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Abstract

Multilingual  self-supervised transformer
speech models build shared representations
to encode speech, but how speaker identity is
shared across languages, and what modulates
its transfer, remains unclear. We probe XLS-R
and WavLabLM for speaker information in the
task of cross-lingual speaker verification using
layer-weighted speech embeddings from ten
languages spanning four families. Motivated
by the Language Familiarity Effect (LFE)
in human speech perception, we investigate
whether phonetic similarity modulates the suc-
cess of cross-lingual transfer. We introduce a
model-internal method for computing phonetic
similarity: applying the Sinkhorn distance
between per-language distributions of contex-
tualized phone embeddings at a phonetically
prominent model layer. A linear mixed-effects
model across all 90 language pairs shows that
this phonetic distance significantly predicts
cross-lingual speaker-verification accuracy in
both XLS-R (8 = —3.13, p < 0.0001) and
WavLabLM (8 = —1.22, p < 0.0001). These
findings suggest that phonetic similarity is an
important factor for facilitating cross-lingual
transfer of speaker information in multilingual
self-supervised speech models.

1 Introduction

Multilingual self-supervised learning (SSL) speech
models such as XLS-R (Babu et al., 2022) and
WavLabLM (Chen et al., 2023) build shared repre-
sentations that encode both linguistic and paralin-
guistic properties of speech in multiple languages.
Probing studies have shown that intermediate lay-
ers capture rich linguistic structure (Pasad et al.,
2021; Chen et al., 2022a), and that paralinguis-
tic properties such as speaker gender can trans-
fer across languages (Gonen et al., 2022). Yet
how speaker identity, in particular, is encoded and
shared remains underexplored.

Speaker verification (SV), determining whether

two utterances belong to the same speaker, is a nat-
ural lens for this question: it is sensitive to both
acoustic individuality and language-specific pho-
netic structure. In human speech perception, the
Language Familiarity Effect (LFE) shows that
listeners discriminate speakers more accurately in
familiar languages, with performance depending
on the phonological proximity of the target lan-
guage to the listener’s native language (Goggin
et al., 1991; Johnson et al., 2018; de Seyssel et al.,
2022). We ask whether an analogous effect arises
in multilingual speech models: does phonetic simi-
larity between languages, measured directly from
model embeddings, predict cross-lingual transfer
in speaker verification?

Contributions. We make these contributions:

1. We probe XLS-R and WavLabL M for speaker
information across all layers and ten phy-
logenetically diverse languages using layer-
weighted utterance representations.

2. We introduce an embedding-based method for
computing phonetic similarity between lan-
guages via Sinkhorn distances over contextual-
ized phone embedding distributions, extracted
from a phonetically prominent layer identified
by canonical correlation analysis (CCA).

. We demonstrate via Spearman correlations
and a linear mixed-effects model that phonetic
similarity significantly predicts cross-lingual
speaker verification accuracy for XLS-R and
WavLabLM.

2 Related Work

Speaker information in SSL models. Speaker
identity has been found at intermediate and final
layers of SSL speech models (Chen et al., 2022a;
Pasad et al., 2021), with scalar-mixed layers out-
performing single-layer probes for speaker verifica-



tion (Chen et al., 2022b; Chiu et al., 2026). In En-
glish models, speaker identity and phonetic content
occupy largely orthogonal dimensions, enabling
speaker normalization (van Niekerk et al., 2021;
Liu et al., 2023). Our work extends such analysis
to two multilingual SSL models across 24 layers
and ten languages.

Cross-lingual transfer of paralinguistic proper-
ties. Gonen et al. (2022) showed that classifiers
trained on multilingual text representations transfer
gender detection across languages, suggesting that
paralinguistic features can be shared. Cross-lingual
speaker verification in neural models has received
limited attention; prior work (Reuter and Jessen,
2025) offers a recent point of comparison for our
methodology.

Phonetic similarity and the LFE. de Seyssel
et al. (2022) demonstrated that a graded measure of
language distance progressively increases the diffi-
culty of human cross-lingual speaker verification.
In their model of LFE, language distance largely
pertained to similarities in phonology, prosody, and
phonotactics of a perceived language. We adapt
this insight by deriving language distance from
model embeddings that target phonetic properties.

3 Methodology

Our methodology has three stages: (1) probing SSL
models for speaker information via layer-weighted
utterance representations in the SV task, (2) com-
puting embedding-based phonetic similarity be-
tween language pairs, and (3) testing whether pho-
netic similarity predicts cross-lingual SV accuracy.

