yid_sey | 1 397

Table 1: Out-of-domain test corpus for Yiddish di-
alects
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2.3. Mande languages

The dataset comprising the three Mande lan-
guages, Bambara, Wan, and Ngen, represents a
subset of a continuous fieldwork effort spanning
more than twenty years within Mande-speaking
communities. The data were collected in naturalis-
tic settings and cover a range of speech recordings,
including spontaneous narratives, elicited vocabu-
laries, and translations of isolated phrases. This
diversity of data provides a broad sample of speech
styles and communicative contexts, while also in-
troducing variability in prosodic and segmental re-
alization.

The recordings for Wan and Ngen originate from
unpublished personal fieldwork corpora*. Prior
to inclusion in the present study, these data un-
derwent preliminary processing, including semi-
automatic segmentation of the audio into phrase-
level units. In addition, metadata were compiled on
the basis of field notes provided by the original data
collectors, including information on discourse type,
topical domain, and the number of speakers in-
volved in each recording. This metadata was used
both to ensure internal consistency of the dataset
and to support controlled experimental splits where
possible.

The Bambara data are substantially more vo-
luminous and heterogeneous. A portion of this
dataset is publicly available through the CORPO-
RAN platform (Corpus oraux annotés), hosted by
TGIR Huma-Num® (Vydrin, 2013, 2014). These
recordings include annotated oral corpora collected
across multiple regions and communicative set-
tings. For the purposes of the present experiments,
a curated subset of the Bambara recordings was
selected to ensure comparability with the Wan and
Ngen datasets in terms of segment duration, record-
ing conditions, and distribution of recording types.

3. State of the art in SLID

The different languages included in this study do not
receive the same amount of coverage in the training
data of the state of the art acoustic large language
models. For the Mande languages, the Whisper
model (Radford et al., 2022) includes training data
for Bambara but lacks coverage of Wan and Ngen.
Omni-ASR (Omnilingual et al., 2025) does not in-
clude Wan or Ngen, although it does incorporate

“A short fragment of Ngen corpus was published in

Pangloss Collection of oral data: https://pangloss.

cnrs.fr/corpus/Ngen. In written form, part of the
Wan corpus has been incorporated into the Speech Re-
porting Corpus (Nikitina, 2023), a curated collection of
narrative texts focusing on discourse reporting strategies
in storytelling

Shttps://corporan.huma-num. fr/
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ISO Code | split | O Of No. of
speakers segments
quy train | > 7 654
dev | >2 167
test | > 11 100
quz train | > 12 797
dev | 9 118
test | 12 100
gxp train | 9 840
dev | 1 202
test | 9 100
quh train | > 8 711
dev | >2 128
test | > 8 100
bam train | 9 594
dev | 3 148
test | 2 148
wan train | 2 509
dev | 1 113
test | 1 112
gnij train | 2 544
dev | 2 146
test | 1 136
yid_ney | train | 25 977
dev | 9 209
test | 5 203
yid_cey | train | 14 903
dev | 5 220
test | 5 216
yid_sey | train | 26 1018
dev | 5 212
test | 5 229

Table 2: Numbers of speakers and segments
across all datasets and splits

other Mande languages that are phonetically simi-
lar to Wan, such as Mwan (moa). Eastern Yiddish,
treated as a single entity in most models, receives
no dialect-specific acoustic modelling, despite the
phonetic salience of dialectal distinctions.

Quechuan languages receive comparatively bet-
ter coverage: for the LID task, the MMS model
reports support for 34 ISO codes. To assess the
actual performance of this model, we evaluate it
using the test split of our dataset, supplemented
with a few utterances from the train split to ensure
100 files per language. The overall accuracy is
relatively low, with a micro-F1 score of 0.46. The
confusion matrix in Figure 1 reveals that the lan-
guage most distinct from the other three (quy) is
the best predicted. The overprediction of the quh
class, which absorbs similar variants, may be due
to an imbalance in the training data. This potential
imbalance must be accounted for when analysing
the results produced by pretrained models.

State-of-the-art dialect classification systems are


https://pangloss.cnrs.fr/corpus/Ngen
https://pangloss.cnrs.fr/corpus/Ngen
https://corporan.huma-num.fr/

