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ABSTRACT

Dysarthric speech remains challenging for state-of-the-art automatic speech recognition
(ASR) systems, despite their high accuracy on typical speech. Personalized dysarthric
ASR offers a way to address the substantial differences in speech characteristics between
individuals, but it is constrained by the limited amount of speaker-specific dysarthric
data available for training. Speech produced by the same target speaker in another
language provides an additional source of labeled data while preserving speaker-specific
and dysarthric speech characteristics.

This study investigates bilingual phoneme-level contrastive learning (CL) for person-
alized dysarthric ASR in a case study involving a single speaker with severe dysarthria
producing speech in Dutch and English. Phoneme-level modeling is used as phonemes
provide a natural unit for identifying relationships between speech sounds across lan-
guages. English and Dutch speech are jointly modeled by constructing contrastive pairs
from phonemes that are either shared across the two languages or manually identified as
phonetically equivalent. Because these explicitly cross-lingual relationships constitute
only a subset of the possible positive pairs, three positive sampling strategies and corre-
sponding loss-weighting variants are evaluated to investigate whether giving them greater
influence during training improves recognition or more strongly shapes the learned rep-
resentation space. Two approaches for incorporating additional typical speech are also
evaluated to investigate the effect of training-data composition.

Evaluation considers both phoneme error rate (PER) and the structure of the learned
phoneme embedding space using cosine-distance, nearest-neighbor, and silhouette-
based analyses. To the best of our knowledge, this is the first study to investigate bilingual
phoneme-level contrastive learning for personalized dysarthric ASR.

Results show that phoneme-level CL improves recognition over bilingual fine-tuning
using only Connectionist Temporal Classification (CTC), but explicitly prioritizing cross-
lingual phoneme relationships does not provide a statistically significant improvement
over the simpler same-symbol contrastive learning. At the representation level, bilingual
and weighted objectives can bring cross-lingual phoneme representations closer together
and produce better-separated phoneme clusters, but these changes do not consistently
result in lower PER. Replacing dysarthric speech with typical speech significantly worsens
recognition when the amount of training data is kept approximately constant, whereas
adding typical speech on top of the full dysarthric training set significantly improves
recognition; however, the latter condition also contains more training data, so the im-
provement cannot be attributed specifically to typical speech. Overall, the results show
a benefit from phoneme-level contrastive learning for personalized dysarthric ASR, but
no clear additional benefit from explicitly encoding canonical Dutch-English phoneme
relationships. This suggests that the usefulness of bilingual contrastive learning may
depend on defining cross-lingual relationships that better reflect the target speaker’s
actual speech patterns.
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THE MOTIVATION: EXPLOITING
BILINGUALITY IN PERSONALIZED
DYSARTHRIC ASR

1.1. MOTIVATION

Dysarthria is a motor speech disorder caused by a range of neuro-motor conditions. The
speech of patients diagnosed with dysarthria is characterized by impaired articulation,
reduced respiratory control and high acoustic variability, which can substantially reduce
speech intelligibility. This results in communication with others being extremely diffi-
cult, which not only brings great inconvenience to the patients, but also increases their
psychological burden [1]. In the study surveying post-stroke dysarthria patients [2], it
is reported that more than half of the study participants reported negative changes in
self-identity resulting from their speech disorder, and that those changes result in the
individuals being prone to social isolation.

The underlying conditions behind dysarthria also reduce the patients’ mobility and
ability to live independently. Co-occurring physical disabilities and other medical condi-
tions that dysarthria patients suffer from cause difficulties in using keyboard-, mouse- and
touch-screen-based user interfaces. Voice-controlled devices can improve the quality of
life of dysarthric patients tremendously. The usage of voice-powered smart-home devices
can aid them in their mobility issues, voice-based technologies can be used for speech
therapy, and, for isolated patients, they can serve as a companion to battle loneliness.

However, despite this potential, commercially available ASR systems perform con-
siderably worse on dysarthric speech than on typical speech. Reported word error rates
for dysarthric speakers are 26.2%-81.8% higher than for speakers without a speech dis-
order [3]. This performance gap is caused by several factors. First, since mainstream
ASR systems are trained primarily on large amounts of typical speech, whose acoustic
and articulatory characteristics differ substantially from dysarthric speech, these models
generalize poorly to the characteristics of dysarthric speech. Second, collecting dysarthric

1
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speech is slow and burdensome, since dysarthric speakers get tired more easily than
typical speakers, which limits the amount of available dysarthric data. Finally, dysarthric
speech varies considerably, both between individuals — because of differences in severity,
underlying condition, and individual articulatory patterns — and within a single speaker’s
own speech across time, context, and utterances. As a result, even models trained on
dysarthric speech may struggle to generalize well across speakers.

Personalized dysarthric ASR addresses this inter-speaker variability by adapting the
recognition system to the speech of a specific target user. Rather than requiring one
model to represent the full range of dysarthric speech patterns, a personalized model
can specialize in the acoustic and articulatory characteristics of one individual. However,
personalization further intensifies the data-scarcity problem: the amount of speech avail-
able from a single speaker is even smaller than the already limited amount of dysarthric
speech available across speakers. Personalized dysarthric ASR therefore requires methods
that make particularly effective use of the limited speech available from the target user.

One such source is speech produced by the same person in another language. Dutch
and English recordings from the same target speaker share the speaker-specific character-
istics associated with their motor-speech impairment, while providing different linguistic
and phonetic material. This makes speech in another language particularly interest-
ing for personalized ASR: unlike speech from another speaker, it adds training material
without introducing inter-speaker variation. Previous work supports the potential value
of multilingual information for dysarthric ASR. Hernandez et al. [4] found multilingual
speech models to be more effective feature extractors for dysarthric ASR than monolingual
models, while Steinmetz [5] showed that incorporating second-language speech from a
dysarthric individual can improve recognition. Takashima et al. [6] similarly reported
improvements when combining dysarthric and typical speech across languages. These
findings suggest that the target speaker’s Dutch and English speech should be treated as
related sources of information rather than as independent datasets.

Executing this idea requires choosing an appropriate unit of comparison across lan-
guages. Whole utterances or words cannot be compared across English and Dutch, since
the two languages share almost no vocabulary; however, given similarities between En-
glish and Dutch and an extensive overlap between phonetic inventories of these two
languages, phoneme-based ASR can help exploit cross-lingual similarities between these
two languages. Using phoneme-based multilingual training also reduces phoneme error
rates compared to monolingual training - in their work, Yusuyin et al. [7] have shown that
for 8 out of 10 languages tested (English, Spanish, French, Italian, Dutch, Swedish, Turk-
ish and Tatar), multilingual models achieved lower PER results than their monolingual
counterparts. Zelasko et al. [8] show that even phonemes unique to a single language
benefit from being trained jointly with data from other languages, observing improvement
in per-phoneme error rates for unique phonemes in French, Spanish, Vietnamese and
Mandarin.

Phoneme-level training also allows the bilingual data to be used in a way that goes
beyond simply increasing the amount of training data. Individual phonemes which are
phonetically similar across English and Dutch, even when conventionally transcribed
with different IPA symbols, may be produced by the speaker in an acoustically similar
way, and could therefore reinforce one another’s representation during training if the
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model is explicitly encouraged to treat them as similar. Since dysarthric speech is itself
characterized by variability between different phoneme representations, encouraging
more robust phoneme representations in this way can help with adapting the model to
the intra-speaker variability that makes dysarthric speech so difficult to recognize in the
first place.

Testing this hypothesis, however, requires a training objective that can act on phoneme-
level similarity directly; standard recognition objectives, such as CTC, do not do so. Con-
trastive learning offers exactly such a mechanism: by explicitly defining which pairs of
phoneme instances should be treated as similar (positives) and which should not (nega-
tives), and training the model to reflect this in its representation space, contrastive learn-
ing makes it possible to determine whether phonetically similar cross-lingual phoneme
pairs can be pulled closer together in the learned representation space, and whether doing
so is beneficial for recognition. In this setting, phonetically related Dutch and English
phonemes can be treated as positive pairs. Since these cross-lingual relationships form
only a part of the available positive pairs, their effect may depend on how frequently and
how strongly they contribute to the contrastive objective. The study therefore considers
both the selection of cross-lingual positives and the strength of their contribution during
training.

Contrastive objectives have previously shown promising results for dysarthric ASR
specifically: Wu et al. [9] use contrastive learning with data-augmentation-based positive
pairs to improve dysarthric recognition, Wang et al. [10] integrate supervised contrastive
learning in their dysarthric ASR model, and DyPCL [11] introduces a dynamic, difficulty-
ordered contrastive training scheme for dysarthric speech. None of this prior work,
however, uses contrastive learning to exploit cross-lingual phonetic relationships in
dysarthric speaker’s own bilingual data.

This research gap motivates the investigation of bilingual phoneme-level contrastive
learning for personalized dysarthric ASR. In particular, this thesis examines how explicitly
exploiting cross-lingual phonetic relationships between the target speaker’s Dutch and En-
glish speech through phoneme-level contrastive learning affects personalized dysarthric
ASR performance and the structure of the learned phoneme representation space. To
investigate this, several aspects of the contrastive learning framework are considered,
including how cross-lingual positive pairs are selected, how strongly these relationships
are emphasized in the training objective, and how the incorporation of additional typical
speech affects the proposed approach. These aspects form the basis of the research
questions presented in the following section.

1.2. RESEARCH QUESTIONS

The main research question is:

RQ: How does bilingual phoneme-level contrastive learning with cross-lingual
positive pairs affect personalized dysarthric ASR and the learned representa-
tion space?

To answer this question, the following sub-research questions are addressed:
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SRQ1: How do different triplet sampling strategies affect recognition perfor-
mance and representation structure?

This sub-question investigates whether different ways of selecting positive samples
for the triplet loss affect the model’s recognition performance and learned representation
space. In particular, it compares basic same-symbol sampling, equivalence-prioritized
bilingual sampling, and hierarchical bilingual sampling. The comparison considers both
phoneme error rate and embedding-space analyses.

SRQ2: How does weighting the bilingual contrastive loss affect recognition
performance and representation structure compared to the unweighted ob-
jective?

This sub-question examines whether assigning higher weights to triplets with bilingual
positives changes the effect of the contrastive objective. Both phoneme error rate and
embedding space analyses are conducted.

SRQ3: How does incorporating typical speech data affect recognition perfor-
mance and representation structure?

This sub-question explores the role of typical speech data in the proposed framework.
It compares two settings: one where typical speech replaces part of the dysarthric training
data, and one where typical speech is added on top of the available dysarthric data.

1.3. THESIS OUTLINE

The thesis is organized as follows: Chapter 2 introduces background knowledge for
better understanding of this thesis. Chapter 3 explains the methodological framework
of this thesis. Chapter 4 describes the experimental setup, including the dataset, data
pre-processing, training configurations, and evaluation metrics. Chapter 5 reports the
experimental results. Chapter 6 provides the findings of these results and answers to
the research questions. Chapter 7 presents the conclusions and discusses directions for
future work.



THE FOUNDATIONS: ASR,
DYSARTHRIA, AND CONTRASTIVE
OBJECTIVES

2.1. AUTOMATIC SPEECH RECOGNITION

Automatic speech recognition (ASR) is the task of automatically converting a spoken
utterance into a symbolic linguistic representation. In conventional ASR, the inputis a
speech signal, and the desired output is a sequence of words or characters corresponding
to what was said [12].

A standard ASR pipeline can be viewed as estimating the most likely output sequence
given an input speech signal. Let x denote the input audio and y denote the target
linguistic sequence. The goal of ASR is to find the sequence ¥ that is most likely given the
acoustic input:

V= argm;le(y [x).

2.1.1. END-TO-END ASR
Traditional ASR systems were typically composed of three subcomponents: an acoustic
model, a pronunciation model or a lexicon, and a language model. The acoustic and lan-
guage models were each trained separately with their own data: the acoustic model used
speech utterances with transcriptions for training, and the language model was trained
on text. The pronunciation model was typically constructed from a fixed pronunciation
dictionary rather than trained. These components were then combined during decoding.
The introduction of end-to-end ASR models combined these components into a
single, jointly optimized neural framework [13]. This simplified pipeline, compared with
training and combining several separate components, has contributed to end-to-end
systems becoming widespread and achieving state-of-the-art results on different ASR
benchmarks [14].
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Several approaches are commonly used for end-to-end ASR, the most widely used of
which are Connectionist Temporal Classification (CTC)-based models, Attention-based
Encoder-Decoder (AED) models, and Recurrent Neural Network Transducers (RNN-T).
These approaches differ in how they model the relationship between the input speech and
the output sequence. Conventional AED models use a decoder that applies an attention
mechanism to assign different weights to the encoder representations when generat-
ing each output label, resulting in soft input-output alignments that do not necessarily
correspond to precise phoneme boundaries. RNN-T models introduce a separate autore-
gressive prediction network in addition to the encoder and combine the two through a
joint network, so that each output prediction is conditioned on the previously generated
labels. CTC uses frame-level output predictions without requiring an autoregressive
decoder.

This frame-level output structure is particularly useful for the method proposed in
this thesis. The CTC output probabilities can be combined with the reference phoneme
sequence in a forced alignment procedure to obtain explicit phoneme spans over the
encoder representations. As described in Section 3.2, these spans are then used to extract
the phoneme-level embeddings on which the contrastive objective operates. CTC there-
fore provides a comparatively simple recognition objective while also giving access to
the frame-level structure required by the proposed phoneme-level contrastive learning
framework.

2.1.2. CONNECTIONIST TEMPORAL CLASSIFICATION

Connectionist Temporal Classification (CTC) is a training objective for sequence pre-
diction tasks in which the alignment between the input frames and the output labels is
unknown [15]. CTC adds a special blank symbol, representing frames that are not assigned
to any output label, to the output vocabulary and produces a probability distribution over
this extended label set at each input frame.

A single output sequence can correspond to multiple frame-level prediction paths.
During training, CTC therefore does not require a predetermined frame-level alignment.
Instead, it defines the probability of the target sequence by summing over all valid paths
that collapse to that sequence. A path is collapsed by merging repeated labels and remov-
ing blank symbols, and the required marginalization over possible paths is computed
using dynamic programming.

