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Abstract. Speech sound disorder (SSD) affects many school-aged chil-
dren and can lead to long-term academic, social, and mental health
difficulties. Speech-language pathologists use ultrasound, a non-invasive
imaging modality, to visualize tongue motion during speech and pro-
vide biofeedback treatment. The American English rhotic (r sound) is
particularly challenging, as distinct articulatory strategies can produce
the same perceived sound. Label-efficient self-supervised learning systems
are increasingly being developed to automate scalable and objective SSD
assessment. However, existing work has primarily focused on phoneme-
level classification and provides limited insight into within-phoneme ar-
ticulatory variations. In this paper, we present the first self-supervised
learning framework that focuses on within-phoneme articulatory struc-
ture of American English rhotic production from lingual ultrasound video
of children with residual SSD. We further introduce speaker adversarial
regularization to reduce inter-speaker variability while preserving artic-
ulatory structure in the learned representations. Our results on the re-
cently curated PERCEPT-US multimodal corpus demonstrate that self-
supervised learning without task specific fine-tuning yields embeddings
that accurately discriminate between perceptually accurate and inaccu-
rate rhotic productions (mean ACC = 0.974; mean MCC = 0.941) and
between articulatory subtypes of perceptually accurate rhotics, namely
retroflex and bunched configurations (mean ACC = 0.961; mean MCC
= 0.897). Code is available at https://github.com/kimtae55/BYOL-VS.

Keywords: Al assisted speech therapy - Self-supervised representation
learning - Lingual ultrasound video - Speech sound disorder
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1 Introduction

Speech sound disorders (SSDs) affect up to 10% of preschool and school-age
children and account for a substantial proportion of pediatric communication
disorders [10,3]. Residual SSD (RSSD) refers to speech errors that persist be-
yond the typical developmental window [15], and are associated with long-term
academic, social, and mental health consequences [20,22]. Tongue ultrasound
provides non-invasive visualization of tongue motion via a probe placed beneath
the chin, enabling both the clinician and the child to observe the produced tongue
shape and offer articulatory cues to support adjustments [6]. Despite its clinical
value, ultrasound analysis is labor intensive and requires expert annotation of
complex tongue motion, limiting its scalability in routine workflows.

Self-supervised learning (SSL) offers a label-efficient framework that can
leverage unlabeled ultrasound video to learn clinically meaningful articulatory
features, reducing the reliance on manual annotation [1]. Existing lingual ul-
trasound SSL methods have demonstrated strength in phoneme-level classifica-
tion [23,25,4], predominantly with reconstruction-based models such as video
masked autoencoders (VideoMAE; [17]). However, these current approaches still
fail to jointly address the following three challenges in SSL for lingual ultrasound.

First, providing articulatory feedback for the American English rhotic is par-
ticularly challenging as distinct tongue configurations can produce perceptually
equivalent sounds [3,6]. Most ultrasound corpora lack annotations for within-
rhotic subtypes [5], so whether SSL can recover within-phoneme structure, specif-
ically within-rhotic, is unexplored [1]. Second, inter-speaker variability [24,13,8]
arises from anatomical differences and speaking style, and is elevated in children
still developing speech-motor control. Current SSL pipelines [23,25,4] do not con-
trol for this variation, obscuring articulatory structure in the learned embeddings
and reducing interpretability. Third, existing methods emphasize pixel-level re-
covery, which is sensitive to imaging noise and captures insufficient high-level
articulatory structure [11]. Contrastive learning has seen limited adoption due
to the difficulty of defining reliable negatives for highly variable articulatory
data [4,11]. While never applied to tongue ultrasound, non-contrastive joint-
embedding frameworks such as BYOL [9] and RESA [21] sidestep both limita-
tions and have shown strong discriminative properties in other domains [21,19,16],
suggesting a promising direction for articulatory diagnosis.