quy 0.01 003 0.13 0.10

quz 0.05 0.07 0.12 0.20
gxp 0.00 0.00 0.17 0.08
quh 0.02 0.01 0.07 0.03

quy quz axp quh other

Predicted language

Figure 1: MMS LID classification result

often built on unsupervised acoustic representa-
tions such as traditional spectral features (Mel-
Frequency Cepstral Coefficients), temporal deriva-
tives (shifted-delta cepstra), or high-resolution sig-
nal processing outputs such as Single Frequency
Filtering (SFF) and Zero-Time Windowing (ZTW),
to capture phonetic and prosodic variability. When
paired with robust classifiers, either classical statis-
tical models (GMM, SVM) or neural architectures
(Temporal Convolutional Networks, Time Delay
Neural Networks, and variants like ECAPA-TDNN),
the resulting systems achieve satisfactory perfor-
mance on fine-grained dialect tasks: such combi-
nations typically produce accuracies in the 80 %
range according to multiple benchmarks in the liter-
ature (Agrawal et al., 2016; Chittaragi et al., 2018;
Tibi and Messaoud, 2025; Kethireddy et al., 2022).
Some research has already been conducted to un-
derstand which features these systems primarily
rely on for classification decisions. For instance,
(Bafna and Wiesner, 2025)’s work indicates that
neural systems such as ECAPA-TDNN particularly
encode accent-related information.

Conversely, handling dialectal variation is poorly
suited to the architectural design of large language
models: firstly, the lack of available corpora for non-
standard varieties deprives tools of training data.
Furthermore, the architectures of widely used mod-
els are designed to smooth out variations to ensure
robustness against noise, often leading to outputs
that are homogenised toward the closest majority
variant. Consequently, attempts to identify dialects
using models that encode the signal through em-
beddings yield mixed results, with a rapid decline in
accuracy as dialectal similarity and the number of
classes to discriminate increase (Joshi et al., 2024;
Lonergan et al., 2023). The work of Van Dinh et al.
(2024) on Vietnamese dialects serves as a particu-
larly compelling example: the authors compiled a
corpus of 102 hours of audio curated from publicly
available sources for 63 regional variants. From
this, they fine-tuned several flavours of pre-trained
models (wav2vec2 and Whisper) for dialect identifi-

cation, producing classification models with varying
granularity. Each series of models is trained to pre-
dict 1) the region (3-class); 2) the dialect within each
region (19 to 25-class); 3) the dialect at the global
level (63-class). The results show high accuracy for
the first task, but performance drops dramatically
as the classification grows more complex. Signifi-
cant F1-score variations in the performance of the
19-class models across regions suggest that there
is a threshold of linguistic similarity beyond which
dialectal variations are no longer recognised.

Understanding how embedding systems encode
acoustic signals is a particularly important chal-
lenge, and several studies have addressed this
question (Pasad et al., 2021; English et al., 2024),
showing that:

« Early layers focus more on acoustic features
(low-level signal properties),

» Middle layers begin to encode phonetic struc-
ture as well as tone and stress (de la Fuente
and Jurafsky, 2024),

+ Higher layers reflect more abstract linguistic
units.

4. Experiment and results

Several speech-based language identification mod-
els were evaluated in this study in order to compare
architectures with different inductive biases and to
reveal possible correlations with linguistic distances
and the system of ISO codes. The tested mod-
els include: (i) a Gaussian Mixture Model (GMM)
baseline; (ii) Whisper, a transformer-based en-
coder—decoder model originally designed for au-
tomatic speech recognition (ASR) (Radford et al.,
2022); and (iii) self-supervised speech represen-
tations based on wav2vec2-base (Baevski et al.,
2020).

The models were evaluated under two experi-
mental configurations: (a) separately within each
language or dialect group, and (b) jointly on the en-
tire multilingual dataset. This design allows us to as-
sess model generalization under varying degrees
of linguistic similarity and data scarcity. Specifi-
cally, we examine performance on: (i) highly sim-
ilar and largely mutually intelligible dialects (East-
ern Yiddish and Quechua) (ii) non-interintelligible
languages within a genetically homogeneous fam-
ily (Mande languages); and (iii) macro-groups of
genetically and typologically diverse languages
(Mande vs. Quechua vs. Yiddish).

4.1. GMM-based language identification

To establish a baseline free from biases induced
by model pretraining, we first train a Gaussian
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Figure 2: GMM predictions for Quechua variants

Mixture Model (GMM)-based classification system
(Torres-Carrasquillo et al., 2004), using MFCC fea-
ture vectors extracted at the frame level from each
speech utterance. Features are standardised using
a scaler. The normalized MFCC vectors are then
used to train class-specific GMMs via maximum
likelihood estimation, whilst model hyperparame-
ters (number of mixture components, covariance
structure and covariance regularisation) are opti-
mized through grid search.