Models. XLS-R 300M (Babu et al., 2022) is
a wav2vec 2.0 model trained on 436k hours of
speech in 128 languages using a masked con-
trastive prediction objective against quantized tar-
gets. WavLabLM-MS-40k (Chen et al., 2023) is
a smaller, HuBERT-style encoder trained on only
40k hours in 136 languages with a joint masked
prediction and denoising objective. Both use 24-
layer transformer encoders with 1024-dimensional
hidden states and achieve comparable performance
on several multilingual speech processing tasks.

Data. We use GlobalPhone (Schultz et al.,
2013), a multilingual corpus of read speech
recorded under uniform conditions, for ten lan-
guages spanning four families: German (de),
French (fr), Czech (cs), Polish (pl), Bulgarian (bg),

Croatian (hr), Portuguese/Brazilian (pt), Russian
(ru), Ukrainian (uk), and Vietnamese (vi). For prob-
ing, we sample 10 speakers per language, 50 ut-
terances per speaker, and construct balanced sets
of 1,000 same-speaker and 1,000 different-speaker
pairs for training and evaluation.

3.1 Speaker Verification: Probing Task

Paired utterance embeddings. For each utter-
ance, we extract frame embeddings with n = 1024
features per frame from all 24 layers. We pool
frames in a given layer via statistics pooling (Stafy-
lakis et al., 2022), which concatenates the mean of
all frames with the standard deviation. This yields
a single-layer utterance vector with dimensionality
2n. To create utterance pairs for classifier input,
we then combine two utterance vectors u, v into a
single 4n-dimensional vector through the formula
lu—v| @ (uow).

Layer-weighted representations. We aggregate
speaker information across layers using scalar mix-
ing of layer embeddings (Gardner et al., 2018):
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This serves two purposes: (1) classifiers consider
all available speaker information in the model when
training for SV, and (2) cross-lingual SV can be
consistently performed across languages without
compromising the choice of best layer.

Weighting methods. We test four: wuniform
(equal weights; baseline), informed (weights de-
rived from per-layer monolingual SV accuracy),
amplified (informed weights with layers above
0.5 scaled by 10), and amp-all (amplified weights
derived from SV accuracy across all languages).
The amplified method produces the highest mean
within-language and foreign-language accuracies
for both XL.S-R and WavLabLLM (Appendix B). We
therefore use amplified layer-weight distributions
per training language to best approximate speaker
information.

Probing classifiers. We train a multi-layer per-
ceptron classifier (MLPClassifier) and a linear
classifier (SGDClassifier with squared hinge
loss) on the weighted paired utterance embeddings.

3.2 Phonetic Similarity Pipeline

STEP 1. Phone alignment. Transcribed utter-
ances are mapped to phone labels and aligned to
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Figure 1: CCA between contextualized phone embed-
dings and one-hot IPA phone labels per language and
transformer layer for XLS-R (top) and WavLabLLM (bot-
tom). Language plots from top to bottom in each figure:
fr, cz, pt, pl, de, bg, uk, ru, hr, vi.

timestamps in the audio using the Montreal Forced
Aligner (McAuliffe et al., 2017). This yields be-
tween 14,884 (vi) and 74,167 (hr) timestamped
phone segments per language (Appendix D).

STEP 2. CCA phonetic layer selection. Fol-
lowing Pasad et al. (2023), we apply canonical
correlation analysis (CCA) between phone embed-
dings and one-hot phone labels across layers to
identify the layer whose representations correlate
most strongly with phonetic content. This layer is
used for all subsequent phonetic similarity calcula-
tions. CCA peaks at the same layer across nearly
all ten languages': layer 18 for XLS-R and layer
24 for WavLabLM (Figure 1).?

STEP 3. Phone embeddings extraction. From
the phonetic layer we extract the embedding vector
for each utterance, select the aligned frames per
phone segment, and use mean pooling to produce a
single phone frame vector. For each language we
thus obtain a distribution of phone embeddings.

STEP 4. Sinkhorn distance. The model-internal
phonetic distance between languages L; and L;
is then computed as the Sinkhorn distance (Cu-
turi, 2013), an optimization of the Wasserstein dis-

'For German and French phone embeddings from XLS-R,
layer 16 exhibits the highest CCA similarity, while nearby
layers 17 and 18 show similarly high scores.