At inference time, the frame-level output probabilities can be decoded greedily or
using beam search. Since CTC does not use an autoregressive decoder, the frame-level
predictions are conditionally independent given the input representation.

2.1.3. SELF-SUPERVISED SPEECH REPRESENTATION LEARNING

Modern ASR systems typically require large amounts of labeled speech data, but pro-
ducing accurate transcriptions is expensive and time-consuming. This is especially
problematic in low-resource settings, where labeled data may be scarce, while unlabeled
speech recordings are easier to obtain. Self-supervised speech representation learning
addresses this problem by learning representations from speech without requiring manu-
ally provided labels during pretraining. That way, a model can first learn general acoustic
and phonetic structure from large amounts of unlabeled speech, and then reuse this
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knowledge when it is fine-tuned on a much smaller labeled dataset. This reduces the
amount of task-specific labeled data required to learn useful speech representations. The
approach is loosely inspired by human language acquisition, where knowledge about
speech develops largely through exposure to spoken language, without relying on explicit
labelled supervision [16].

Self-supervised learning is related to unsupervised learning because both approaches
make use of unlabeled data. However, self-supervised learning creates its own training tar-
gets from the input data. For example, a model may mask part of an audio representation
and learn to identify or reconstruct the missing information from the surrounding context.
This allows the model to learn structure in the speech signal before it is fine-tuned on a
labeled downstream task.

Self-supervised speech representation learning includes several types of training
objectives, including generative and contrastive approaches [17]. Generative approaches
learn representations by reconstructing or predicting information from the input, while
contrastive approaches learn by distinguishing related representations from unrelated
alternatives. Despite the differences in the pretraining objective, the common goal is to
learn speech representations from unlabeled data that can subsequently be transferred
to downstream tasks with limited labeled data.

A prominent model family based on contrastive self-supervised speech learning is
wav2vec. The original wav2vec model introduced contrastive self-supervised pretraining
for speech by learning representations from raw audio [18]. Wav2vec 2.0 extended this
framework by masking parts of the latent speech sequence and using a Transformer
context network to learn contextualized representations [19]. During pretraining, the
model learns to distinguish the correct masked latent representation from distractors.
This contrastive objective differs from the phoneme-level contrastive objective introduced
in Chapter 3, which explicitly structures representations according to phoneme identity
and cross-lingual phonetic relationships. After pretraining, the wav2vec 2.0 encoder can
be fine-tuned for ASR using labeled data.

One notable example of wav2vec extensions is XLS-R. XLS-R extends the wav2vec 2.0
framework to multilingual speech representation learning. Instead of pretraining on
speech from a single language, XLS-R is pretrained on unlabeled speech from multiple
languages using the same general self-supervised objective as wav2vec 2.0 [20]. This
allows the model to share latent speech representations between languages and use
language features from other languages without pre-training the model again in the new
language [21]. This approach is particularly useful in low-resource languages with limited
amount of labeled speech data [20, 22, 23].

XLS-R’s multilingual pretraining is particularly relevant to the personalized dysarthric
ASR setting considered in this thesis. Training a large acoustic encoder from scratch
is difficult due to a small amount of data available, so using a pretrained multilingual
self-supervised model allows the system to reuse representations learned from large
amounts of speech and adapt them using comparatively little speaker-specific data. It
is also well matched to the bilingual setup of this work, since the proposed contrastive
objective operates on Dutch and English speech within a shared encoder and explicitly
exploits phonetic relationships between the two languages. Because XLS-R has already
been pretrained on speech from multiple languages, it serves as a good starting point for
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learning shared representations across the target speaker’s Dutch and English speech.

2.1.4. ASR FAIRNESS

State-of-the-art ASR systems achieve good performance on standard benchmarks, with
some of them achieving almost human-like parity [24-26]. However, this performance is
largely limited to typical speech — that is, speech from adult, typically highly-educated,
first-language speakers of a standardized language variety, without a speech disability [27].
When tested on more diverse speaker populations, substantial performance disparities
emerge.

Performance gaps in modern ASR systems have been documented across several
speaker-related factors, including race [28-31], gender [28, 32, 33], age [34, 35], accent [33,
35-38] and the absence or presence of speech disorders [39, 40]. These disparities have
been observed across different languages. In Dutch ASR, studies have found performance
gaps for speakers with non-native accents, language proficiency, age, and speech motor
impairment [41-43]. Similar disparities have also been reported for English ASR across
race, gender, age, accent, and speech disorders [28, 33, 38, 39].

These gaps lead to ASR-based technologies being less accessible and less reliable, thus
excluding those underrepresented speaker groups from using those systems effectively.

Similar issues are observed in ASR systems for low-resource languages. Since large-
scale ASR training data mostly centers around English and other high-resource languages,
systems often perform worse for languages with less available labeled speech data [44-47].
This creates an additional form of access inequality, where the benefits of modern ASR
are not distributed evenly across languages and speaker communities.

2.2. MULTILINGUAL AND CROSS-LINGUAL ASR

Multilingual ASR refers to speech recognition systems that are trained on or designed to
recognize speech from more than one language [48]. Instead of developing a completely
separate model for each language, multilingual systems use a shared model, or shared
components of a model, to learn from speech across several languages. Cross-lingual
learning refers more specifically to the sharing or transfer of information between lan-
guages. A multilingual ASR system can therefore enable cross-lingual transfer when
representations learned from one language are also useful for recognizing speech in an-
other language. Multilingual ASR has become increasingly common as a way of extending
speech recognition to a wider range of languages [49].

One important application of multilingual ASR is recognition in low-resource lan-
guages. When only a limited amount of labeled speech is available for a particular lan-
guage, training a model using that language alone can be difficult. Multilingual training
allows the model to learn from speech in several languages within a shared representation
space. Since some acoustic and phonetic properties are shared across languages, this
can allow the information learned from higher-resource languages to contribute to the
representation of lower-resource languages, rather than treating each language indepen-
dently [48]. Babu et al. [20] showed that multilingual models can learn representations
that are not tied exclusively to a single language and can support cross-lingual sharing.
Toshniwal et al. [50] similarly found that multilingual pretraining can improve recognition
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compared with independently trained monolingual models. However, the composition
of multilingual training data remains important, since an imbalance between high- and
low-resource languages can negatively affect performance for some languages [20].

Phoneme-based ASR is particularly suitable for cross-lingual learning because differ-
ent languages often share identical or phonetically similar speech sounds. This makes it
possible for a multilingual model to learn a shared representation space in which related
phonemes from different languages are represented similarly, rather than treating each
language independently. Yusuyin et al. [7] showed that pooling data from multiple lan-
guages can reduce phoneme error rates compared with monolingual training. Zelasko et
al. [8] further showed that multilingual training can benefit the recognition of phones in
the target language, including phones that are not shared directly with the other training
languages. These findings suggest that multilingual training can provide useful phonetic
knowledge, even when the phoneme inventories of the languages do not fully overlap.

This distinction between multilingual training and cross-lingual sharing is particularly
relevant to the approach investigated in this thesis. The ASR system is multilingual,
since it is trained on both Dutch and English speech, while the proposed contrastive
objective is explicitly cross-lingual because it uses phonetic relationships between Dutch
and English phonemes when defining positive pairs. The aim is therefore not only to
train a single model on two languages, but to investigate whether explicitly encouraging
information sharing between related phonemes can improve the learned representations
and recognition performance.

2.3. DYSARTHRIA AND DYSARTHRIC ASR

2.3.1. DYSARTHRIC SPEECH CHARACTERISTICS

Dysarthria is a motor speech disorder which can be caused by a range of neuro-motor
conditions including cerebral palsy, amyotrophic lateral sclerosis (ALS), Parkinson disease,
stroke or traumatic brain injuries [51]. The neuro-motor problems that dysarthric patients
suffer from manifest themselves in weakness or paralysis of muscles that are used in
articulation, which reduces the intelligibility of their speech [52].

Dysarthric speech has several pathological characteristics, such as discontinuous
pronunciation, uncontrolled volume, slow speech, explosive pronunciation, improper
pauses, excessive nasal sounds, and air-flow noise during pronunciation, which differ
from typical speech [1]. The presence and degree of these characteristics vary across
individuals. Dysarthria severity describes the overall degree of speech impairment and is
commonly characterized using categories such as mild, moderate, severe, and profound,
with speech intelligibility often used as one indicator of severity [53].

2.3.2. CHALLENGES OF DYSARTHRIC ASR
Dysarthric speech remains very challenging for commercially available ASR systems.
Dysarthric speech tested on such ASR systems provides 26.2% - 81.8% higher word error
rate (WER) compared to typical speech [3].

This performance disparity can be attributed to several aspects. First, the aforemen-
tioned acoustic differences between typical speech and dysarthric speech make it difficult
for the systems mostly trained on typical speech data to adapt to dysarthric speech. Sec-
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ond, collecting dysarthric speech data also poses challenges. Dysarthric speakers are
easily exhausted, are less able to express emotions, and are prone to drooling and dyspha-
gia [1]. This makes it extremely difficult to collect large quantities of disordered speech,
which are essential to train any modern ASR system. Lastly, dysarthric speech has high
variability. This variability occurs in two dimensions — between different speakers (known
as inter-speaker variability), making it difficult for the system to perform well across all
speakers, and for the speech produced by the same dysarthric speaker in different times,
context or utterances (known as intra-speaker variability).

2.3.3. RECENT DIRECTIONS IN DYSARTHRIC ASR

Several approaches have been explored to address two major challenges of dysarthric
ASR: the limited availability of dysarthric training data and the high acoustic variability of
dysarthric speech.

One common direction is data augmentation, which addresses data scarcity by in-
creasing the acoustic variability of the existing training data without requiring additional
recordings from dysarthric speakers. By exposing the model to modified versions of the
available speech, augmentation can reduce overfitting to the limited training set and
encourage the recognizer to become more robust to variation in speech production. Rel-
atively simple transformations, including speed, pitch, tempo, volume, and vocal tract
length perturbations, have been shown to improve dysarthric ASR performance [54-56].
More advanced techniques such as SpecAugment [57] and domain-specific variants such
as Dysarthric SpecAugment [58] have also been successfully applied.

Another way of addressing data scarcity is to generate additional training speech. Text-
to-speech and voice conversion systems have been used to produce synthetic dysarthric
speech that can supplement recordings from real speakers [59-61]. Rather than modifying
existing recordings, these approaches attempt to create new examples that reproduce
characteristics of dysarthric speech, thereby increasing the amount of training material
available to the recognizer.

A second direction focuses on modifying the speech representation itself so that infor-
mation relevant to recognition becomes easier for the model to distinguish. Dysarthric
speech can exhibit substantial acoustic variability and atypical articulatory patterns, so
the standard acoustic representation may not always make the underlying phonetic struc-
ture sufficiently clear for the recognizer. Feature-enhancement approaches therefore aim
to transform or enrich the input representation before recognition. For example, articu-
latory features have been combined with acoustic features to provide additional infor-
mation about speech production in dysarthric and other pathological speech [62]. Other
work has used deep autoencoders [63] and TDNN-based denoising autoencoders [64] to
enhance dysarthric speech features. Prananta et al. [65] similarly applied MaskCycleGAN-
based feature modification.

While these approaches address important challenges of dysarthric ASR, particularly
data scarcity and acoustic variability, they do not directly address the substantial differ-
ences in speech characteristics between individual dysarthric speakers. This motivates
speaker-specific approaches that adapt the recognition system to the characteristics of
an individual user.
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2.3.4. PERSONALIZED DYSARTHRIC ASR

One of the main challenges of dysarthric ASR is the variability of dysarthric speech
across speakers. The acoustic and articulatory characteristics of dysarthria depend on
factors such as the underlying condition, severity, disease progression, and individual
motor impairments. Consequently, two speakers with similar clinical characteristics
can still produce speech that differs considerably, making it difficult for a single speaker-
independent ASR system to perform equally well across individuals [66]. This inter-
speaker variability is particularly important for speakers with severe dysarthria, whose
speech may differ substantially from both typical speech and the dysarthric speech
represented in the training data.

Personalized dysarthric ASR addresses this problem by adapting the recognition sys-
tem to the speech characteristics of a specific target speaker. Rather than requiring one
model to represent the full range of variation across dysarthric speakers, a personal-
ized model can specialize in the acoustic and articulatory patterns of one individual.
This reduces the amount of variability that the model needs to account for, making the
recognition problem more manageable for that particular user.

Previous work provides strong evidence for the value of speaker-specific adaptation.
Shor et al. [67] showed that personalized fine-tuning can substantially improve recogni-
tion of impaired speech, with considerable gains obtained from only a few minutes of
speaker-specific training data. Green et al. [68] evaluated personalized ASR models for
hundreds of speakers with disordered speech and found that personalized systems sub-
stantially outperformed speaker-independent models. The largest improvements were
observed for speakers with more severe speech impairments, for whom general-purpose
recognition is particularly difficult. These findings show that speaker-specific adaptation
can be effective both when relatively little target-speaker data is available and across a
large and diverse population of speakers.

Single-speaker studies allow the effects of speaker-specific adaptation to be examined
in greater detail. Zhang et al. [69] evaluated state-of-the-art ASR systems on continuous
Dutch speech from a speaker with severe dysarthria and found that general-purpose
systems performed poorly, while fine-tuning on speech from the target speaker substan-
tially improved recognition. More recently, Ogasawara et al. [70] introduced SS-JDSC, a
single-speaker Japanese dysarthric speech corpus containing approximately 15 hours
of speech. Fine-tuning an ASR model on this corpus substantially reduced recognition
error, further showing the value of collecting sufficiently rich speaker-specific data for
personalized dysarthric ASR.

Personalization nevertheless introduces an additional data challenge. While a speaker-
independent dysarthric ASR system can utilize recordings from many speakers, a per-
sonalized system is restricted to the amount of speech that can be collected from its
target user. Such data is scarce and hard to collect, so it is important to use the available
speaker-specific data as effectively as possible.

2.3.5. MULTILINGUAL DYSARTHRIC ASR

Multilingual data provide another potential source of additional speech information for
dysarthric ASR, particularly when dysarthric training data in the target language is limited.
Speech produced by the same dysarthric speaker in another language still reflects many of
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the speaker-specific characteristics associated with their motor-speech impairment, while
also introducing additional phonetic and acoustic variation. This additional variation may
therefore provide useful information for recognizing dysarthric speech. Takashima et al.
[6], for example, supplemented speech from a Japanese dysarthric speaker with English
dysarthric speech and typical Japanese speech. Their approach resulted in improvements
0f 14.7% and 6.5% for two dysarthric speakers, showing that speech outside the immediate
target-speaker and target-language data can provide useful additional information for
recognition.