We address these gaps by introducing a joint-embedding SSL framework
to learn clinically relevant articulatory representations from lingual ultrasound
video, termed BYOL with ViViT and Speaker-adversarial network (BYOL-
VS). The method utilizes the recent PERCEPT-US corpus [5], which is twice
larger than the widely used Ultrasuite [7] and uniquely provides expert labeled
within-rhotic categories. It further integrates an adversarial network that sup-
presses speaker-specific variation in the embeddings to better preserve high-level
articulatory information. The key contributions of our work are as follows:

1. To the best of our knowledge, we present the first SSL study of within-
phoneme articulatory structure in the American English rhotic utilizing the
PERCEPT-US corpus, the largest child lingual ultrasound dataset to date.
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2. We propose BYOL-VS, an SSL framework that employs spatiotemporal
encoding and integrates adversarial training to reduce inter-speaker variability,
with minimal computational overhead relative to BYOL.

3. Our method substantially outperforms state-of-the-art baselines on per-
ceptual accuracy and rhotic subtype classification and yields interpretable rep-
resentations that are aligned to expert-labeled tongue shapes.

2 Method

Objective. We aim to learn representations from lingual ultrasound video that
capture clinically relevant within-phoneme articulatory structure. Prior work has
primarily used supervised learning [14] or self-supervised pretraining followed
by supervised fine-tuning [23,25,4] to predict phoneme-level labels. In contrast,
we demonstrate that SSL without task-specific fine-tuning yields embeddings
that reliably distinguish both perceptual accuracy and within-phoneme varia-
tion, namely bunched and retroflex configurations. Formally, we consider lingual
ultrasound clips from K speakers (see Section 3) with each clip represented as
x € RTXHXW “where T is the number of frames and H x W the spatial res-
olution. The embeddings are evaluated through two downstream classification
tasks. The first task distinguishes perceptually accurate from inaccurate produc-
tions, while the second discriminates within-rhotic tongue shapes (retroflex vs.
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Fig. 1. Overview of BYOL-VS, the proposed joint-embedding SSL pipeline for lingual
ultrasound video. An adversarial speaker classifier is attached to the online encoder to
suppress speaker-specific information in the learned representations, h. After training,
all components except the online ViViT encoder are discarded, and h is used for two
downstream tasks: perceptual accuracy classification and rhotic subtype classification.
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bunched). The proposed SSL pipeline is illustrated in Figure 1.

Self-Supervised Learning of Lingual Ultrasound Video. Our framework
follows the Bootstrap Your Own Latent (BYOL; [9]) paradigm, which learns
view-invariant representations by aligning embeddings of two augmented views of
the same input in a joint-embedding space. Unlike reconstruction-based masked
modeling or contrastive approaches, it learns predictive features without pixel-
level reconstruction or negative samples. It comprises an online network with
encoder fy, projection head gy, and predictor gy, together with a target net-
work with encoder fe and projection head g:. The parameter sets of the on-
line and target networks are denoted by # and £ respectively. The ultrasound
video input x undergoes two data augmentations t1,ts ~ 7 that generate paired
views vi = t1(x) and vy = t3(x). The lingual ultrasound appropriate aug-
mentations are described at the end of Section 2. Each view is processed by
a Video Vision Transformer (ViViT; [2]) encoder, producing latent representa-
tions h; = fp(v;) and h; = f¢(v;) for the online and target branches respec-
tively, where (i,7) € {(1,2),(2,1)} denotes the two augmented views. These
representations are mapped to a projection space z; = go(h;) and z} = g¢(h}),
with gradients stopped for the target branch. The online predictor ¢y is trained
to predict the target network’s latent representation by minimizing their mean
squared error given by

1< 2
Lovor =5 2 |JaE") —ss@™)| . Gae{w.2n)n
b=1

where b € {1,..., B} indexes clips in the batch, (¢,7) € {(1,2),(2,1)} denote
the augmented views, and @ = u/||ul|2 denotes £ normalization. Due to the
stop gradient (sg) placed in the target network, only the online branch that is
asymmetric from the target branch is directly optimized via backpropagation.
The target network parameters are updated via an exponential moving average
& 7€+ (1 — 7)0, with momentum coefficient 7 = 0.99.