*Layer results are in accordance with Pasad et al. (2023)
who report similar trends for the base models of XLS-R and
WavLabLLM, namely wav2vec 2.0 and HuBERT.
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Figure 2: Distribution of layer weights averaged over
all languages for models XLS-R (top) and WavLabLM
(bottom). Depicts layer-wise speaker information.

tance’, between the two phone embedding distribu-
tions, using the Python Optimal Transport library
(ot.sinkhorn()).

4 Results

4.1 Where Is Speaker Information Encoded?

Monolingual SV accuracy peaks at early and late
transformer layers for all ten languages in both
models, consistent with prior findings on SSL
speech models (Chen et al., 2022a). Per-language
layer-weight profiles, computed from the ampli-
fied weighting scheme, are similar over languages
within each model, indicating that speaker informa-
tion occupies multilingual shared representational
structure in these conditions (Figure H.10). Layer-
weight distributions averaged over all languages
are shown in Figure 2.

4.2 Cross-Lingual Speaker Verification

Training on one language and evaluating on an-
other (cross-lingual SV) reveals variance in transfer
performance, ranging from near-monolingual accu-
racy for some language pairs to near-chance®* for
others. Slavic language pairs (e.g. Polish—Czech,
Bulgarian—Ukrainian) tend to transfer well; pairs in-
cluding Vietnamese show the weakest performance
(Figure 3).

3 Also known as Earth Mover’s Distance.

4Chance level here defines an accuracy of 50% since classi-
fiers are trained to predict 1 or 0, for same-speaker or different-
speaker pairs.
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Figure 3: Cross-lingual speaker-verification accuracy
using amplified layer weights, optimized for speaker
information in the training language. Results from max-
imum accuracy over MLP and SGD probing classifiers.
Rows: test language. Columns: train language.

Results between classifiers are overall consis-
tent. The MLPClassifier performs slightly bet-
ter on all language pairs except when trained on
Vietnamese for foreign-language tests, where the
SGDClassifier performs best.

4.3 Phonetic Similarity Predicts Transfer

The Sinkhorn distance matrices (Figure 4) show
minimal distance along the diagonal for same-
language pairs, as expected. Within each model,
the matrix captures linguistically intuitive trends
between pairs of Slavic languages with lower dis-
tances, and shows Vietnamese as the most distant
language from every other language.

Per-test-language Spearman correlations. For
each test language we compute Spearman’s p be-
tween cross-lingual SV accuracy (across all train-
ing languages) and the corresponding phonetic dis-
tance. Negative correlations, indicating that lower
distance yields higher accuracy, are statistically sig-
nificant for some but not all test languages in both
models (p < 0.05), with effect size varying by
language (Table 1).
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Figure 4: Sinkhorn distance between per-language dis-
tributions of contextualized phone embeddings at the
CCA-located phonetic layer. Darker cells indicate more
similar languages.

XLS-R WavLabLM
Test lang. Ts P Ts p
Bulgarian —-041 0.244 —-0.80 0.005
Czech —0.58 0.080 —0.77 0.009
German —0.50 0.138 —0.55 0.098
French —-0.71 0.022 -0.50 0.138
Croatian —-0.72 0.019 -0.60 0.067
Polish —0.58 0.082 —0.82 0.004
Portuguese  —0.53  0.117 —-0.49 0.150
Russian —-0.43 0.214 —-0.65 0.043
Ukrainian —-0.18 0.613 —0.37 0.293
Vietnamese —0.13 0.726 —0.65 0.043

Table 1: Per-test-language Spearman r, between pho-
netic distance and cross-lingual speaker-verification
accuracy, where accuracy is measured across all ten
source-language trained classifiers. Bold: p < 0.05.

Overall analysis: all language pairs. To esti-
mate the overall association between phonetic dis-
tance and cross-lingual SV performance, while ac-
counting for test-language variability, we fit a linear
mixed-effects model

accuracy ~ phonetic_distance+(1 | test_language)

with phonetic distance as a fixed effect and per-
test-language random intercepts. All 90 cross-
lingual language pairs are pooled per model. In
both XLS-R and WavLabLLM, phonetic distance is
a significant negative predictor of cross-lingual SV
accuracy (p < 10713 and p < 107%):

BxLsr = —3.13
BwavLabLm = —1.22

[95% CI : —3.93, —2.34],
[95% CI: —1.82, —0.61].

confirming that phonetic similarity, as measured
in the model’s own embedding space, significantly
improves cross-lingual transfer of speaker informa-
tion (Figure 5).0

SCoefficient magnitudes should be interpreted separately,
as the phonetic distance predictors are model-specific.