In the study of Hernandez et al. [4], the authors found that multilingual speech mod-
els are more effective feature extractors than monolingual models for models trained
to recognize monolingual dysarthric speech. The authors attribute this to multilingual
pretraining exposing the model to a wider range of phonetic variation than monolin-
gual pretraining, since the same or similar phonemes are pronounced differently across
languages. They argue that this broader exposure to phonetic variation, rather than a
narrower, language-specific one, makes the resulting representations better suited to
the acoustic variability that characterizes dysarthric speech. Following this hypothesis,
jointly using Dutch and English speech from the same dysarthric speaker may expose the
model to a broader range of phonetic realizations while preserving the speaker-specific
characteristics of the target dysarthric speech. If phonetic information can be shared
across the two languages, this additional cross-lingual variation may help the model learn
more robust phoneme representations for personalized dysarthric ASR.

In his work, Steinmetz [5] discovers that incorporating second-language speech from
a dysarthric individual can improve the performance of a dysarthric ASR system, in both
speaker-dependent and speaker-independent settings. The author attributes these im-
provements to the characteristics of second-language speech which resemble properties
of dysarthric speech, such as increased variability and reduced fluency. Second-language
speech may therefore provide additional acoustic and phonetic variation while, in the
speaker-dependent setting, still preserving characteristics of the target speaker. This
makes it a potentially useful source of additional data when only limited speech is avail-
able in the target language.

2.3.6. USING TYPICAL SPEECH FOR DYSARTHRIC ASR

Since collecting large amounts of dysarthric speech is difficult, previous work has also ex-
plored supplementing limited dysarthric training data with more readily available speech
from typical speakers. Although typical speech does not exhibit the same acoustic charac-
teristics as dysarthric speech, it can still provide additional examples of the phonetic and
linguistic patterns that the ASR system needs to learn.

Yilmaz et al. [71] proposed an approach that incorporated typical Dutch speech data
for Flemish pathological ASR. Their findings showed that this data merging technique
in their proposed context could improve the recognition of pathological speech. In
their study, Leivaditi et al. [72] found that a model fine-tuned on both dysarthric and
typical speech outperformed the model fine-tuned only on dysarthric speech across all
tested severity groups. However, the mixed-data system was trained on a larger amount
of data, so the improvement could not be attributed specifically to the typical speech
itself. Takashima et al. [6] additionally report improvements when combining Japanese
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dysarthric speech with English dysarthric speech and typical Japanese speech.

These findings suggest that typical speech may be useful as supplementary training
data for dysarthric ASR. At the same time, it is unclear whether the observed improve-
ments come from the use of typical speech specifically or simply from having more
training data. They also raise the question of how much typical speech can substitute
for speaker-matched dysarthric speech when the total amount of training data is kept
constant.

2.4. CONTRASTIVE LEARNING

2.4.1. APPROACHES TO SHARED REPRESENTATION LEARNING

Shared representation learning aims to learn features that capture information useful
across different domains or conditions, while reducing differences that are irrelevant
to the target task. In speech recognition, this can be useful when speech varies across
factors such as language, accent, speaker, or speech condition. One approach is domain-
adversarial learning, which encourages the model to learn features that are useful for the
main task but less dependent on the domain of the input [73]. In speech recognition, the
domain can correspond to factors such as accent, language, or speech condition [74-76].

In a domain-adversarial neural network, the encoder is optimized for the main recog-
nition task while also being connected to a domain classifier [73]. The domain classifier
attempts to determine which domain an input belongs to, while the encoder is trained to
make this classification difficult. The resulting representations are encouraged to preserve
information relevant to the main task while reducing domain-specific differences.

The domain is defined by the type of variation that the model is intended to become
less sensitive to. In accented ASR, for example, standard and accented speech can be
treated as different domains, allowing the model to learn representations that are less de-
pendent on accent [74]. Domain-adversarial learning has also been applied to dysarthric
ASR. Woszczyk et al. [76] treated typical and dysarthric speech as separate domains
and trained the feature extractor to make the two less distinguishable while retaining
information required for speech recognition.

The same principle can be applied across languages. In multilingual ASR, the language
of an utterance can be used as the domain label. The language classifier attempts to
predict the input language from the encoder representations, while the encoder is trained
to reduce the amount of language-specific information they contain. Adams et al. [75]
used such a language-adversarial objective in multilingual ASR to encourage language-
independent encoder representations. In this way, domain-adversarial learning can
encourage the model to learn representations that are more similar across languages.

However, domain-adversarial learning treats each domain as a single category and
does not explicitly model finer-grained relationships within or across domains. Making
Dutch and English representations less distinguishable, for example, does not explicitly
determine which particular phonemes in the two languages should have similar rep-
resentations. Contrastive learning provides more direct control over these individual
relationships. By defining particular examples as similar or dissimilar, the objective can
explicitly encourage selected representations to become closer or farther apart. This
property is particularly relevant to the approach investigated in this thesis, where specific
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phonetic relationships between Dutch and English phonemes are used to structure the
shared representation space.

2.4.2, CONTRASTIVE LEARNING RATIONALE

Contrastive learning is a representation learning approach based on comparisons be-
tween similar and dissimilar samples. A positive pair consists of samples that should
have similar representations, while a negative pair consists of samples that should remain
distinguishable [77]. Training encourages representations of positive samples to become
closer in the embedding space and representations of negative samples to become farther
apart.

Contrastive learning can be used in both unsupervised and supervised settings. In
unsupervised contrastive learning, explicit class labels are not used to define similarity
between samples. Positive pairs are instead typically constructed from different views or
augmentations of the same input, while other samples are treated as negatives [78]. In
supervised contrastive learning, label information is available and can be used to define
these relationships directly: samples belonging to the same class are treated as positives,
while samples from different classes are treated as negatives [79]. The definition of these
positive and negative relationships determines what structure the model is encouraged
to learn.

Contrastive learning was first adapted in the computer vision domain [78-82] and has
since been applied across a wide range of domains [83-86], including speech.

2.4.3. TRIPLET LOSS
In order to be able to utilize the contrastive learning objective in model training, a loss that
enforces the relationships between the anchor, the positive sample(s) and the negative
sample(s) needs to be defined. Several loss formulations can be used for contrastive
learning, including batch-based objectives that compare an anchor against multiple
positive and negative examples. In this thesis, triplet loss [87] is used, which operates on
one anchor, one positive sample, and one negative sample. This formulation provides
a straightforward way to deliberately select different types of positive relationships, in-
cluding sparse manually defined cross-lingual equivalents, and later weight the resulting
triplet categories separately.

Given an anchor sample z,, a positive sample z,, and a negative sample z,, the triplet
loss encourages the distance between the anchor and positive to be smaller than the
distance between the anchor and negative by at least a margin m:

Lrriplet = Max (d(zq,2p) — d(2q,2,) + m,0),

where d(:,-) is a distance function. If the negative sample is already sufficiently farther
away from the anchor than the positive sample, the loss becomes zero. Otherwise, the
model is penalized and the embeddings are updated so that the positive pair becomes
closer and the negative pair becomes more separated.

The margin controls how much farther the negative sample should be from the an-
chor compared with the positive sample. A larger margin enforces stronger separation
between positive and negative pairs, while a smaller margin allows the model to satisfy
the constraint more easily.
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Treating all triplets equally assumes that every positive and negative relationship is
equally informative for shaping the representation space. In practice, however, some
triplets may provide a stronger or more meaningful training signal than others. Weighting
the triplet loss allows the model to reflect these differences by assigning greater influence
to selected relationships. This can be useful when some positives are more strongly related
than others, or when certain triplets are more difficult and therefore more informative
during training. Song et al. [88], for example, propose a Softmax weighting strategy that
assigns greater weight to harder samples based on the relative distances between the
anchor, positive, and negative representations. Xiong et al. [89] similarly use a weighted
triplet loss in which selected positive samples receive greater importance. Weighted
triplet loss therefore provides a way of encoding not only which samples should be
treated as related, but also how strongly those relationships should influence the learned
representation space.

2.4.4. POSITIVE SAMPLING

Positive sampling determines which examples are treated as similar in a contrastive
objective. In unsupervised contrastive learning, positive pairs are commonly created by
applying different data augmentations to the same input, while other examples in the
mini-batch are treated as negatives [90].

In supervised contrastive learning, positive examples can instead be defined using
label information. Samples belonging to the same target class are typically treated as
positives, while samples from different classes are treated as negatives. Restricting positive
pairs to exact class identity can, however, be limiting when only a small number of
examples of each class occur within a mini-batch [91]. It also prevents the objective
from representing relationships between samples that belong to different classes but are
nevertheless similar according to other information.

Several approaches therefore extend positive sampling beyond exact class identity.
Wang et al. [91], for example, distinguish between strong positives belonging to the same
class and weak positives that are similar according to additional criteria. They further
weigh these relationships differently, allowing more closely related samples to contribute
more strongly to the objective. Cabannes et al. [92] and Sobal et al. [93] similarly investi-
gate contrastive objectives in which similarity is informed by relationships beyond exact
label identity. These approaches show that positive sampling can incorporate known
relationships between different classes, rather than treating all cross-class pairs as unre-
lated. Weighting provides an additional mechanism for expressing the strength of these
relationships when some positive pairs are expected to be more informative or more
closely related than others.

2.4.5. CONTRASTIVE LEARNING FOR SPEECH
Speech provides several forms of similarity that can be exploited by contrastive learning.
Different speech segments can represent the same phoneme, multiple transformed ver-
sions can originate from the same utterance, and speech sounds can be related according
to their acoustic or phonetic properties. Contrastive objectives can therefore be used to
encourage representations to preserve these relationships.

Early applications of contrastive learning to speech include Contrastive Predictive
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Coding (CPC) [94] and wav2vec [18], which use contrastive objectives to learn speech
representations from large amounts of unlabeled data. Contrastive learning has also been
combined directly with supervised ASR objectives. Talnikar et al. [95], for example, jointly
trained CTC and contrastive objectives and showed that the additional representation-
learning objective can improve downstream speech recognition.

Contrastive learning has also been applied in settings where recognition data is lim-
ited, including low-resource language ASR [96, 97]. When only a small number of labeled
examples are available, encouraging the same or related speech units to have similar
representations can help the model learn a more stable structure from the available data
rather than treating every observation independently.

This property is also relevant to dysarthric ASR, where limited training data is com-
bined with substantial acoustic variability. Contrastive learning can encourage acous-
tically different realizations of the same underlying speech unit to remain close in the
representation space, while preserving separation between different units. Wu et al.
[9] proposed a contrastive learning framework in which different data augmentation
techniques were used to construct positive pairs, allowing them to investigate which
transformations produced useful invariances for dysarthric speech recognition. Wang et
al. [10] also incorporated supervised contrastive learning into a dysarthric ASR system.

More recently, Lee et al. introduced DyPCL [11], a phoneme-level contrastive learning
approach in which the difficulty of the contrastive relationships changes during training.
Negative samples are ordered according to phonetic similarity, so that easier distinctions
are introduced before increasingly similar phonemes. By incorporating phonetic simi-
larity into the construction of the contrastive task, the method encourages the model to
learn increasingly fine-grained distinctions between related speech sounds.

The studies above show that the definition of similarity is an important design choice
in contrastive learning for speech. In particular, the choice of which samples are treated
as positives or negatives determines which relationships the model is encouraged to
preserve in the learned representation space.

2.5. PHONEME-BASED ASR

2.5.1. PHONEMES AS RECOGNITION UNITS

Phonemes are the smallest structural units of speech that distinguish meaning between
words [98]. Phoneme sounds are broken into four broad classes: vowels, diphthongs,
semivowels and consonants. While the specific phoneme inventory differs from language
to language, many phonemes are shared across languages, and the International Phonetic
Alphabet (IPA) [99] provides a standardized notation system for representing speech
sounds, making it possible to describe and compare the phonetic inventories of different
languages.

Due to a small inventory size compared to word vocabularies, phonemes have his-
torically been used as an intermediate recognition unit in ASR. By recognizing phoneme
sequences and mapping them to text through a pronunciation lexicon, these models
could generalize to unseen words built from known phonemes.
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2.5.2. WHY PHONEME-BASED ASR?

Phoneme inventories often overlap between languages, so using phoneme as a basic
unit for ASR systems allows for cross-lingual mapping in multilingual ASR systems [98].
According to [7], especially in limited data settings, phoneme-based supervised pre-
training achieves the most competitive results. In contrast, the methods using grapheme
units face challenges in learning shared cross-lingual representations due to a lack of
shared graphemes among different languages [100]. As presented in Section 2.2, in
phoneme-based multilingual ASR, introducing multilingual data greatly benefits the
models.

In the multilingual contrastive learning setup that aims to benefit from cross-lingual
similarities, using phonemes as a representative unit is the only way to do so. Except for
loan-words, the vocabularies of two languages are different, so utterance- or word-level
samples are impossible to compare to each other. For phonemes however, determin-
ing similarity is possible, and it allows to build mappings that reflect similarities and
dissimilarities between phoneme sets of two languages.

Phoneme-level modeling can also alleviate sparsity in the output space compared
with word-level modeling. Since phonemes are reused across many words, each phoneme
can be observed in multiple lexical contexts, providing more training examples per unit
than would be available for individual word-level targets. Previous work has shown
that phoneme-based representations can improve recognition in low-resource speech
recognition settings [101], making them particularly relevant to personalized dysarthric
ASR, where only limited amounts of target-speaker speech are available.







THE METHOD: BILINGUAL
PHONEME-LEVEL CONTRASTIVE
LEARNING

3.1. BASELINE MODEL ARCHITECTURE
The proposed contrastive learning methods described later in this chapter build on a
baseline phoneme recognition model.