Video Vision Transformer for Spatiotemporal Encoding. We employ
a ViViT [2] as the spatiotemporal encoder. Each frame is partitioned into non-
overlapping P x P patches, yielding N = (H/P)(W/P) patches per frame, which
are linearly projected into D-dimensional token embeddings. For each frame at
timepoint ¢, a learnable spatial class token c, € R” is prepended to the patch
embeddings E®) € RV*P and a spatial Transformer encoder is applied across
the resulting (N + 1) tokens to produce

S — Transformerspace([cs; E(t)}) e RWHDXD, (2)

The spatial class token representations S(()t) € RP are stacked across timepoints
t=1,...,T and prepended with a temporal class token c¢; € R”. This sequence
is processed by a second Transformer encoder to model temporal dynamics,

H = Transformergime ([cy; Sél), cey SéT)]) e RIT+D*D, (3)
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The final video representation is the temporal class token representation h =
H, € RP, which provides a spatiotemporal summary of all T' frames.

Adversarial Suppression of Speaker Information. To suppress speaker-
specific information, we attach an adversarial speaker classifier to the online
encoder, which predicts the speaker identity s, € {1,..., K} from the represen-
tation h. A gradient reversal layer (GRL) is placed between h and the classifier
so that during backpropagation, the encoder receives the negated gradient scaled
by Agi, a hyperparameter [24,13,8]. The overall objective becomes

B K
L = LpyoL + Agrl Lepk, Lspk = — Z Z (6) log i} ;) (4)
b: :

where y =1{s, =k} and g y is the predicted softmax probability. Evidently,
the classifier is optimized to minimize Lg,k, while the encoder receives the re-
versed gradient. Thus, the online encoder update can be described by

oL _ OLpvoL aﬁspk
Y] Al =g (5)

which minimizes the MSE loss (Eq. 1) while discouraging speaker-discriminative
information in h. After training, all components except the online ViViT encoder
are discarded, and its output h is used for downstream classification tasks.

Lingual Ultrasound Appropriate Data Augmentations. To model vari-
ability from tongue motion, probe orientation, and imaging quality [18], we apply
anatomically constrained perturbations consisting of rotations 6 € [—10°,10°],
translations up to 10% of the image size, and isotropic scaling s € [0.9,1.1].
Small perspective transformation with distortion scale 0.12 is applied with 0.25
probability to simulate variations in probe angle. Non-rigid tongue motion and
compression are modeled using elastic deformations with strength o € {2.0, 5.0}
and smoothing ¢ € {0.5,0.7}. Variability across ultrasound machines and ac-
quisition settings is simulated through speckle noise with o € [0,0.08], bright-
ness and contrast jitter with factors 7y, v. € [0.8,1.2], and Gaussian blur with

€ [0.5,1.2]. Flips are excluded as all recordings share a consistent probe ori-
entation; flips create anatomically implausible tongue configurations and have
been shown to degrade performance in ultrasound analysis [18].

3 Experiments and Results

Dataset. Experiments are conducted using PERCEPT-US [5], the largest Amer-
ican English child speech corpus with lingual ultrasound video data. Images were
obtained during ultrasound biofeedback clinical trials focused on children with
RSSD. The data comprise recordings from 70 child speakers (ages 8-17) totaling
4,370 utterances. The task is syllable repetition: 15 syllables, repeated 3 times,
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Fig. 2. Expert-labeled ultrasound frames showing perceptually accurate rhotics with
bunched and retroflex tongue shapes, perceptually inaccurate productions, and percep-
tually accurate productions with ambiguous tongue shape.

spanning consonantal r (e.g. “ru”), coda/vocalic r (e.g. “ear”), syllabic r (e.g.
“er”), and vowel contexts. Each clip is annotated by experts with tongue shape
categories used in clinical practice. Of these, 3,054 clips are labeled as percep-
tually accurate and 1,316 as perceptually inaccurate. Among the perceptually
accurate rhotic productions, 1,722 are labeled as bunched, 667 as retroflex, and
665 as ambiguous due to articulatory uncertainty or annotator disagreement.
Figure 2 shows two ultrasound frames from each category. Our work is the first
SSL study to use PERCEPT-US for articulatory representation learning.

Evaluation Metrics. Five-fold speaker-disjoint cross-validation (CV) is utilized
to assess generalization to unseen speakers. Classification performance is evalu-
ated using a k-nearest neighbor (kNN) probe with k& = 5, reported as accuracy
(ACC) and Matthews correlation coefficient (MCC), with the mean and stan-
dard deviation (SD) calculated over the CV folds. MCC accounts for class imbal-
ance. Uniform Manifold Approximation and Projection (UMAP; [12]) is used for
qualitative analysis of clustered embedding structure. We benchmark three state-
of-the-art (SOTA) SSL baselines: BYOL [9], VideoMAE [17], RESA [21] which
encourages clustering in the encodings, and the proposed BYOL-VS. RESA is a
SOTA baseline that outperforms MoCo, DINO, SimCLR, and eight other pop-
ular SSL methods in clustering and downstream classification [21].