Phonetic Distance vs Accuracy (Linear Mixed-Effects Model)
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Figure 5: Phonetic distance vs. cross-lingual speaker-verification accuracy, with linear mixed-effects fit per model.
Each point is a (test, train) language pair; same-language pairs are excluded.

5 Discussion

Our results support a computational parallel to the
Language Familiarity Effect where multilingual
SSL speech models transfer speaker verification
more successfully between phonetically similar lan-
guages. That is, the closer two languages’ phone-
embedding distributions are at the model’s phonetic
layer, the better an SV classifier trained on one lan-
guage transfers to the other. Critically, our phonetic
similarity measure is derived from the same model
embeddings used for the SV task.

The variation in effect strength across test lan-
guages suggests that phonetic distance may not be
the sole predictor of cross-lingual transfer. This
could be due to the limited scale of test languages
and speakers, or the influence of other properties
in the speech signal. Future work should assess the
robustness of the measure across different phonetic
layer choices, larger speaker sets, and additional
downstream tasks.

Model differences in the results of cross-lingual
SV suggest that WavLabLLM exhibits weaker trans-
fer than XLS-R. This may indicate that speaker
information in WavLabLM is less consistently
shared across languages and thus less transferable.
Whether this difference persists across models with
similar training objectives or larger language and
speaker sets remains for future work. Nonethe-
less, phonetic distance was a significant predictor
of cross-lingual SV in both models.

6 Conclusion

We investigated speaker representations in the
multilingual SSL speech models XLS-R and

WavLabLM across ten languages. Speaker in-
formation is similarly encoded across layers and
languages within each model. When language-
specific dimensions were emphasized, within-
language speaker-verification accuracy increased,
while cross-lingual accuracy varied between lan-
guage pairs. To account for this, we introduced
a model-internal measure of phonetic similarity
based on the Sinkhorn distance between contextual-
ized phone-embedding distributions extracted from
CCA-identified phonetic layers. Across all 90 lan-
guage pairs, phonetic distance significantly predicts
cross-lingual speaker verification accuracy in both
XLS-R (8 = —3.13, p < 0.0001) and WavLabLLM
(B = —1.22, p < 0.0001), broadly reflecting the
Language Familiarity Effect for self-supervised
speech representations. These findings suggest that
phonetic similarity should be considered for im-
proving cross-lingual transfer in speaker-related
tasks involving multilingual SSL speech models.
We encourage the use of contextualized phonetic
similarity for conducting further fine-grained anal-
yses.

Limitations

Our analysis is limited to ten languages and ten
speakers each from the GlobalPhone corpus. The
small per-language speaker pool may inflate vari-
ance in cross-lingual SV results. Conclusions about
phonetic similarity effects could be strengthened
with more speakers, the inclusion of spontaneous
speech, and a wider language sample for more vari-
ation in phonetic differences. Dialect variation
within a language, for example in German, may



also affect the cross-lingual results and resulting
phonetic similarity measures. Additionally, our
phonetic similarity metric depends on the quality
of forced alignment for the resulting phone embed-
dings, and the chosen phonetic layer; ablations over
these choices remain as future work.

Ethical Considerations

This work analyzes an existing licensed speech cor-
pus, GlobalPhone, released for use in research with
anonymous speakers and consented recordings. We
use anonymous speaker data in this work to probe
model representations, without attempting to un-
cover personal speaker identity. We encourage fu-
ture work that pairs improved cross-lingual speaker
verification with advances in voice anonymization.
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A Phonetic Similarity Pipeline

Further details for computing phonetic similarity
are provided below. Figure 6 illustrates our method.

1. Phone alignment. Each utterance is force-
aligned to its IPA phone sequence with MFA
(McAuliffe et al., 2017), yielding between 14,884
(vi) and 74,167 (hr) phone segments per language
(Appendix D).

2. CCA phonetic layer selection. For each lan-
guage and each transformer layer we run canon-
ical correlation analysis on (phone embedding,
one-hot phone label) pairs, following Pasad et al.
(2023). Across all ten languages, CCA similar-
ity peaks at layer 18 for XLS-R and at layer 24
for WavLabLLM (Figure 1). We treat these as the
“phonetic layer” of each model.

cph(me alignment °CCA phonetic layer selection

-

I I [ T ) M W =

ephone embeddings extraction °Sinkh0rn distance

Figure 6: Our method for calculating phonetic similarity
via Sinkhorn distance between contextualized phone
embeddings extracted from the CCA-identified phonetic
layer of the self-supervised multilingual speech model.