The results of this classification are consistent
across the tested languages: for languages with
marked differences, such as Mande languages, the
classification has a 100% accuracy. For Quechua
variants, the accuracy drops to 0.57, with disparities
among classes (see Figure 2): the quz variant is
frequently confused with quh, with which it shares
the same phonological system. The strong perfor-
mance for gxp is likely due to the higher quality of
its data and its lower internal variability. Accuracy
is even lower for Yiddish dialects (see Figure 3) :
0.46 with in-domain test set and 0.43 when adding
out-of-domain samples.

yid_ney  0.31 0.45 0.25 yid_ney  0.26 0.20

yid_sey  0.02 0.77 0.21 yid_sey  0.01 0.91 0.08

True label
True label

yid_cey 0.37 0.35 0.28 yid_cey 0.26 0.63 0.11

A A A A 3
¢ g ¢ ¢ g

N L) & & B &
o’ Q7 7 & 7 O

N 3
Predicted label Predicted label

(a) In-domain test (b) Out-of-domain test

Figure 3: GMM predictions for Yiddish dialects

4.2. Whisper-based language
identification

Whisper is primarily designed as an ASR model
and not as a dedicated LID system. In its original
architecture, language identification is performed

implicitly via the generation of a single language to-
ken at the beginning of decoding. As noted in prior
work, this design introduces structural limitations
for standalone LID tasks: because the language
label corresponds to only the first generated token,
the model relies predominantly on acoustic cues
and makes only limited use of deeper linguistic con-
text. As a consequence, Whisper’s LID accuracy
has been reported to reach approximately 80.3%
in some evaluations, despite its strong ASR perfor-
mance (Radford et al., 2022; Shen et al., 2023).

We tested Whisper in two configurations: (1) na-
tive language identification using the built-in LID
classifier, and (2) LID based on acoustic embed-
dings extracted from intermediate layers of Whisper-
small (layer 8) and Whisper-large (layer 20) (Yue
et al., 2026), followed by an MLP classifier.

For the first configuration (1), we started by inves-
tigating Whisper-based LID on the Yiddish dataset,
which represents a particularly challenging sce-
nario due to the high phonetic similarity between
dialects and the limited number of classes (three).
An initial training run yielded an extremely high
F1-score after the very first epoch (0.83), clearly in-
dicating severe overfitting. To encourage the model
to generalize over linguistic properties, we tested
several increasingly constrained fine-tuning con-
figurations on Whisper-small, always starting from
pretrained weights. Our strategies varied in the
degree of parameter freezing, from partial encoder
fine-tuning to adaptation of the language identifica-
tion (LID) head only. These progressively restric-
tive configurations effectively reduced the F1-score
observed after the first training epoch to 0.45, in-
dicating a decrease in overfitting and a reduced
reliance on speaker- or corpus-specific cues.

Model training was conducted using a learning
rate of 1 x 1073, with early stopping applied based
on development set performance and a patience
value of 3 epochs. To reduce overfitting and im-
prove optimization stability, weight decay was set
to 0.01 in the optimizer. Given the low-resource
nature of the datasets and the resulting imbalance
between language and dialect classes, a weighted
cross-entropy loss function was employed.

The second configuration, particularly the MLP
classifier built on representations from layer 20
of Whisper-large, shows reduced overfitting, it ef-
fectively separates more distantly related Mande
languages, but still struggles to distinguish linguis-
tically very similar varieties, such as Yiddish di-
alects. It nevertheless yields insightful results on
the Quechua dataset, as illustrated in Figure 4.
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Figure 4: Confusion Matrix for Whisper-based LID
(layer 20 + MLP) for Quechuan variants

4.3. Wav2Vec-based language
identification

We used the widely adopted wav2vec? architecture
in 2 configurations. Firstly, the wav2vec2-base
adapted for our task by fine-tuning the model along-
side a classification head on our data (using the
HuggingFace Wav2VecForSequenceClassification
6 config) and secondly, using the xIsr model ex-
tracting different layers of the model and training a
classification head on the extracted embeddings.

Several configurations were tested for
wav2vec2-base, however given the limited
amount of data available from our datasets con-
figuring the training process to allow the models
to learn without overfitting the training data was of
the utmost importance. With this in mind several
configurations of hyperparameters and freezing
of layers were tested. The most effective training
configuration was obtained by freezing the CNN
feature extractor and all but the final (12th) layer of
the model.

The best balance between learning from the data
while avoiding overfitting was found using a learning
rate of 3 x 10~¢ while performing a warmup on the
first 6% of steps and using a weight decay of 0.1.
The training was run for a total of 20 epochs with
an early stopping patience of 5 epochs.