Training Details. All models are trained on a single NVIDIA L40S GPU (48
GB VRAM) with 20 Intel Xeon Platinum 8592+ CPU cores. Each clip contains
12 frames resized to 224 x 224, and all models use a 16 x 16 spatial patch size
and are trained for 200 epochs with cosine learning rate decay to 1075 and a
20-epoch linear warmup. As the productions are 50-60ms, the 12 frames capture
suffice rhotic movement while limiting neighboring coarticulatory influence. The
AdamW optimizer is used with a weight decay of 107*. BYOL uses a batch size
of 16 and learning rate 2 x 107%. BYOL-VS adopts the same settings with a
speaker-adversarial module (Mg = 0.1) and a two layer MLP speaker classifier
of hidden size 256. RESA uses a batch size of 16, learning rate 1.5 x 10~%, and
weight decay 10™%. VideoMAE uses a tubelet size of 2, batch size 32, mask ratio
0.9, and learning rate 10~*. For fair comparison, BYOL, RESA, and BYOL-
VS share the same ViViT backbone with 4 spatial and 4 temporal transformer
layers, while VideoMAE uses a ViT encoder following previous works [23,25,4].
All models use the same 5-fold CV protocol and comprehensive search space
(e.g. learning rate: 0.0001-0.0005; batch size: 2-256). Reported settings are each
model’s best validation configuration.
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Quantitative and Qualitative Results. Table 1 summarizes performance on
the two downstream classification tasks. Compared to VideoMAE, the joint-
embedding methods (RESA, BYOL, BYOL-VS) yield consistent improvements
of at least 0.096 in mean accuracy and 0.194 in mean MCC for classifying per-
ceptual accuracy, and 0.081 in mean accuracy and 0.189 in mean MCC for classi-

Table 1. Speaker-disjoint 5-fold CV performance (mean £+ SD) evaluated using a k-
nearest neighbor (kNN) probe (k = 5), without fine-tuning the encoder.

Correct vs. Incorrect Retroflex vs. Bunched
Method
Accuracy MCC Accuracy MCC
VideoMAE [17] 0.808 £ 0.022 0.571 £ 0.068 0.837 £0.019 0.580 £ 0.040
RESA [21] 0.916 £ 0.023 0.765 + 0.061 0.928 £ 0.071 0.769 + 0.049
BYOL [9] 0.904 £+ 0.033 0.799 + 0.087 0.918 £ 0.031 0.802 £ 0.065

BYOL-VS (ours) 0.974+0.019 0.941+0.044 0.961+0.013 0.897+0.031

Table 2. Ablation study for BYOL-VS showing the effect of the adversarial weight Agp
on the two downstream tasks. Other than Agu, the hyperparameters are kept identical.

Correct vs. Incorrect Retroflex vs. Bunched
Accuracy MCC Accuracy MCC

Agr1 =0 0.904 £ 0.033 0.799 + 0.087 0.918 £ 0.031 0.802 £ 0.065
Agrl = 0.1 0.974+0.019 0.941+0.044 0.961 +0.013 0.897+0.031
Agrl = 0.2 0.968 4 0.014 0.929 + 0.031 0.956 £ 0.019 0.891 4 0.043
Agr1 = 1.0 0.952 4 0.035 0.896 £+ 0.070 0.943 £ 0.029 0.852 £ 0.082
Agrl = 5.0 0.924 £ 0.050 0.825 +£0.125 0.905 £ 0.076 0.761 £ 0.176

Setting

Table 3. Mean £+ SD of training time and peak VRAM usage per CV fold.