3. Phone embedding extraction. For each lan-
guage we extract contextualized phone embeddings
at the phonetic layer by mean-pooling the seg-
ment frames produced by MFA. The result is a
per-language set of phone embeddings whose distri-
bution we treat as a phonetic profile of the language
in the model.

4. Sinkhorn distance. For each pair of languages
(A, B) within a model, we compute the Sinkhorn
approximation of the Wasserstein distance between
their phone-embedding distributions (Cuturi, 2013)
via the Python Optimal Transport library:

[Zm] Jai = by
+ SZTQ]' 10g 7'['1']'],

i,J

W.(A,B) =

mln
well(A,B)

where II( A, B) is the set of couplings between the
empirical distributions of phone embeddings in A
and B. This yields a 10 x 10 phonetic distance ma-
trix per model (Figure 4). As a label-only baseline
we also compute a normalized weighted Jaccard
similarity over the categorical IPA phone-label dis-
tributions (Moulton and Jiang, 2018; Travieso et al.,
2024) discussed in Appendix E.

B Layer-Weighting Methods Comparison

Table 2 reports mean accuracies for all four layer-
weighting methods (see Section 3, Methodology).
Amplified weights results in the highest within-
language and foreign-language accuracy for both
models.

C Per-Language Spearman Correlations

We additionally provide per-language Spearman
correlations between phonetic distance and cross-
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Uniform Inform. Amp. Amp-All Language Phone segments  Unique labels

within 0.920 0920 0959 0.957 Bulgarian 40,773 46

XLS-R foreign  0.855 0.854 0.861 0.848 Czech 41,862 44
overall 0.861 0.861 0.871 0.859 German 35,782 52

within 0935 0939 0955 0.954 Eﬂi‘;ﬁgn ;ﬁé‘; ‘6%

WavLabLM foreign  0.696 0.683 0.789  0.759 Polish 42:865 51
overall 0.720 0.709  0.806 0.778 Portuguese 45262 40

Russian 50,319 79

Table 2: Mean speaker verification accuracies across Ukrainian 14,884 56
layer-weighting methods. Bold: highest in row. Vietnamese 15,789 166

lingual speaker-verification accuracy from the per-
spective of the training language in Table 3. For
the test-language perspective reported in the main
results, see Table 1.

XLS-R WavLabLM
Train Ts p Ts p
bg —-0.07 0.86 —0.60 0.07
cz —0.49 0.15 —0.48 0.16
de —-0.14 0.70 —-0.44 0.20
fr —0.40 0.25 —-0.19 0.60
hr —0.58 0.08 —0.36 0.31
jull —-0.39 0.26 -—-0.73 0.016
pt —0.58 0.08 —0.56 0.09
ru —0.05 0.89 —-0.60 0.07
uk —0.38 0.28 —0.52 0.13
vi —0.79 0.006 —-0.15 0.68

Table 3: Per-train-language Spearman correlations (r),
fixing the training language, between phonetic distance
and cross-lingual speaker verification accuracy across
all ten test languages. Bold: p < 0.05.

D MFA Alignment Statistics

Table 4 summarizes the per-language phone seg-
ment counts and unique phoneme label counts pro-
duced by the Montreal Forced Aligner on the 10-
speaker x 50-utterance training subset of Global-
Phone. Vietnamese has the smallest ratio of seg-
ment count to label inventory, which may account
for its relatively low CCA scores (Figure 1).

E Phone Label Similarity

As a symbolic baseline complementing our
embedding-based phonetic distance, we computed
normalized weighted Jaccard similarity over phone
label inventories per language pair (Moulton and
Jiang, 2018; Ertl, 2020; Travieso et al., 2024). How-
ever, the measure of phone inventory overlap, or
phone-label distribution (see Figure 7), only com-
pares a categorical similarity based on a perceptual
dimension, namely phones. Using phones with
only one dimension of representation could prevent

Table 4: Phone-segment and unique-phone-label counts
per language after MFA alignment.

a more fine-grained comparison of the contextu-
alized phone embeddings, one that makes use of
underlying speech information therein which is
also accessible to the model.