The baseline model consists of a pretrained wav2vec-based acoustic encoder [19,
20] followed by a task-specific encoder and a linear CTC classification layer [15]. Given
an input waveform, the pretrained encoder extracts a sequence of frame-level speech
representations, which are then passed through the task-specific encoder, producing
frame-level hidden representations. These resulting hidden representations are then
projected to the phoneme vocabulary by the linear CTC output layer. A log-softmax
operation converts these scores into frame-level log-probabilities over the CTC output
labels. The overall forward pass can be summarized as follows:

x — wav2vec(x) = U — Enc(U) = H — CTCLinear(H) = O — log softmax(0) — log P (7, | x),

where x is the input waveform, U represents the wav2vec encoder representations,
H denotes the hidden representations, O represents logits/scores over the CTC output
vocabulary, 7; denotes the CTC output label at frame ¢ and P(7; | x) is its frame-level
probability.

The model is trained using the Connectionist Temporal Classification (CTC) loss. For
each utterance, CTC defines the probability of the target phoneme sequence by summing
over all valid prediction paths that collapse to that sequence after removing repeated
labels and blank symbols. CTC therefore allows the model to learn from phoneme se-
quences without requiring a fixed frame-level alignment between phonemes and acoustic
frames.

19
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The baseline objective is therefore:

Laseline = ZcrC-

3.2. PHONEME-LEVEL EMBEDDING EXTRACTION

The contrastive learning objective operates on phoneme-level representations rather
than on whole utterance representations. Therefore, the frame-level encoder output of
the baseline model must be converted into a sequence of embeddings corresponding
to individual phoneme occurrences. This requires an alignment between the reference
phoneme sequence and the frame-level representations produced by the model.

To obtain these alignments, the best checkpoint of the baseline model is used. For
each utterance, frame-level encoder representations and CTC log-probabilities are com-
puted. The reference phoneme sequence is then aligned to these frame-level predictions
using a CTC forced alignment procedure [102] as follows:

Given an input waveform x and its reference phoneme sequence

J’:(J/l;---;J/L);

the target sequence is expanded with blank symbols. Dynamic programming is then used
to find the highest-scoring frame-level path corresponding to the reference sequence.
From this path, each non-blank phoneme occurrence is assigned a span of encoder
frames.

Each extracted span is represented by a start frame and an end frame:

(si,eq),

where s; is the first frame assigned to phoneme y;, and e; is the exclusive end frame of
that span. Given the encoder output sequence:

H= (hl""’hTenc)’

where T¢pc denotes the number of encoder output frames, the embedding for phoneme
occurrence i is obtained by mean pooling over the encoder frames inside the correspond-
ing span:

1 ei—1

Y h..

€ — S t=s;

r=

The resulting vector r; is used as the phoneme-level representation in the contrastive
learning objective.

The alignments are computed for two span extraction variants. In the first variant, the
start and end frames of each phoneme span are taken directly from the non-blank regions
of the CTC forced alignment path. In this case, frames assigned to the CTC blank symbol
are not included in the phoneme embedding. In the second variant, the start frame of
each phoneme is identified first, and the end frame is defined as the start frame of the next
phoneme. This produces contiguous phoneme spans by assigning the region between
two phoneme starts to the preceding phoneme. The first variant gives narrower phoneme
spans, while the second avoids gaps between consecutive phoneme embeddings.
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The two variants differ in how frames assigned to the CTC blank symbol are incorpo-
rated into phoneme representations. Non-blank spans exclude these frames, potentially
producing more phoneme-specific embeddings but using fewer encoder frames. Con-
tiguous spans include the intervening blank frames, which may preserve useful transi-
tional or coarticulatory information but can also introduce information from neighboring
phonemes. Both variants are evaluated to test whether span definition affects the effec-
tiveness of phoneme-level contrastive learning.

Both span definitions are extracted once before contrastive learning and kept fixed
during training. This allows the two span extraction strategies to be compared with each
other.

A dynamic alignment variant was also explored, in which alignments were recomputed
during training using the current model predictions. Dynamic CTC alignment has also
been used in prior phoneme-level contrastive learning work, such as DyPCL [11]. However,
since the dynamic variant did not lead to noticeable differences in the results, the main
experiments used precomputed fixed alignments. The results for experiments using
dynamic alignment can be found in Section A.3 of the Appendix.

The mechanisms of both variants are illustrated in Figure 3.1.

ry zi
mean pooled L2-normalized

Non-blank
Alignments
Eho_nemeipan

- —_———

[ ) L)) [

Contiguous
Alignments

ry zi
mean pooled L2-normalized

phoneme span

Figure 3.1: Phoneme-span embedding extraction under the two alignment variants. Non-blank spans (top)
use only the frames assigned to the phoneme by the CTC forced-alignment path, excluding blank-labeled
frames, producing narrower spans that may leave gaps between consecutive phonemes. Contiguous spans
(bottom) instead extend each phoneme’s span to the start frame of the next phoneme, assigning all intervening
frames, including those labeled blank, to the preceding phoneme. In both variants, frames within the span are
mean-pooled into r; and Ly-normalized into z;, the embedding used in the contrastive objective.

3.3. PHONEME-LEVEL CONTRASTIVE LEARNING

The baseline CTC model is extended with a phoneme-level contrastive learning objective.
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The contrastive loss is applied to the phoneme-span representations extracted from
the encoder output, as described in Section 3.2. Since cosine distance is used by the
triplet loss, the representations are normalized to ensure that similarity is determined by
their direction rather than their magnitude:

_ L
lrill2

The contrastive objective is then computed directly on the normalized encoder rep-
resentations. A projection head was also considered as an additional transformation
before the contrastive objective, following common practice in contrastive representation
learning [78], but it was not used in the main experiments, since the early experiments
performed better without it.

The contrastive objective is formulated as a triplet loss [87]. For each anchor phoneme
embedding z,, a positive phoneme embedding z,, and a negative phoneme embedding
z,, are selected. The positive is intended to represent a phoneme occurrence that should
be close to the anchor, while the negative represents a phoneme occurrence that should
be separated from it. The positive sampling strategies are described in Section 3.5. The
negative is selected from phoneme occurrences with a different label from the anchor
and positive, excluding phonemes defined as cross-lingual equivalents of the anchor.

The triplet loss is then computed using the cosine distance:

Z;

d(zi,zj) =1-cos(z;,z)).

For a triplet (a, p, n), the loss is:
Luriplet = Max (d (24, 2p) — d(2q,2,) + m,0),

where m is the triplet margin. This objective penalizes triplets for which the negative is
not at least m farther from the anchor than the positive, thereby encouraging this relative
distance constraint during training.

The full training objective combines the CTC loss with the phoneme-level triplet loss:

Zrotal = Zcte + AwipletZLiplets

where Ayiplet is @ hyperparameter that controls the contribution of the contrastive objec-
tive.

The contrastive loss is applied only during training. During validation and testing, the
model is evaluated using the CTC phoneme predictions.

During the experiments, a variant was explored in which contrastive learning was
applied only after a warm-up period of a few epochs. However, because this setup showed
worse results than applying contrastive learning immediately, it was abandoned.

3.4. CROSS-LINGUAL PHONEME EQUIVALENCE MAPPING

To incorporate bilingual information into the contrastive learning objective, it was neces-
sary to define which English and Dutch phonemes could be treated as equivalent. Without
such a mapping, the contrastive objective would be limited to identical phoneme symbols



3.4. CROSS-LINGUAL PHONEME EQUIVALENCE MAPPING 23

and would introduce the risk of treating phonetically different sounds as positives only
because they share the same IPA notation.

The equivalence mapping was based on a comparative phonetic analysis of the two
languages, using The Phonetics of English and Dutch [103] as the main reference. This
source provides a detailed comparison of the phonetic systems of the two languages and
was used to identify similarities and differences between the relevant phoneme invento-
ries. The resulting mapping was later validated by consulting an expert in phonetics, who
is also a native Dutch speaker.

The literature was used to establish the phonetic characteristics and cross-linguistic
similarities of the relevant sounds; the decision to treat particular pairs as equivalent for
contrastive learning is a methodological choice made in this thesis rather than a claim
that the phonemes are linguistically identical.

The analysis had two goals. First, phonemes represented by the same IPA symbol
in English and Dutch were examined to determine whether they could be treated as
sufficiently similar for the purpose of contrastive learning. If so, occurrences of these
phonemes could be used as positive pairs in the triplet loss objective. Second, the analysis
aimed to identify cross-lingual phoneme pairs which are represented by different IPA
symbols but are phonetically similar enough to be treated as equivalent in the bilingual
contrastive learning setup.

After the analysis, the following pairs with different IPA symbols were determined to
be equivalent:

English phoneme Dutch phoneme

a: al
(619 (819
(619 (04
au AU
au u
el el
el €l
el €l
€l I
®e 9

Table 3.1: English-Dutch different IPA symbol phoneme pairs treated as equivalent for bilingual contrastive
learning.

After the analysis, it was also determined that not all phonemes with shared IPA sym-
bols should be treated as equivalent. In particular, English and Dutch /w/ and /v/ were
kept distinct, since their realizations differ sufficiently across the two languages. These
phonemes were assigned language-specific labels in the implementation, preventing
them from being treated as same-symbol positives during contrastive learning.
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3.5. BILINGUAL POSITIVE SAMPLING STRATEGIES

The previous section defined which English-Dutch phoneme pairs may be treated as
equivalent for the purposes of contrastive learning. This section describes how that
equivalence information is used during triplet construction. In particular, the following
sampling strategies differ in how the positive example for each anchor is selected: using
only identical phoneme symbols, or using a prioritized combination of manually defined
cross-lingual equivalents and same-symbol positives.

Let z; denote the normalized embedding of a phoneme occurrence, y; its phoneme
label, and ¢; its language label. For an anchor (z,, y4, £ 4), the positive example is selected
from the other phoneme embeddings available in the same mini-batch.

Previous contrastive-learning approaches have shown that positive relationships can
be defined using similarity information beyond exact class identity [91-93]. Building on
this idea, the strategies considered here use cross-lingual phonetic relationships to define
additional positive candidates.

3.5.1. BASIC SAME-SYMBOL SAMPLING

The basic contrastive learning strategy uses only same-symbol positives. For a given
anchor phoneme occurrence, the set of positive candidates consists of all other phoneme
occurrences in the batch with the same phoneme label:

Pame@) ={i#alyi=ya}

A positive example is sampled from this set when at least one same-symbol candidate is
available.

This strategy does not use the manually defined English-Dutch equivalence mapping.
Therefore, phonemes represented by different IPA symbols are never treated as positives,
even if they are phonetically similar across the two languages. However, when an English
and a Dutch phoneme share the same label in the vocabulary, they may be selected as
positives for one another. This makes the strategy a simple baseline for phoneme-level
contrastive learning, where similarity is defined only through identical phoneme labels.

Language-specific labels are used for phonemes that share an IPA symbol but should
not be treated as equivalent across English and Dutch. In particular, English and Dutch
/w/ and /v/ are represented using separate labels, preventing them from being selected
as same-symbol positives.

3.5.2. EQUIVALENCE-PRIORITIZED BILINGUAL SAMPLING

The first bilingual sampling strategy extends the same-symbol sampling by incorporating
the manually defined cross-lingual equivalence mapping. For each anchor, the sam-
pler first checks whether a cross-lingual different-symbol equivalent is available in the
same mini-batch. Let &(y,, ¢,) denote the set of manually defined equivalent phoneme-
language pairs for anchor phoneme y, in language ¢,. The equivalence-based positive
candidate set is:

gzequiv(a) ={i#al (J/irfi) Eg(_)/ur[a)}-

If Pequiv(a) is non-empty, the positive example is sampled from this set. This gives
priority to cross-lingual phoneme pairs that are represented by different IPA symbols but
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were manually identified as equivalent. If no such equivalent is available in the batch, the
sampler falls back to same-symbol positives:

gzsame(a):{i#au/i:_}’a}'

In this version, all same-symbol positives are treated as a single category. That is, the
strategy does not distinguish between same-symbol positives from the other language
and same-symbol positives from the same language. The priority order is therefore:

cross-lingual different-symbol equivalent

l

same-symbol positive

This strategy is designed to test whether manually defined cross-lingual equivalence
pairs provide an additional useful signal beyond basic same-symbol contrastive learn-
ing, while still allowing anchors to contribute to the contrastive loss when no explicit
equivalent is present in the mini-batch.

Equivalence-prioritized sampling strategy is illustrated in the top panel of Figure 3.2

3.5.3. HIERARCHICAL BILINGUAL SAMPLING

The second bilingual sampling strategy further distinguishes between different types of
same-symbol positives. As in the previous strategy, the sampler first checks whether a
manually defined cross-lingual different-symbol equivalent is available in the mini-batch:

gbequiv(a) ={i#al (yi;éi) Eg(ya;ﬁa)}-

If this set is non-empty, the positive is sampled from it.

If no manually defined equivalent is available, the sampler next checks for cross-
lingual same-symbol positives. These are phoneme occurrences that have the same
phoneme label as the anchor but come from the other language:

Piross-same(@) ={i# alyi=yanli # 04}

If this set is non-empty, the positive is sampled from it.
Finally, if neither a manually defined equivalent nor a cross-lingual same-symbol
positive is available, the sampler falls back to same-language same-symbol positives:

Pyithin-same (@) = {i # alyi = yaNl;i=¥4}.

The motivation for this hierarchy is to prioritize positive pairs that make the strongest
use of bilingual information, while still allowing the contrastive objective to be applied
when such pairs are not available. Manually defined cross-lingual different-symbol
equivalents are given the highest priority because they directly test the main bilingual
hypothesis: that phonetically similar English and Dutch phonemes can be brought closer
together even when they are represented by different IPA symbols. However, these pairs
are relatively sparse and may not be present for every anchor in every mini-batch. Cross-
lingual same-symbol positives are therefore used as the next-best option, since they still
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encourage the bilingual objective by using both English and Dutch realizations of the

same phoneme label. Finally, same-language same-symbol positives are used to preserve

the basic phoneme-level contrastive signal when no cross-lingual positive is available.
The resulting priority order is:

cross-lingual different-symbol equivalent

l

cross-lingual same-symbol positive

l

same-language same-symbol positive

This strategy gives the strongest priority to explicitly defined bilingual phoneme
relationships, while still making use of same-symbol positives when no manually defined
equivalent is available. Compared with the previous strategy, it separates cross-lingual
and same-language same-symbol positives, allowing the sampler to prioritize bilingual
positive pairs whenever possible, fully exploiting the bilingual nature of the training data
and the potential representation robustness it provides.