The most interesting result obtained for this
model was on the macro test with all classes, where
the model achieved an overall accuracy of 0.42
across the ten classes. However, perhaps more
interesting than the pure performance of the model
is how errors in classification tended to stay within
language families as shown in Figure 5. This sug-
gests that, in most cases, some common features
within each of the language families is being learnt
by the model. While the intra-family classification
described above and this macro-performance indi-
cate some linguistic criteria are playing a role in the

Shttps://huggingface.co/docs/
transformers/en/model_doc/wav2vec?2

Quechua Yiddish

quy{ 001 028 000 004 000 000 000 001 050 0.16
quzq 0.00 BUWFEES 021 0.00 000 0.0 000 0.0 004 0.02
aqxp 0.00 0.21 0.05 0.03 0.00 0.04 0.05 0.00 0.00
quh{ 0.06 0.66 ‘ 007 015 0.01 000 0.00 0.00 0.05 0.00
bam{ 0.00 0.05 0.14 0.00 0.47 0.05 0.14 0.03 0.08 0.03

wan{ 0.00 0.00 0.00 000 0.24 0.00 0.02 0.05 0.14
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Figure 5: Confusion Matrix for Classifications on
Macro test

classification performance, other factors of conver-
gence cannot be entirely ruled out. Despite efforts
to homogenize the data across language families,
it must be noted that greater similarity in record-
ing types (i.e. fieldwork data for Mande languages
or Bible readings for Quechua) are also potential
explanations for this intra-family classification per-
formance.

4.4. Classifying from layer-extracted
embeddings

We extracted hidden representations from each of
the 24 transformer layers of wav2vec2-xls—-r-
300m and performed mean pooling over the tem-
poral dimension to obtain a one-dimension output.
These layer-wise embeddings were then used as
input to a simple multilayer perceptron classifier
(PyTorch SimpleClassifier) with a dropout rate of
0.3. We trained a separate classifier for each layer’s
embeddings and evaluated their performance on
the test split, in order to investigate whether the
layers that encode the richest phonological infor-
mation are also those that yield the highest dialect
classification accuracy.

The results for Yiddish, shown in Figure 6 sup-
port this theory: a peak in performance is indeed
observed for all variants at the twelfth layer of the
model. This trend, however, is not observed for
Quechua (Figure 7), where accuracy remains sta-
ble (and high from the earliest layers), possibly
due to the greater presence of this language in the
model’s pretraining data.

5. Concluding discussion

These results suggest that, in a low-resource set-
ting involving a small number of highly similar lin-
guistic varieties, such as the three Eastern Yiddish
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dialects, the relatively simple GMM architecture ex-
hibits a strong capacity for generalization. In con-
trast, Whisper-based classifiers appear to rely on a
wider range of cues that may include extra-linguistic
factors, limiting their ability to capture fine-grained
phonetic distinctions between closely related vari-
eties. The most granular analysis is provided by the
wav2vec2-xlsr model (layer 12 + MLP). The model
appears to rely more on finer phonetic and prosodic
features than on coarse phonological cues: for
instance, yid_sey speakers in our test dataset
often exhibit what could be described as a “Rus-
sian accent” and are frequently bilingual in Russian,
whereas yid_cey speakers are typically bilingual
in Polish, a pattern not shared with yid_ney speak-
ers. The wav2vec2-based classifier may capture
these subtleties in pronunciation.

This interpretation is further supported by the
layer-wise visualization of F1 scores (6), which
shows that the F1 trajectory for yid_cey diverges
from that of yid_ney and yid_sey, which are
closer to each other (6). There is no reason to be-
lieve that the model was exposed disproportionately
to yid_ney or yid_sey during training, since
yid_cey is actually better represented in publicly
available online Yiddish data than yid_sey. The
layer-wise analysis of wav2vec2 F1 scores 6 indi-
cates that performance is highest at layer 12, a layer
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Figure 8: MLP predictions for Yiddish by classifier
trained with embeddings from the 12th layer

often associated with phonetic sensitivity in prob-
ing studies (Pasad et al., 2021; San et al., 2024).
While not conclusive, this pattern suggests that
the wav2vec2-based classifier may rely primarily
on phonetic representations when performing lan-
guage identification generalization.

Conversely, for datasets with greater internal
diversity of domain, such as the Quechuan lan-
guages, the Whisper-based model demonstrates
superior generalization capabilities, likely benefit-
ing from its broader representational capacity.

Finally, despite efforts to reduce bias introduced
by the audio data available it cannot be excluded
that the results from the macro-language classi-
fication may in fact be influenced by similarities
between the files and their origins (fieldwork data,
bible recordings etc.). Further work will aim to in-
vestigate the influence of these categories of data
on classification performance. Nonetheless, this
result indicates the promise of applying these mod-
els when processing even quite diverse corpora to
determine possible similarities between audio files.

Future work will extend the present study to
a broader range of varieties within the consid-
ered language groups, with particular emphasis
on Quechuan and Mande languages. We plan to
deepen the layerwise analysis of model predictions
in order to better understand which linguistic proper-
ties are captured at different representational levels.
In addition, we will systematically investigate the
relationship between data quality and diversity and
their impact on model performance. Finally, we aim
to explore methods for extracting more fine-grained
linguistic knowledge from speech models, with the
goal of improving their usefulness for dialectologi-
cal research.
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Figure 9: Estimation of corpus quality using the Signal-To-Noise Ratio (SNR).
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