bg ~  1.000 oz 1.000 de v 1000

v fr v 1.000
pl v 0454 fr v 0346

cz v 0346 pt v
0.346 fr v 0310 oz

hr v 1.000
0413 pl v 0363
0.346 bg ~ 0339
0.310 v 0299

hr v 0339 de
uoov 0336 pt 0318 pt v 0216 de

wo v 018 ol

D o315 hr v 0281 0.249 ) 0290
ez v 0270 pl v 0278 0.153 hr 0.247 cz v 0281
pt v 0247 bg v 0270 0.152 bg 0.224 pt v 0276
v 0224 woov 0221 he v 0142 0211 v 0247
de ~ 0.112 0.180 pl v 0125 mov 0186 de v 0142

0.052 0.167 bg ¥ 0112 CEE) o122 0.131
pl ~  1.000 pt v  1.000 moov 1000 1.000 1.000
bg v 0454 v 0413 ol v 039 w0363 cz v 0167
moov 0390 cz v 0318 0.363 pl v 0343 de v 0153
hr v 0363 hr v 0276 by v 0336 bg v 0315 he v 0431

0.343 0.251 hr v 0299 hr v 0290 o v 0122
@ v 0278 ol v 0248 @z v 0221 pt v 0251 pt v 0122
v 0249 bg v 0247 ot~ 0209 fr v 021 pl v 02
pt v 0248 de v 0216 de v 0186 @ v 0180 uo v 0088
de v 0125 noov 0209 fr v 0186 de v 0152 D o072

0.112 0.122 Il o088 0.072 bg ~ 0052

Figure 7: Phone-label distribution similarity rankings,
using normalized weighted Jaccard similarity. For each
language, the most similar languages are listed from top
to bottom with scores adjacent to each language pairing.

F t-SNE Visualization: Phonetic Layer
Phone Embeddings

t-SNE projections of phone embeddings extracted
from the phonetic layer confirm that phones cluster
meaningfully by articulatory class within each lan-
guage, and that the degree of cross-language cluster
overlap corresponds qualitatively to phonetic dis-
tance scores. Figure 8 provides an example.

G t-SNE Visualization: Embedding
Distributions Compared

t-SNE projections of phone embeddings, as seen as
overlapping distributions, are depicted in one exam-
ple each for XLS-R in Figure 9a and WavLabLM
in Figure 9b.
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Figure 8: t-SNE visualization of German (de) phone embeddings from layer 16, the most phonetic layer as
determined by the CCA layer-wise analysis of German phone embeddings from XLS-R.

H Per-Language Layer-Weight
Distributions

The weight distributions calculated across layers
for each of the ten languages are summarized in
Figure 10.

I Language Families

Speaker data are selected from ten languages from
various language families, as depicted in the phy-
logenetic tree in Figure 11. Relations represent
estimated evolutionary relatedness, derived from
comparative studies of language change and regular
sound correspondences.

J Layer-wise Speaker and Phonetic
Information

We compare in Figure 12 the layer-wise speaker
and phonetic information mapped to XLS-R and
WavLabLM through experiments in speaker verifi-
cation and CCA.

t-SNE of phone embeddings from most phonetic layer for languages: [bg', 'hr’]

Phones / Languages
. x hr

-80 -60 -40 -20 0 20 40 60 80

(a) t-SNE visualization of the phone embedding distribu-
tions for phylogenetically related languages Bulgarian and
Croatian from XLS-R.

t-SNE of phone embeddings from most phonetic layer for languages: [bg’, 'de’]

Phones / Languages
.o de x bg

(b) t-SNE vis. of the phone embedding distributions for the
Slavic language of Bulgarian and the Germanic language
of German from WavLabLM.

Figure 9: t-SNE visualization of phone embedding dis-
tributions between language pairs, for BG-HR (from
XLS-R, layer 18) and BG-DE (from WavLabLM, layer
24).
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(a) XLS-R layer weight distributions per language.
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(b) WavLabLM layer weight distributions per language.
Figure 10: Per-language layer-weight distributions for models XLS-R and WavLabLM.
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Figure 11: Language families of the sampled languages in a phylogenetic tree. Data retrieved from Ethnologue
(28th ed.) (Eberhard et al., 2025).
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Figure 12: Comparison of layer-wise analyses of speaker information (left) and phonetic information (right) across
the two models XLS-R and WavLabLLM. Speaker information is derived from the layer-weight coefficients found
through speaker verification probes, averaged at each layer across the 10 languages. Phonetic information is derived
from canonical correlation analysis (CCA), which correlates contextualized phone embeddings with phone labels at
each encoder layer.
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