Hierarchical sampling strategy is illustrated in the bottom panel of Figure 3.2

3.6. BILINGUAL BATCH CONSTRUCTION

The triplet sampling strategies proposed above are heavily dependent on the availability
of suitable cross-lingual positive phoneme samples in each mini-batch. Explicit cross-
lingual equivalence positives can only be sampled when the corresponding English and
Dutch phoneme samples appear in the same batch. Forming batches randomly intro-
duces a risk that no usable cross-lingual equivalence pairs will be present, causing the
contrastive objective to fall back to same-symbol or same-language positives and making
the proposed approach ineffective. To reduce this risk, the mini-batches are computed
offline in a way that increases the availability of cross-lingual positive pairs.

Each batch was constructed to contain six utterances: three English utterances and
three Dutch utterances. The batch construction procedure is guided by the predefined
list of phoneme equivalences, as described in Section 3.4. For each equivalence pair, the
training set was searched for English utterances containing the English-side phoneme and
Dutch utterances containing the Dutch-side phoneme. Equivalence pairs were processed
starting from the least frequent pairs, measured by the smaller number of available English
or Dutch utterances. This prioritizes rare equivalence pairs, which would otherwise be
less likely to appear in randomly formed batches.

For each equivalence pair, batches were created by selecting three English utterances
containing the English phoneme and three Dutch utterances containing the correspond-
ing Dutch phoneme. Once no further complete batch could be formed for a given pair,
the procedure moved to the next equivalence pair. This strategy increases the likelihood
that the contrastive sampler can select explicit cross-lingual equivalence positives within
a batch, while maintaining a balanced English-Dutch batch composition. Remaining
utterances that could not be assigned through the equivalence-guided procedure were
grouped into additional balanced batches of the same fixed size by repeatedly taking
three unused English utterances and three unused Dutch utterances from the remaining
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Equivalence-prioritized does this phoneme have a
. manually defined
Sampllng strategy cross-ingual equivalent?
e
is this cross-lingual NoO

equivalent in this batch?

v

use a manually defined
cross-lingual equivalent
as a positive pair

use any same-symbol
phoneme as a positive pair

Hierarchical does this phoneme have a
. manually defined
Sampllng strategy cross-lingual equivalent?
s
is this cross-lingual NoO

equivalent in this batch?

- -

use a manually defined is there a cross-lingual
cross-lingual equivalent same-symbol phoneme
as a positive pair in this batch?

wo e

use a cross-lingual use a same-language
same-symbol same-symbol
phoneme as a positive pair phoneme as a positive pair

Figure 3.2: Equivalence-prioritized sampling (top) falls back to a single undivided same-symbol category when
no manually defined cross-lingual equivalent is found. Hierarchical sampling (bottom) splits this further,
preferring cross-lingual same-symbol positives over same-language ones.
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sets, without applying any further phoneme-based selection criterion; no explicit random
sampling procedure was applied.

3.7. CONTRASTIVE LOSS VARIANTS
The positive sampling strategies described in the previous section determine which posi-
tive example is selected for each anchor. However, after triplets have been constructed, it
is also necessary to define how the losses from different triplet types are combined. This
is particularly relevant for the bilingual sampling strategies, where some triplets are based
on manually defined cross-lingual different-symbol equivalences, while others are based
on same-symbol positives.

Two contrastive loss variants are considered. The first treats all sampled triplets
equally. The second assigns different weights to triplets depending on the priority level of
the positive example used to construct them.

3.7.1. STANDARD TRIPLET LOSS

In the standard triplet loss variant, all valid triplets are treated equally, regardless of how
the positive example was selected. Given a set of sampled triplets 9, the contrastive loss
is computed as the average triplet loss over all triplets:

1
xtriplet = max(d(za)zp) - d(za,zn) +m, 0) ’
17| (a,p,meT

where a, p, and n denote the indices of the anchor, positive, and negative phoneme
occurrences, respectively, d(-,-) is the cosine distance, and m is the triplet margin.

This loss treats triplets based on manually defined cross-lingual equivalences and
triplets based on same-symbol positives in the same way. Therefore, any difference
between the sampling strategies comes only from which positives are selected, not from
how strongly their corresponding losses are weighted.

3.7.2. WEIGHTED BILINGUAL TRIPLET LOSS

The weighted bilingual triplet loss extends the standard triplet loss by assigning different
weights to triplets depending on the type of positive example used. Previous work has
shown that weighting can be used to increase the influence of triplets that are considered
more informative or to give greater importance to selected positive relationships [88, 89].
In the present setting, this idea is applied to the different cross-lingual positive categories.

The motivation is that these positive types do not have the same methodological
role. Cross-lingual different-symbol equivalence positives are most directly related to
the bilingual hypothesis of this thesis, but they are also relatively sparse. If all triplets are
averaged together without distinction, their contribution to the overall loss may be small
compared with same-symbol triplets, which occur more frequently.

The weighted loss therefore allows the training objective to place greater emphasis on
triplets that more directly reflect the intended cross-lingual relationships of the bilingual
contrastive learning setup. Rather than weighting individual triplets directly, the loss is
first computed separately for each positive category. These category-level losses are then
combined using manually defined weights.



3.7. CONTRASTIVE LOSS VARIANTS 29

For the equivalence-prioritized bilingual sampling strategy, there are two positive
categories:

64 = {equiv, same},

where equiv denotes triplets whose positive example is a manually defined cross-lingual
different-symbol equivalent, and same denotes triplets whose positive example is selected
from the same-symbol set.

Let Jequiv and Tsame denote the sets of triplets belonging to these two categories. The
category-specific losses are:

1

EA

e max (d(zq,2p) — d(2q,2,) + m,0),

| (a,p,MeT.

for each available category c. When both categories are present, the weighted equivalence-
prioritized loss is:

pEP Wequiv-Lequiv + Wsame-Lsame

weighted — ’
& Wequiv + Wsame

where Wequiv and wsame control the relative contribution of manually defined equivalence
positives and same-symbol positives. In this thesis, the equivalence-positive category is
assigned a higher weight in order to increase the influence of the cross-lingual different-
symbuol triplets.

For the hierarchical bilingual sampling strategy, the weighted loss follows the three
priority levels used during positive sampling. The positive categories are:

%6 = {equiv, cross-same, within-same},

where equiv denotes manually defined cross-lingual different-symbol positives, cross-same
denotes cross-lingual same-symbol positives, and within-same denotes same-language
same-symbol positives. When all three categories are present, the weighted hierarchical
loss is:

wequivgequiv + WerossZLeross-same T WwithinZwithin-same

H —
£, weighted —

Wequiv + Weross T Wwithin

This version allows the loss weighting to reflect the hierarchy used in positive sam-
pling. Manually defined cross-lingual different-symbol positives receive the highest
emphasis, cross-lingual same-symbol positives receive intermediate emphasis, and same-
language same-symbol positives receive the lowest emphasis. This tests whether explicitly
emphasizing more bilingual triplet types in the loss improves the learned phoneme repre-
sentation space compared with treating all triplets equally.

If a given category is not present in a mini-batch, it is excluded from the weighted
average for that batch. This prevents missing triplet categories from contributing zero-
valued losses and ensures that the normalization only uses categories that are actually
available.
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3.8. INCORPORATING TYPICAL DATA

As discussed in Section 2.3.6, previous work has shown that typical speech can provide
useful supplementary training data for dysarthric or pathological ASR [6, 71, 72]. Based on
this, an exploratory set of experiments was conducted to examine whether incorporating
typical speech also benefits the personalized dysarthric ASR system studied in this thesis.

However, adding typical data introduces a methodological distinction between two
possible effects. Improvements may result from the presence of typical speech itself, but
they may also result simply from increasing the total amount of training data. To separate
these effects, two typical-data variants were considered.

The first variant uses a matched-size typical-dysarthric training condition. In this
setup, the total length of training examples is kept approximately equal to the total length
of dysarthric examples used in the dysarthric-only condition. The training set is therefore
composed of both dysarthric and typical utterances, but without increasing the total
amount of training data. This variant is intended to test whether replacing part of the
dysarthric-only training set with typical speech changes model performance when the
total training-set size is controlled.

The second variant adds typical speech data directly to the available dysarthric train-
ing data. In this setup, the typical recordings are treated as additional training examples,
increasing the total amount of training data. This variant evaluates the practical effect of
augmenting the dysarthric training set with typical speech.

Both variants use the same phoneme recognition architecture and contrastive learning
framework as the dysarthric-only experiments. The typical and dysarthric recordings
are phonemized using the same vocabulary and preprocessing pipeline, allowing them
to be used jointly during training. In the contrastive learning setup, phoneme-level
embeddings can therefore be extracted from both typical and dysarthric utterances and
included in the same triplet construction procedure.



IMPLEMENTING AND EVALUATING
THE BILINGUAL CONTRASTIVE
FRAMEWORK

4.1. DATASETS

In the experiments within the scope of this thesis, three different datasets are used: one
containing dysarthric speech data in two different languages, and subsets of two different
datasets containing typical speech data - one in Dutch and one in English.

4.1.1. DYSARTHRIC SPEECH DATA

The dysarthric speech data used for the experiments comes exclusively from the DysOne
dataset [69]. The dataset contains speech of a single dysarthric individual, a 35-year-old
male, whose dysarthria has been the result of brain damage from high-impact trauma.
The speech has been classified by a speech language pathologist as severe to very severe
level and flaccid type. This results in his overall speech intelligibility being noticeably
reduced compared to typical speech.

The dataset is composed of speech data in two different languages: Dutch and English,
with Dutch being the speaker’s first language, and English second.

Speech data in both languages consists of read and spontaneous speech portions. The
prompts for read speech in Dutch come from the Corpus Gesproken Nederlands (CGN;
Spoken Dutch Corpus) [104], and the prompts for read speech in English come from the
LibriSpeech dataset [105], and they include sentences of various lengths.

In addition to read speech data, the dataset contains read speech data with participant-
prepared sentences and spontaneous speech utterances, consisting of answers to open-
ended questions.

Both English and Dutch portions of the dataset have been split into training, validation
and testing sets using a 70/10/20 split by number of utterances. The training, validation

31
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and testing sets used for bilingual experiments have been composed by combining the
datasets in each language respectively together.
Table 4.1 summarizes the final DysOne splits used in the experiments.

Table 4.1: Duration of the DysOne data used in the experiments, separated by language, data split, and speech
type.

Language  Split Read (h) Spontaneous (h)  Total (h)
Training 1.62 5.35 6.97
Validation 0.23 0.10 0.33
Dutch .
Testing 0.45 0.20 0.65
Total 2.30 5.65 7.95
Training 2.23 8.00 10.23
. Validation 0.31 0.17 0.48
English .
Testing 0.63 0.36 1.00
Total 3.17 8.54 11.70
Dutch + English 5.47 14.18 19.66

4.1.2. TYPICAL SPEECH DATA
For the experiments which examine the effect of incorporating typical speech data into
the training as described in Section 3.8, the training set is modified.

The typical speech data in Dutch comes from Corpus Gesproken Nederlands [104]
and is selected so that the transcript of the utterances used match the utterances chosen
as read speech utterances for the DysOne corpus. The English samples come from the
LibriSpeech dataset [105], and they are selected on the same basis.

For the experiments which replace a part of dysarthric speech training data with
typical speech training data, the total amount of dysarthric speech utterances length from
Table 4.1 is used as a threshold. Then, until this threshold is met, the dysarthric-typical
utterance pairs matched by transcription are added to the modified training dataset.
These pairs are sorted so that the longest dysarthric utterances that have a typical pair are
chosen first. Both validation and testing sets remain unchanged. Table 4.2 shows the final
splits for this variant.

Table 4.2: Dataset composition for the matched-size typical-dysarthric training scenario. Part of the dysarthric
training data is replaced with typical speech, while the validation and test sets remain unchanged and contain
only dysarthric speech.

Dysarthric Typical Total Validation  Testing
Language training (h) training (h) training (h) (h) (h)
Dutch 5.26 1.66 6.92 0.33 0.65
English 7.79 2.27 10.06 0.48 1.00

Bilingual 13.05 3.93 16.98 0.81 1.65
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The creation of the dataset for the variant with a full-size dysarthric training dataset
with additional typical data is more straightforward. In this case, the dataset is simply
augmented with typical data utterances matched with dysarthric read speech samples.
The final splits for this scenario are depicted in Table 4.3

Table 4.3: Dataset composition for the additional typical-speech training scenario. The full dysarthric training
set is retained and supplemented with typical speech, while the validation and test sets remain unchanged and
contain only dysarthric speech.

Dysarthric Typical Total Validation  Testing
Language training (h) training (h) training (h) (h) (h)
Dutch 6.97 1.66 8.63 0.33 0.65
English 10.23 2.27 12.50 0.48 1.00
Bilingual 17.20 3.93 21.13 0.81 1.65

4.2. DATA PREPROCESSING

4.2.1. DATA AUGMENTATION

To increase the acoustic variability of the limited training data without requiring ad-
ditional recordings, speed perturbation was applied to the training utterances. Speed
perturbation has previously been used successfully in dysarthric ASR and provides a
simple way of exposing the model to variation in speaking rate [54-56]. For each training
utterance, two additional versions were created: one with the speech slowed down to
0.9x the original speed and one with the speech sped up to 1.1x the original speed. These
relatively moderate perturbations were chosen to introduce additional variation while
preserving the linguistic content of the utterance.

The augmentation was applied offline before training. This avoided repeatedly gen-
erating the same transformed audio during training and ensured that all experimental
configurations were trained on the same augmented versions of the data. The augmented
utterances were included in the training set together with the original recordings.

4.2.2. PHONEMIZATION
The datasets used in the experiments contain orthographic transcriptions rather than
phoneme-level labels. Since both the CTC output vocabulary and the contrastive learning
framework operate at the phoneme level, these transcriptions first had to be converted
into phoneme sequences.

The conversion of word-level transcriptions to phoneme sequences was done by using
the open-source phonemizer espeak-ng [106]. For English samples, the English rule set
was used, while for Dutch samples, the Dutch rule set was used.