Method Runtime (hours) VRAM (GB)

VideoMAE [17] 3.22 4022 10.51 + 0.59

RESA [21] 11.56 £ 0.15 9.75 £ 0.07

BYOL [9] 2.56 £0.11 5.75+0.15

BYOL-VS (ours) 3.09+0.15 7.16 £0.15

© Retroflex = Bunched A Incorrectly pronounced ¢ Correctly pronounced, ambiguous shape © Retroflex ® Bunched
VideoMAE | BYOL RMSE: 0.0 RMSE: 0.0 2
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Fig. 3. Qualitative comparison of methods. Left: UMAP visualization of SSL video
representations (with 30 UMAP neighbors). Right: Mean tongue contours of the central
frame obtained by spectral clustering the embeddings of perceptually accurate clips.
Clusters derived from BYOL-VS best recover the correct tongue shape geometry.
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fying within-rhotic tongue shapes. BYOL-VS outperforms RESA and BYOL on
both tasks. Table 2 examines the impact of varying Ag,1. Increasing the speaker-
adversarial term up to Ag = 1 yields higher mean accuracy and MCC on both
tasks compared to that of Ay = 0, with best results at A1 = 0.1, declining
in performance for subtype discrimination when Ag = 5. This improvement
suggests that moderate suppression of speaker-related noise substantially bene-
fits downstream performance. Although not included due to the page limit, our
initial experiments show the following. First, linear probing is directionally con-
sistent with kNN probing, but smaller in values, where BYOL-VS is still the best
in both tasks (mean ACC = 0.793 and 0.753; mean MCC = 0.657 and 0.558; cf.
Table 1). Second, GRL is not specific to BYOL: adding GRL to VideoMAE and
RESA also improves mean ACC by 2-3% and mean MCC by 7-9%.

Figure 3 provides complementary qualitative evidence. For the qualitative
analyses, all models were refit on the full dataset using the best set of hyper-
parameters selected from the 5-fold CV. On the left, UMAP projections of final
video-level encoder representations labeled with ground truth categories show
that BYOL-VS exhibits more visually separable clusters than competing meth-
ods. On the right, we evaluate whether this structure reflects articulatory geom-
etry. Instead of labeling the embeddings with true articulatory classes (retroflex,
bunched), unsupervised spectral clustering with two clusters is first applied to
the embeddings of clips predicted as perceptually accurate. For each cluster,
we compute the mean tongue contour from the central frame using 100 expert-
traced coordinates and root mean squared error (RMSE) as the pointwise de-
viation from the ground truth contours. BYOL-VS achieves the lowest RMSE
and yields contours that most closely match the ground truth tongue shapes,
suggesting its representations better preserve articulatory geometry. RESA pro-
duces interpretable contours but with substantially higher RMSE, consistent
with less accurate separation in the embeddings. BYOL and VideoMAE show
limited visual distinction between the two configurations, with higher RMSE
than that of BYOL-VS for both shapes. While reconstruction-based objectives
emphasize low-level detail and can limit higher-level abstraction needed for clas-
sification [11], our results suggest that joint-embedding methods are similarly
affected when domain-specific variability, such as inter-speaker differences, is
not explicitly controlled. With adversarial training, BYOL-VS recovers known
structures in perceptually accurate productions, indicating the suppression of
noise improved the learning of articulatory information.

Computational Efficiency. The computational cost is summarized in Table 3.
BYOL is the most efficient in both runtime and memory, VideoMAE requires
higher VRAM, and RESA is the slowest. BYOL-VS introduces an overhead
relative to BYOL but remains more efficient than VideoMAE and RESA. Given
the substantial improvement in performance, this modest overhead is worthwhile.

4 Conclusion

We introduce BYOL-VS, a speaker-adversarial SSL framework for learning clin-
ically relevant within-rhotic articulatory structure from lingual ultrasound with-
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out task-specific fine-tuning. We demonstrate that joint-embedding SSL method
can well encode both perceptual accuracy and rhotic subtype structure when
speaker-specific variation is controlled. An ultrasound-only model is a neces-
sary first step for testing whether learned representations capture tongue-shape
structure relevant to visual biofeedback. Future work will extend the analysis
to perceptually inaccurate and ambiguous productions to derive standardized
articulatory cues that can improve consistency and effectiveness in clinical inter-
vention across phoneme classes. In addition, the framework will be expanded to
include a broader set of phoneme-level articulatory categories and to incorporate
synchronized acoustic signals for multimodal representation learning.
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