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Abstract

Self-supervised learning (SSL) models such as wav2vec
2.0 [1], HuBERT [2], and WavLM [3] have become founda-
tional in modern speech research. Trained on large-scale unla-
beled audio, they learn structured representations that transfer
effectively to diverse downstream tasks [4]. However, the pre-
cise nature of these representations remains only partially un-
derstood. Probing studies have revealed that SSL features en-
code phonetic categories [5, 6, 7], speaker characteristics [8],
and suprasegmental structure (e.g. prosody and tone) [9], yet
these models are often treated as opaque feature extractors.

In this work, we investigate articulatory encoding in SSL
representations using bilingual Finnish—Russian electromag-
netic articulography (EMA) data from the FROST-EMA corpus
[10], enabling one of the first systematic analyses of articula-
tory encoding across bilingual conditions (L1, L2, and accent
imitation). We extract layer-wise representations from five SSL
models that differ in their “familiarity” with Finnish and Rus-
sian (Wav2Vec 2.0 Largel; MMS-300m?; XLSR-53%; XLSR-
53 fine-tuned on Russian*; and XLS-R fine-tuned on Finnish’ ).
Linear regression probes [11] are trained to predict articulatory
trajectories from latent features for five articulators—tongue tip,
tongue body, tongue dorsum, upper lip, and lower lip—each
represented in horizontal and vertical dimensions. Performance
is evaluated using Pearson correlation between predicted and
reference EMA trajectories.

Table 1 summarizes five complementary experiments show-
ing that SSL. models encode substantial articulatory informa-
tion across Finnish and Russian. In cross-model comparison
(E1), multilingual and language-adapted models (MMS-300m,
XLS-R fine-tuned) achieve the highest performance (mean
r =~ 0.69), outperforming Wav2Vec 2.0 Large (r = 0.641)
and XLSR-53 (r = 0.62), which also exhibits a sharp late-
layer degradation. Layer—sensor analyses (E2), shown in Fig-
ures 1(a)—(c), reveal that articulatory prediction performance
varies systematically across encoder depth. Across models, per-
formance peaks at intermediate layers, with X/Z axes gener-
ally easier to predict than Y. This pattern supports a hierarchi-
cal organization in which intermediate layers capture articula-
tory structure, while deeper layers encode more abstract rep-
resentations [12, 13]. As revealed in Figure 3, training-size
experiments (E3) show high data efficiency, with performance
rapidly increasing and saturating after ~5 minutes of paired

Thttps://huggingface.co/facebook/wav2vec2-large
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“https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-
russian
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Table 1: Overview of experimental configurations. LOSO =
Leave-One-Speaker-Out.

Experimental configuration and evaluation

Cross-model comparison. 18 speakers (combined).
Models: WV2-L, MMS-300m, XLSR-53, RU-FT, FI-FT.
Output: Mean articulatory score across layers and EMA
dimensions.

Sensor-layer mapping. 18 speakers (combined). Mod-
els: WV2-L, MMS-300m, XLSR-53. Output: Pearson r
per EMA dimension and layer (1-24).

Training-size sensitivity. 18 speakers (combined).
Model: WV2-L. Output: Pearson r vs. probe training du-
ration (20 s—20 min).

® ® G OfF

Speaker generalization (LOSO). S—1 train / 1 test.
Model: MMS-300m. Output: Pearson r per speaker and
EMA dimension.

®

Task & proficiency effects. LOSO within
Finnish/Russian. Model: MMS-300m. Output: Pearson
r per speaker, EMA dimension, task, and condition (L1,
L1+accent, L2).

data. Speaker generalization (E4) reaches up to r ~ 0.78,
with tongue articulators (Tongue Tip/Tongue Blade) more re-
liably predicted than lips, while upper-lip vertical motion re-
mains consistently challenging. As observed in Figure 2, task
and language analyses (ES) further indicate higher correlations
for controlled speech (r ~ 0.70-0.74) than spontaneous speech
(r = 0.58-0.62), suggesting that reduced linguistic variability
facilitates articulatory probing, while L2 and accented speech
remain robustly decodable (up to r ~ 0.76), indicating accent-
robust encoding. Together, these results point to a shared ar-
ticulatory subspace underlying SSL representations across lan-
guages and conditions.

These findings support the hypothesis that SSL representa-
tions encode partially language-agnostic articulatory structure,
even across typologically distant languages. In turn, articula-
tory constraints appear to be recoverable from acoustics through
large-scale representation learning, opening practical avenues
for applications in low-resource articulatory modeling, clini-
cally oriented speech analysis, and pronunciation assessment of
L2 learners. Future work will investigate fine-tuning multilin-
gual encoders on target languages, combining representations
across models, and employing nonlinear or sequential probing
methods to better capture gestural timing.

Index Terms: Self-supervised learning, articulatory represen-
tations, cross-language analysis
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Figure 1: Layer-wise articulatory prediction performance (average Pearson correlation r) across encoder depth for (a) XLSR-53, (b)
wav2vec 2.0, and (¢) MMS-300m. Curves are vertically offset by sensor for visual clarity. While distinct correlation trajectories are
observed across spatial axes, the overall layer-wise profiles remain highly similar across articulators and coordinate axes, suggesting

consistent probing dynamics throughout the network.
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Figure 2: Layer-wise articulatory prediction performance (Pearson correlation r) for MMS-300m under a LOSO evaluation. (a)
Task comparison across Finnish and Russian speakers, showing higher correlations for controlled reading tasks (T1-T2) than for
spontaneous picture description (T3). (b) Language-condition comparison (L1, L2, and simulated accent conditions.)
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Figure 3: Performance increases with training size and stabi-
lizes around 300 seconds. The solid green lines correspond to
Finnish speakers, while the dashed purple lines indicate Rus-
sian speakers.
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