4.2.3. PHONEME POST-PROCESSING

The phonemization process produced sequences of space-separated phoneme tokens,
with individual tokens ranging from one to three characters in length. The raw output
did not contain explicit word-boundary markers, meaning that information about word
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separation would otherwise be lost. Preserving these boundaries was useful for main-
taining the interpretability of the phoneme sequences and for later error analysis. Two
approaches for representing word boundaries were therefore explored:

1. Converting phoneme symbols of length longer than 1 character to a different,
one-character symbol, removing spaces in between phonemes within the same
word, and treating spaces as a word boundary. This approach would have been
convenient in a sense that it would allow the phoneme error rate to be interpreted
as de facto character error rate. However, the analysis of the errors would have
required reverse mapping, making the results a little more complicated to interpret.

2. Addingan additional word boundary symbol |, without making changes to multiple-
character phoneme tokens.

Because there were no noticeable differences for the results of the CTC-only fine-
tuning experiments for either of these approaches, method 2 was chosen to make the
results more easily interpretable.

A further post-processing step was applied to selected composite phonemizer out-
puts. Some of these outputs occurred relatively rarely and represented combinations of
phonetic units that could instead be expressed using more common phoneme tokens.
Since phoneme-level representations are used both as the CTC prediction target and
when constructing contrastive pairs, treating these rare composite forms as independent
phoneme classes would increase target sparsity and reduce the number of training exam-
ples available for the corresponding phoneme units. Selected composite outputs were
therefore decomposed into sequences of existing phoneme tokens.

In case of English, rhoticized vowel sequences and syllabic consonant outputs, such
as /av/, lval, I/, lexl, [o:al, [azal/, 1l/, and /n/ were mapped to sequences such as /o1/,
lval, lral, le al, [o:ual, lawal, I9 1/, and /o n/, respectively. Similarly, longer composite
outputs such as /ara+/ were decomposed into /a 12+/.

Similar normalization was applied to selected Dutch outputs: /n/ was mapped to /n
j/ and /yu/ was mapped to /y u/.

According to section 3.4, besides phonemes that are represented by a different IPA
symbol in Dutch and English yet equivalent to each other, English and Dutch also include
phonemes that share the same symbol in the IPA alphabet, yet their pronunciation in each
of the languages differs significantly. This is the case for two of the phonemes: /w/ and /v/.
Since the contrastive sampling strategy uses same-symbol phonemes as positive pairs,
leaving these phones with identical labels would risk creating cross-lingual positives that
share very little acoustic properties with each other, thus leading to the model learning
wrong relationships between the phonemes. In order to prevent that, the tokens of those
two phonemes were changed: /w/ was changed to /EN_w/ or /NL_w/, depending on the
language of the utterance, and similarly, /v/ was changed to /EN_v/ or /NL_v/.

4.2.4. VOCABULARY CONSTRUCTION
After phonemization and post-processing, a separate phoneme vocabulary was con-
structed for each training setting. The vocabulary was computed from the corresponding
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phonemized training CSV file by collecting the unique space-separated phoneme tokens
appearing in the training split.

For the monolingual experiments, the Dutch and English vocabularies were computed
from the Dutch and English training files, respectively. For the bilingual experiments,
the vocabulary was computed from the combined English-Dutch training file, so it corre-
sponds to the union of phoneme labels observed in both languages after normalization
and language-specific relabeling.

The word boundary symbol | was included as a regular output token when present
in the training data. The CTC blank symbol was handled separately as part of the CTC
output space.

4.3. BATCH CONSTRUCTION

Mini-batches were precomputed before training and stored as JSON files containing
utterance IDs (see Section 3.6 for details). This was done to keep the batch composition
fixed across comparable experiments and to ensure that contrastive learning conditions
used the intended batch structure.

For monolingual experiments, separate batch files were created for Dutch and English.
The corresponding training CSV file was first sorted by utterance duration in descending
order. Utterances were then grouped sequentially into fixed-size batches of six utterances.
This produces monolingual batches containing only Dutch or only English utterances,
depending on the training condition. This implementation matches the default setup for
SpeechBrain wav2vec CTC recipe [107].

For bilingual contrastive learning experiments, the equivalence-guided bilingual
batches described in Section 3.6 were used. Each bilingual batch contained six utterances,
with three English and three Dutch utterances. These batches were constructed to in-
crease the likelihood that the cross-lingual positive phoneme pairs, especially manually
defined different-symbol equivalences, were available within the same mini-batch.

The same bilingual batch files were also used for the bilingual CTC-only fine-tuning
baseline. Although this baseline does not use the contrastive objective, using the same
batch composition makes the bilingual fine-tuning and bilingual contrastive learning
conditions more directly comparable. This ensures that differences between the bilingual
CTC baseline and the bilingual contrastive learning variants are not caused by differences
in mini-batch construction.

4.4. BASELINE TRAINING CONFIGURATION

The baseline models were trained using the CTC objective described in Section 3.1. Sep-
arate CTC-only baselines were trained for Dutch, English, and bilingual English-Dutch
phoneme recognition. These baselines serve two purposes. First, they provide the main
comparison point for evaluating the effect of contrastive learning. Second, the best base-
line checkpoints are used to generate the forced alignments required for phoneme-level
embedding extraction.

All baseline models use the same wav2vec-based architecture. The monolingual
baselines are trained using only the corresponding language-specific training data, while
the bilingual baseline is trained on the combined English and Dutch training data. For
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the bilingual baseline, the same precomputed bilingual batches used in the bilingual
contrastive learning experiments are used, so that the differences between CTC-only and
contrastive learning experiments are not caused by different batch composition.

The baseline models were trained using the SpeechBrain wav2vec CTC recipe, with
the hyperparameters kept at their default values. The pretrained acoustic encoder was ini-
tialized from facebook/wav2vec2-x1s-r-300m, a multilingual wav2vec-based model.
Since the experiments involve both English and Dutch speech, a multilingual pretrained
encoder is better suited to a bilingual phoneme recognition setup than a monolingual
acoustic model. The same baseline configuration was used across the monolingual and
bilingual CTC-only experiments to ensure that differences in performance could be at-
tributed to the training data and experimental condition rather than to changes in the
model configuration.

The training configuration is summarized in Table 4.4.

Setting Value

Pretrained encoder facebook/wav2vec2-x1s-r-300m
DNN layers 2

DNN hidden size 1024

Batch size 6

Optimizer Adam

Optimizer weight decay 0.001

Learning rate for pretrained encoder  0.00005

Learning rate for task-specific layers  0.0003

Number of epochs 50

Checkpoint selection Best validation PER

Table 4.4: Baseline training configuration.

4.5. PHONEME ALIGNMENT SETUP

Phoneme-level embeddings are extracted using CTC forced alignments, as described
in Section 3.2. The alignments are generated before contrastive learning using the best
checkpoint of the corresponding CTC baseline model. The resulting alignment files
contain, for each utterance, the phoneme IDs, phoneme indices, start frames, end frames,
language label, and alignment scores.

Two fixed span extraction variants are evaluated. The first uses non-blank spans from
the CTC forced-alignment path. The second uses contiguous spans, where the end frame
of each phoneme is defined as the start frame of the next phoneme. In both cases, the
alignments are precomputed once and kept fixed during contrastive learning.

4.6. CONTRASTIVE LEARNING CONFIGURATION

The contrastive learning experiments extend the CTC baseline with the phoneme-level
triplet loss described in Section 3.3. During training, the total objective combines the CTC
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loss and the triplet loss. During validation and testing, only the CTC phoneme predictions
are used for evaluation.

The triplet loss is computed on normalized phoneme-span embeddings extracted
from the encoder output using the precomputed forced alignments.

The contrastive learning experiments vary across three main factors: the positive sam-
pling strategy, the span extraction variant, and the triplet loss weight Ayipler. The positive
sampling strategies correspond to the basic same-symbol, equivalence-prioritized bilin-
gual, and hierarchical bilingual strategies described in Section 3.5. The span extraction
variants correspond to the non-blank and contiguous alignment variants described in
Section 3.2. The triplet loss weight Ayipler controls the contribution of the contrastive
objective relative to the total training loss.

The contrastive learning experiments were evaluated across a range of triplet loss
weights. For each contrastive learning condition, the value of Aiplec was varied over the
same set of values:

Awriplet € {0.05,0.1,0.2,0.3,0.4}.

The tested range was chosen to cover relatively weak to stronger contributions of the
contrastive objective while keeping the CTC loss as the primary training objective. This
range was used consistently across the tested experimental dimensions, including the
different positive sampling strategies, span extraction variants, and weighted bilingual
loss variants. Using the same set of Ayiple; values across conditions makes it possible to
compare how sensitive each setup is to the weight of the contrastive objective.

Table 4.5 presents the configuration for the contrastive learning experiments in detail.

Setting Value

Triplet distance Cosine distance

Triplet margin m 0.2

Triplet loss weight Ayiplet {0.05,0.1,0.2,0.3,0.4}

Embedding normalization L2 normalization

Projection head Not used

Contrastive learning schedule  Applied from the start of training
Alignment type Fixed precomputed CTC alignments

Table 4.5: Contrastive learning configuration used in the main experiments.

4.7. WEIGHTED BILINGUAL CONTRASTIVE LOSS VARIANTS

In addition to the unweighted contrastive learning conditions, weighted bilingual con-
trastive loss variants were evaluated for the two bilingual sampling strategies introduced
in Section 3.7.2. These variants use the same triplet construction procedure as their un-
weighted counterparts, but assign different weights to the triplet categories corresponding
to the sampling priority levels.

For the equivalence-prioritized bilingual sampling strategy, two priority levels are
used: manually defined cross-lingual different-symbol positives and same-symbol posi-
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tives. The weighted equivalence-prioritized loss was evaluated using weights of 0.8 and
0.2, respectively. This gives higher importance to the explicitly bilingual equivalence-
based triplets while still utilizing same-symbol positives.

For the hierarchical bilingual sampling strategy, three priority levels are used: manu-
ally defined cross-lingual different-symbol positives, cross-lingual same-symbol positives,
and same-language same-symbol positives. Two weighting schemes were evaluated. The
first uses weights of 0.6, 0.3, and 0.1, providing a gradual decrease across the three priority
levels. The second uses weights of 0.8, 0.15, and 0.05, placing stronger emphasis on
manually defined cross-lingual different-symbol positives.

4.8. EXPERIMENTAL CONDITIONS

The experiments were organized into two main groups. The first group used only dysarthric
speech data, while the second group investigated the effect of incorporating typical speech
data. Within each group, the experiments were designed to first establish CTC-only base-
lines and then evaluate bilingual contrastive learning variants.

The dysarthric-only experiments were conducted first. The initial experiments con-
sisted of CTC-only fine-tuning for monolingual Dutch, monolingual English, and bilingual
English-Dutch data. Including monolingual baselines alongside the bilingual ones makes
it possible to separate two distinct sources of improvement: gains from phoneme-level
contrastive learning itself, which may also appear in a monolingual setting, from gains
associated with joint bilingual training and, in the contrastive conditions, the use of cross-
lingual positive pairs. These experiments served as baselines for evaluating the effect
of adding the phoneme-level contrastive objective. After this, basic contrastive learning
experiments were performed for monolingual Dutch, monolingual English, and bilingual
English-Dutch data. In the basic contrastive learning setup, positives were selected using
same-symbol sampling only.

The next set of dysarthric-only experiments evaluated the bilingual positive sampling
strategies. First, the unweighted equivalence-prioritized and hierarchical sampling strate-
gies were tested. After evaluating the unweighted variants, weighted versions of both
strategies were tested. The weighted equivalence-prioritized setup used two loss weights
corresponding to its two priority levels, while the weighted hierarchical setup used three
loss weights corresponding to its three priority levels, as described in Section 4.7.

After the dysarthric-only experiments, the same general experimental structure was
applied to the two typical-speech conditions described in Section 3.8. For each typical-
data setup, CTC-only fine-tuning, basic contrastive learning, equivalence-prioritized
setup, and hierarchical setup were evaluated. However, for the last two, only the vari-
ants that performed best in the dysarthric-only experiments were retained. Specifically,
the typical data experiments used the weighted equivalence-prioritized setup and the
unweighted hierarchical setup.

Across all contrastive learning experiments, two fixed alignment variants were evalu-
ated: non-blank CTC spans and contiguous phoneme spans. In addition, each contrastive
learning condition was evaluated using the same set of triplet loss weights:

Awiplet € {0.05,0.1,0.2,0.3,0.4}.

This made it possible to compare the effect of positive sampling strategy, loss weighting,
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alignment type, and contrastive loss strength across the experimental conditions. The
overview of the experimental conditions is presented in Table 4.6.

Data setup

Experiment type

Conditions tested

Dysarthric-only

CTC-only baseline

Dutch, English, bilingual

Dysarthric-only

Basic contrastive learn-
ing

Dutch, English, bilingual; same-symbol
positives

Dysarthric-only

Equivalence-
prioritized
sampling

bilingual

Bilingual; unweighted and weighted
variants

Dysarthric-only

Hierarchical bilingual
sampling

Bilingual; unweighted and weighted
variants

Matched-size typical- Typical-data experi- CTC-only, basic CL, weighted

dysarthric ments equivalence-prioritized setup, un-
weighted hierarchical setup

Typical-data addition Typical-data  experi- CTC-only, basic CL, weighted

ments equivalence-prioritized setup, un-

weighted hierarchical setup

Table 4.6: Overview of experimental conditions evaluated in this thesis.

4.8.1. SOFTWARE AND HARDWARE INFRASTRUCTURE

All of the experiments were run on the Delft Al Cluster (DAIC), using an NVIDIA A40 GPU
unit for training. All of the code was implemented in Python 3.9.23 using PyTorch 2.6.0.
The code was built on top of SpeechBrain’s wav2vec CTC recipe, with hyperparameters
managed through SpeechBrain’s YAML configuration system, and the wav2vec-XLS-R
encoder loaded through the Hugging Face library.

4.9. EVALUATION METRICS

4.9.1. PHONEME ERROR RATE

The primary evaluation metric is phoneme error rate (PER). Since the recognition model
is trained to predict phoneme sequences and the proposed contrastive objective operates
directly on phoneme-level representations, PER provides a measure of recognition perfor-
mance at the same linguistic level targeted by the proposed method. PER is computed
as:

where S, D, and I denote the number of substitutions, deletions, and insertions,
respectively, and N is the number of reference phonemes.

PER is computed for several evaluation scopes. First, overall PER is computed over
the complete test set. Second, language-specific PER is computed separately for English
and Dutch test utterances. Third, equivalence-phoneme PER is computed only over the
phonemes involved in the manually defined cross-lingual equivalence mapping. The
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equivalence-phoneme subset is particularly important because these phonemes are
directly targeted by the explicitly cross-lingual contrastive strategies. Evaluating them
separately makes it possible to determine whether effects that may be small at the level of
the complete test set are concentrated on the phoneme relationships that the method is
designed to modify.

For equivalence-specific PER, substitutions and deletions are counted when the refer-
ence phoneme belongs to the target equivalence-phoneme set. Insertions are counted
when the inserted hypothesis phoneme belongs to the target set. The same convention is
used for individual phoneme-level error analyses.

In addition to PER, substitution, insertion, and deletion rates are reported separately.
This makes it possible to analyze which type of recognition error contributes most strongly
to the observed PER changes.

4.9.2. PHONEME-LEVEL REPRESENTATION ANALYSIS

PER measures whether changes to the training objective affect recognition performance,
but it does not reveal whether contrastive learning changes the structure of the learned
phoneme representations in the intended way. Representation space analysis is therefore
used to examine the mechanism targeted directly by the contrastive objective. Three
complementary analyses are applied to the extracted phoneme-level embeddings: cosine
distance, nearest-neighbor analysis, and silhouette score.

Each of these metrics measures a different aspect of the embedding space — cosine
distance measures pairwise similarity, nearest-neighbor analysis captures local neigh-
borhood composition, and silhouette score provides a measure of cluster separation.
These metrics do not always agree — for example, a category’s average distance can shrink
without that relationship dominating an embedding’s local neighborhood, and local
neighbor structure can shift without a corresponding change in overall cluster separation
— therefore, using all three gives a more complete evaluation of how contrastive learning
restructures phoneme representations at the pairwise, local, and global levels.

COSINE DISTANCE
Cosine-distance analysis is used to examine whether different categories of phoneme-
level embedding pairs are closer or farther apart in the learned representation space.
Since the triplet objective employed in this thesis is itself defined using cosine distance,
evaluating the representations with the same distance measure therefore allows the
analysis to directly examine the relationships optimized during contrastive training.
For two embeddings z; and z;, cosine distance is defined as:

.
deos(zi,2) =1 -2, Zj.

Embedding pairs were assigned to predefined categories, including same-phoneme
same-language pairs, cross-lingual same-symbol pairs, manually defined cross-lingual
equivalent pairs, and unrelated pairs. For each category C, the average cosine distance
was computed as:

- 1
dc= Tl Y. deos(@irzj).
ICl . pec
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Lower values of dc indicate that embeddings in that category are more similar. If
the contrastive objective successfully shapes the representation space according to the
defined positive relationships, positive-pair categories are expected to have lower average
cosine distance than unrelated pairs.

NEAREST NEIGHBORS
Nearest-neighbor analysis is used to examine the local structure of the learned phoneme-
level embedding space. For each embedding z;, the k closest embeddings are retrieved
using cosine distance, excluding the anchor embedding itself. While average cosine
distance describes the overall proximity of a pair category, nearest-neighbor analysis
tests whether these relationships are sufficiently strong to determine the immediate local
neighborhood of an embedding.

For each anchor i and pair category c, let n.(i) denote the number of its k nearest
neighbors that belong to category c. The proportion of nearest neighbors belonging to
that category is then computed as:

(i
.
The considered categories are same-phoneme same-language pairs, cross-lingual
same-symbol pairs, and manually defined English-Dutch phoneme-equivalence pairs.
The proportions are then averaged across all M anchor embeddings:

pci) =

1 X
Pc= M;pc(”-

Higher values of p. indicate that phoneme pairs belonging to category ¢ occur more
frequently in the local neighborhoods of the embeddings. This provides a measure
of whether the contrastive objective brings the targeted phoneme relationships closer
together locally in the representation space.

SILHOUETTE SCORE
Silhouette score, introduced by Rousseeuw [108], is used to quantify how compact and
well separated the phoneme-label groups are in the learned representation space. For
each embedding, the score compares its average distance to embeddings with the same
phoneme label with its average distance to the nearest alternative phoneme group. It
therefore captures two properties of the representation space: cohesion, describing how
closely embeddings with the same label are grouped together, and separation, describing
how distinct that group is from other phoneme groups. The score ranges from -1 to
1, where values close to 1 indicate compact and well-separated groups, values around
0 indicate substantial overlap between groups, and negative values indicate that an
embedding is, on average, closer to another phoneme group than to its own [109].

For each embedding i, the silhouette score compares the average distance to em-
beddings with the same phoneme label, dina (i), with the lowest average distance to
embeddings from another phoneme cluster, diper(7)):

dinter Ok dintra (1)

. .
O = X intra (1), dinger (1)
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The final silhouette score is obtained by averaging sil(i) over all included embeddings.
Values closer to 1 indicate well-separated phoneme clusters, whereas lower values indicate
overlapping clusters, or that embeddings are closer to another phoneme cluster than to
their assigned one.

In this thesis, three silhouette-based measures are reported. The general silhouette
score uses exact phoneme labels as cluster labels and measures general phoneme-level
separation. The equivalence-aware silhouette score merges manually defined English-
Dutch equivalent phonemes into shared cluster labels, while keeping the rest of the
phoneme labels unchanged, testing whether equivalent phonemes cluster better when
treated as one category. The equivalence-only silhouette score is computed only on
phonemes that belong to the manual equivalence mapping, serving as a measure of how
well the cross-lingual equivalence groups are organized.

4,9.3. STATISTICAL SIGNIFICANCE TESTING

Since all systems are evaluated on the same test utterances, statistical significance is
evaluated using paired non-parametric bootstrap resampling over test utterances, follow-
ing general practice for ASR significance testing [110, 111]. The bootstrap samples are
paired so that each resampled utterance is included for both systems. This ensures that
differences in PER are due to differences between the systems rather than differences in
which utterances were sampled.

At each bootstrap iteration, utterances are sampled with replacement from the aligned
test set. Aggregate PER is recomputed by pooling the total number of phoneme errors
and reference phonemes across the sampled utterances.

For each resample, the tested statistic is the PER difference between the two systems:

APER = PERy; — PER;.

Negative values indicate that system II obtains lower PER than system 1. For each
comparison, 10,000 bootstrap samples are drawn using a fixed random seed. The 2.5th
and 97.5th percentiles of the resulting bootstrap distribution define the 95% confidence
interval. A difference is treated as statistically significant when this interval does not
include zero. The same procedure is applied to both the main PER results and the
equivalence-phoneme PER results.



RECOGNITION AND
REPRESENTATION SPACE RESULTS

For each contrastive learning condition, multiple configurations were evaluated by vary-
ing the phoneme-span extraction method and the triplet-loss weight Ayipier. The main
results reported in this chapter show the configuration with the lowest observed test-set
PER for each approach, while the complete results across all tested configurations are
provided in Appendix A. Unless stated otherwise, references to the “best” configuration
therefore refer to this selection procedure.

5.1. RESULTS FOR DYSARTHRIC-DATA-ONLY EXPERIMENTS

5.1.1. PHONEME ERROR RATE RESULTS

Table 5.1 compares the monolingual CTC-only baselines with the monolingual contrastive
learning approaches. In both languages, contrastive learning obtains slightly lower ob-
served overall PER than CTC-only fine-tuning. For Dutch, PER is 11.29% with contrastive
learning compared with 11.44% for CTC-only fine-tuning. For English, the difference is
larger, with PER of 8.23% and 8.55%, respectively. However, neither reduction is statisti-
cally significant (see Table 5.7).

Table 5.2 compares the bilingual CTC-only baseline with the bilingual basic same-
symbol sampling strategy. Basic contrastive learning obtains lower observed PER than
the CTC-only baseline across all evaluation scopes. Overall PER decreases from 10.46% to
9.96%, while Dutch and English PER decrease from 12.30% to 11.46% and from 8.88% to
8.65%, respectively. Lower PER is also observed for the equivalence-phoneme subsets.
The reductions in overall PER and overall equivalence PER are statistically significant (see
Table 5.7).

Table 5.3 compares the three bilingual contrastive learning strategies without the
weighted loss applied: basic same-symbol sampling, equivalence-prioritized sampling,
and hierarchical sampling. The basic strategy obtains the lowest observed overall PER
at 9.96%, followed by hierarchical sampling with 10.02% and equivalence-prioritized

43
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Table 5.1: Best monolingual CTC-only and monolingual contrastive learning results for dysarthric-data-only
experiments. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates.
Equiv. PER denotes PER computed over the language-specific phoneme equivalence set. The best result in each
comparison is underlined.

Language Evaluationscope CTC-only Bestbasic CL

8.55 8.23
) S:4.76 S:4.65
English PER I: 1.56 I: 1.46
D:2.24 D:2.13
14.27 12.36
_ _ $:10.19 $:9.10
English Equiv. PER I: 1.49 I: 1.22
D: 2.58 D:2.04

11.44 11.29
S:5.78 S:5.83

Dutch PER I:2.17 1: 2.09
D:3.49 D:3.37

10.91 11.85
_ $:6.85 §:7.76

Dutch Equiv. PER I 1.42 I: 1.90
D: 2.63 D:2.20

Table 5.2: Best dysarthric-data-only bilingual CTC-only and basic same-symbol contrastive learning results.
Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv. denotes
evaluation over the phoneme equivalence set. The best result in each evaluation scope is underlined.

Evaluation scope  CTC-only Best basic CL

10.46 9.96

S:5.74 S:5.60

Overall 1:1.94 1:1.65
D:2.78 D:2.71

12.30 11.46

S:6.48 S:6.27

Dutch 1:2.35 1:1.88
D:3.47 D:3.32

8.88 8.65

. S:5.11 S:4.98
English I:1.59 I:1.43
D:2.18 D:2.24

12.81 11.76

Eauiv S:8.38 S:8.08
quiv. 1:1.85 I:1.43
D: 2.59 D:2.27

12.63 11.67

. S: 8.46 S5:7.92

EN equiv. 1:2.18 191
D:1.98 D:1.84

12.93 11.64

. S:8.32 S:7.54

NL equiv. I:1.64 :1.16

D:2.97 D:2.93
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sampling with 10.15%. Neither of the explicitly bilingual strategies differs significantly
from basic same-symbol sampling in overall PER, meaning that there is no evidence that
explicitly prioritizing cross-lingual positive relationships improves overall recognition
over basic same-symbol sampling.

For the equivalence-phoneme subset, hierarchical sampling obtains lower observed
PER than basic same-symbol sampling (11.23% compared with 11.76%). However, this
difference is not statistically significant (95% CI [-1.38, +0.33]; see Table 5.7).

Table 5.3: Best dysarthric-data-only bilingual contrastive learning results across sampling strategies. Each cell
reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv. denotes evaluation
over the phoneme equivalence set. The best result in each evaluation scope is underlined.

Evaluation scope Basic CL Equiv.-prioritized CL Hierarchical CL

9.96 10.15 10.02

Overall S:5.60 S:5.64 S:5.48
1:1.65 1:1.78 1.73

D:2.71 D:2.72 D: 2.80

11.46 11.69 11.47

S:6.27 S:6.19 S:6.01

Dutch 1:1.88 L2.11 1:1.92
D:3.32 D:3.38 D:3.53

8.65 8.76 8.64

. S:4.98 S:5.07 S:4.97
English 1:1.43 1:1.36 1:1.43
D:2.24 D:2.32 D:2.24

11.76 11.76 11.23

EquiV. S:8.08 S:8.11 S:7.77
I:1.43 151 1:1.16

D:2.27 D:2.25 D: 2.40

11.67 12.01 11.54

. S:7.92 S: 8.67 S:7.92

EN equiv. 191 L1.71 1:1.57
D: 1.84 D: 1.64 D:2.05

11.64 11.38 11.21

NL equiv. S:7.54 S:7.67 S:7.67
1 1.16 L1.21 1:0.91

D:2.93 D: 2.50 D: 2.63

Table 5.4 compares the unweighted and weighted versions of the equivalence-prioritized
strategy. The weighted version obtains numerically lower overall, Dutch, English, and
English-equivalence PER, while the unweighted version obtains lower PER for the over-
all equivalence set and the Dutch equivalence subset. For the two statistically tested
scopes, overall PER and overall equivalence PER, the differences between the weighted
and unweighted configurations are not statistically significant.

Table 5.5 shows a different pattern for hierarchical bilingual sampling. The unweighted
configuration obtains lower overall PER than both weighted variants. The difference
in overall PER between the unweighted configuration and weighted Version 1 is not
statistically significant, whereas weighted Version 2 produces a statistically significant
increase in overall PER relative to the unweighted configuration.

Table 5.6 summarizes the results across the main training strategies. The equivalence-
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Table 5.4: Best dysarthric-data-only equivalence-prioritized contrastive learning results for the unweighted and
weighted objectives. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D)
rates. Equiv. denotes evaluation over the phoneme equivalence set. The best result in each evaluation scope is
underlined.

Evaluation scope  Unweighted equiv.-prioritized CL  Weighted equiv.-prioritized CL

B 10.15 9.94
S:5.64 S:5.48
Overall 1:1.78 1:1.79

D:2.72 D: 2.66
11.69 11.39

S:6.19 S:5.98

Dutch L2.11 I:2.13
D:3.38 D:3.27

8.76 8.52

. S:5.07 S:4.92
English 1:1.36 1:1.39
D:2.32 D:2.21

11.76 11.92

Equiv. S:8.11 S:7.98
quiv. 151 151
D:2.25 D: 2.40

12.01 11.67

. S: 8.67 S:7.99

EN equiv. L1.71 L:1.57
D: 1.64 D:2.12

11.38 11.51

. S:7.67 S:7.59

NL equiv. L1.21 :1.34

D:2.50 D:2.59
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Table 5.5: Best dysarthric-data-only hierarchical contrastive learning results for the unweighted and weighted

objectives. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv.

denotes evaluation over the phoneme equivalence set. The best available result in each evaluation scope is

underlined.

Evaluation scope

Weighted
hierarchical CL ver. 2

Overall

Dutch

English

Equiv.

EN equiv.

NL equiv.

Unweighted Weighted
hierarchical CL hierarchical CL ver. 1
10.02 10.24
S:5.48 S:5.56
1. 1.73 1:1.85
D:2.80 D:2.83
11.47 11.68
S:6.01 S:6.04
1:1.92 1:2.14
D:3.53 D:3.49
8.64 9.02
S:4.97 S:5.22
1:1.43 1:1.53
D:2.24 D:2.26
11.23 11.92
S:7.77 S:8.16
1. 1.16 1:1.64
D:2.40 D:2.14
11.54 11.74
S:7.92 S:8.19
1. 1.57 1:1.37
D: 2.05 D:2.18
11.21 11.55
S:7.67 S:7.80
1:0.91 1:1.25
D:2.63 D: 2.50

10.27
S:5.65
1:1.86
D:2.75
11.60
S:5.93
1.2.24
D:3.43
8.97
S:5.09
1:1.49
D:2.39
11.73
S:8.30
1. 1.51
D:1.93
11.47
S:7.99
1. 1.77
D:1.71
11.29
S:7.59
1:1.38
D:2.33
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prioritized strategy obtains the lowest observed overall PER at 9.94%, followed by basic
contrastive learning at 9.96% and hierarchical contrastive learning at 10.02%. However,
the differences between the three strategies are not statistically significant. Similarly, no
statistically significant differences are observed between the tested contrastive learning
strategies for the equivalence-phoneme subset. Overall, the results do not provide evi-
dence that one of the bilingual contrastive learning strategies consistently outperforms
the others.

Table 5.6: Best dysarthric-data-only bilingual results across the main training strategies. Each cell reports PER
in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv. denotes evaluation over the
phoneme equivalence set. The best result in each evaluation scope is underlined.

CTC-only Equivalence Hjerarchical
Scope bilingual Basic CL prioritized CL CL
10.46 9.96 9.94 10.02
Overall S:5.74 S:5.60 S:5.48 S: 5.48
1:1.94 I:1.65 1:1.79 1.73
D:278  D:271 D:2.66 D:2.80
12.30 11.46 11.39 11.47
S:6.48 S:6.27 S:5.98 S:6.01
Dutch I:2.35 1:1.88 1:2.13 1:1.92
D:347  D:332 D:3.27 D:3.53
8.88 8.65 8.52 8.64
English S:5.11 S:4.98 S:4.92 S:4.97
I:1.59 1:1.43 1:1.39 I:1.43
D:2.18  D:2.24 D:2.21 D:2.24
12.81 11.76 11.76 11.23
Equiv. S:8.38 S:8.08 S:8.11 S:7.77
I:1.85 1:1.43 I:1.51 1:1.16
D:259  D:227 D:2.25 D: 2.40
12.63 11.67 11.67 11.47
EN equi S: 8.46 S:7.92 S:7.99 S:7.99
equiv. 1598 1:1.91 1:1.57 :1.77
D:1.98  D:1.84 D:2.12 D:1.71
12.93 11.64 11.38 11.21
NL equi S:8.32 S:7.54 S:7.67 S:7.67
equiv. 1.1 64 1:1.16 :1.21 1:0.91
D:297  D:2.93 D: 2.50 D: 2.63

It is worth noting that the best bilingual systems do not outperform the best monolin-
gual contrastive learning systems when Dutch and English are evaluated separately.

Full phoneme error rate results for experiments using dysarthric data only can be
found in Section A.1 of the Appendix.
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Table 5.7: Paired bootstrap significance testing for selected PER comparisons for dysarthric-data-only scenario
experiments. APER is defined as PER; — PERy; negative values indicate that System II performs better. A
difference is considered statistically significant when the 95% confidence interval does not include zero.

Scope System I System II PERI PERII APER 95% CI Sig.
Overall CTC-only Basic CL monolingual 11.44 11.29 -0.15 [-0.64,+0.33] No
monolingual Dutch  Dutch
Overall CTC-only Basic CL monolingual 8.55 8.23 -0.32 [-0.72,+0.08] No
monolingual English  English
Overall CTC-only Basic CL 1046 9.96 -0.50 [-0.81,-0.18] Yes
Equiv. CTC-only Basic CL 12.81 11.76 -1.06 [-1.88,-0.22] Yes
Overall Basic CL Equiv.-prioritized CL  9.96 9.94 -0.02 [-0.35,+0.30] No
best setup
Equiv. Basic CL Equiv.-prioritized CL 11.76 11.76 0.00 [-0.82,+0.80] No
best setup
Overall Basic CL Hierarchical CL best 9.96 10.02 +0.06 [-0.26,+0.38] No
setup
Equiv. Basic CL Hierarchical CLbest 11.76 11.23 -0.53 [-1.38,+0.33] No
setup

Overall Equiv.-prioritized CL Equiv.-prioritized CL 10.15 9.94 -0.21 [-0.54,+0.12] No

unweighted weighted

Equiv. Equiv.-prioritized CL Equiv.-prioritized CL 11.76 11.92 +0.16 [-0.70,+0.99] No
unweighted weighted

Overall Hierarchical CL Hierarchical CL 10.02 10.24 +0.23 [-0.09, +0.54] No
unweighted weighted ver. 1

Equiv. Hierarchical CL Hierarchical CL 11.23 11.92 +0.69 [-0.20,+1.60] No
unweighted weighted ver. 1

Overall Hierarchical CL Hierarchical CL 10.02 10.27 +0.45 [+0.11,+0.78] Yes
unweighted weighted ver. 2

Equiv. Hierarchical CL Hierarchical CL 11.23 11.73 +0.74 [-0.11,+1.61] No
unweighted weighted ver. 2

Overall Equiv.-prioritized CL Hierarchical CLbest  9.94 10.02 +0.08 [-0.24,+0.41] No
best setup setup

Equiv. Equiv.-prioritized CL Hierarchical CLbest 11.76 11.23 -0.53 [-1.29,+0.24] No
best setup setup
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5.1.2. EMBEDDING SPACE ANALYSIS

Table 5.8: Mean cosine distance between phoneme-span embeddings for different pair categories across
systems for dysarthric-data-only scenario experiments. Lower values indicate that the corresponding pair type
is represented more closely in the embedding space.

Same phoneme Cross-lingual Cross-lingual

System same language same symbol equivalences Unrelated
Bilingual CTC 0.241 0.427 0.657 0.737
Basic CL 0.196 0.350 0.618 0.714
Equivalence prioritized unweighted 0.215 0.383 0.633 0.748
Equivalence prioritized weighted 0.197 0.327 0.451 0.724
Hierarchical unweighted 0.203 0.365 0.647 0.758
Hierarchical weighted ver. 1 0.188 0.270 0.463 0.781
Hierarchical weighted ver. 2 0.209 0.306 0.475 0.770

Table 5.9: Silhouette scores for phoneme-span embeddings across systems for dysarthric-data-only scenario
experiments. The score was computed using phoneme labels as cluster labels and cosine distance as the
distance metric. Higher values indicate more compact and better-separated phoneme-level clusters. CTC
denotes bilingual CTC-only fine-tuning, Basic denotes basic same-symbol contrastive learning, A denotes the
equivalence-prioritized strategy, and B denotes the hierarchical strategy.

Equivalence-aware

Equivalence-only

System Silhouette score silhouette score silhouette score

Bilingual CTC 0.330 0.333 0.354
Basic CL 0.403 0.403 0.397
Equivalence prioritized unweighted 0.379 0.377 0.352
Equivalence prioritized weighted 0.441 0.433 0.459
Hierarchical unweighted 0.407 0.404 0.380
Hierarchical weighted ver. 1 0.452 0.448 0.490
Hierarchical weighted ver. 2 0.412 0.410 0.463

The embedding-space analysis provides additional insight into how the different train-
ing objectives are associated with the learned phoneme representations. Table 5.8 shows
that the ordering of pair categories is the same across systems: same-phoneme same-
language pairs have the lowest cosine distance, unrelated pairs have the highest distance,
and cross-lingual pair categories fall between them. Compared with the bilingual CTC-
only baseline, all contrastive learning approaches obtain lower mean distances between
same-phoneme embeddings (column 1). This pattern is consistent with same-phoneme
representations being more closely grouped under contrastive learning.

The cosine-distance results also show lower average distances for cross-lingual equiv-
alent phonemes in the weighted bilingual variants, both for same-symbol pairs and
manually defined equivalence pairs. In particular, the weighted equivalence-prioritized
and weighted hierarchical systems obtain substantially lower observed distances for the
cross-lingual equivalence category than the CTC-only baseline, the basic contrastive
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Table 5.10: Nearest-neighbor proportions for phoneme-span embeddings at k = 10 for dysarthric-data-only
scenario experiments. Values indicate the average proportion of nearest neighbors belonging to each category.
Same phoneme denotes neighbors with the same phoneme label, cross-lingual same symbol denotes eligible
cross-lingual same-symbol pairs, and cross-lingual equivalences denotes eligible manually defined cross-lingual
equivalent pairs. Higher values indicate that the corresponding category appears more frequently in the local
neighborhood of each embedding. CTC denotes bilingual CTC-only fine-tuning, Basic denotes basic same-
symbol contrastive learning, A denotes the equivalence-prioritized strategy, and B denotes the hierarchical
strategy.

Same Cross-lingual  Cross-lingual
System phoneme same symbol equivalences
Bilingual CTC 0.885 0.009 0.003
Basic CL 0.890 0.010 0.004
Equivalence prioritized unweighted 0.887 0.011 0.003
Equivalence prioritized weighted 0.891 0.010 0.005
Hierarchical unweighted 0.889 0.011 0.003
Hierarchical weighted ver. 1 0.890 0.017 0.003
Hierarchical weighted ver. 2 0.887 0.017 0.005

learning system, and the corresponding unweighted bilingual variants. This pattern is
consistent with the weighted objective encouraging the targeted cross-lingual phoneme
representations to become closer. However, cross-lingual equivalent pairs remain further
apart than same-phoneme same-language pairs, indicating that the representation space
remains more strongly organized by exact phoneme identity than by manually defined
cross-lingual equivalence.

Table 5.9 shows a similar pattern. All contrastive learning systems obtain higher
observed silhouette scores than the bilingual CTC-only baseline, indicating more compact
and separated phoneme-label groups according to this metric. The weighted contrastive
learning systems obtain the highest silhouette scores among the evaluated models.

The equivalence-aware silhouette scores are lower than the corresponding standard
silhouette scores, indicating that merging manually defined cross-lingual equivalent
phonemes into shared groups does not produce more clearly separated groups according
to this metric.

The equivalence-only silhouette scores are highest for the weighted bilingual con-
trastive learning approaches. Together with the lower cosine distances observed for
cross-lingual equivalence pairs, this pattern is consistent with stronger grouping of the
targeted cross-lingual phonemes in these systems.

Table 5.10 shows that the local neighborhoods are dominated by same-phoneme rep-
resentations. Cross-lingual same-symbol and manually defined cross-lingual equivalent
phonemes only rarely appear among the 10 nearest neighbors. The weighted approaches
obtain higher observed proportions of cross-lingual equivalent neighbors, while the
weighted hierarchical approaches also obtain higher proportions of cross-lingual same-
symbol neighbors. However, the absolute proportions remain low.
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5.2. RESULTS FOR EXPERIMENTS INCLUDING ADDITIONAL TYPI-

CAL DATA

This section presents the results of the experiments with additional typical speech data
used during training.

5.2.1. MATCHED-SIZE TYPICAL-DYSARTHRIC SCENARIO

PHONEME ERROR RATE RESULTS

The first setup involves the matched-size typical-dysarthric scenario, where the total
amount of training data is kept fixed and part of the dysarthric training data is replaced
with typical speech data, testing whether typical speech can substitute for dysarthric
speech when the amount of training data is controlled. In this setup, only the best
equivalence-prioritized and hierarchical contrastive learning systems were evaluated —
the analysis on the impact of weighted loss was not conducted for this setup.

Table 5.11 shows the monolingual results for the matched-size typical-dysarthric
scenario. Compared with the dysarthric-data-only monolingual experiments, perfor-
mance decreases substantially for both languages. For English, the best monolingual PER
increases from 8.23% in the dysarthric-data-only setting to 10.67% in the matched-size
typical-dysarthric setting. For Dutch, the best monolingual PER increases from 11.29% to
15.12%. Similar degradation can be observed for the equivalence-phoneme subsets. The
deterioration relative to the dysarthric-data-only condition is statistically significant for
both overall PER and equivalence-phoneme PER (see Table 5.13).

Table 5.11: Best monolingual CTC-only and monolingual contrastive learning results for matched-size typical-
dysarthric data scenario experiments. Each cell reports PER in bold, followed by substitution (S), insertion (I),
and deletion (D) rates. Equiv. PER denotes PER computed over the language-specific phoneme equivalence set.
The best result in each comparison is underlined.

Language Evaluationscope CTC-only Bestbasic CL

10.67 10.92

, S:6.39 S:6.61
English — PER 1:2.03 1:1.97
D:2.25 D:2.33

15.35 14.95

, , S:12.26 $:12.13
English Equiv. PER L 177 I:1.36
D:1.22 D: 1.36

15.22 15.12

S:8.08 S:8.27

Dutch PER 1: 2.66 1:2.70
D: 4.48 D:4.15

15.22 15.65
. S:9.91 $:10.22

Dutch Equiv. PER I 1.55 I 1.85
D:3.75 D:3.58

Table 5.12 shows the bilingual results for the matched-size typical-dysarthric scenario.
The same overall pattern is observed as in the monolingual experiments: performance
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is considerably worse than in the dysarthric-data-only setting. The best overall bilin-
gual PER is 13.08%, compared with 9.94% in the dysarthric-data-only experiments. The
equivalence-phoneme results show the same trend, with the best overall equivalence PER
increasing from 11.23% to 15.88%.

Within the matched-size bilingual setting, the differences between contrastive learn-
ing strategies are relatively small. The equivalence-prioritized strategy obtains the lowest
overall PER, while the lowest values for the language-specific and equivalence-based
evaluation scopes are distributed across the three contrastive learning strategies.

Table 5.12: Best bilingual results across the main training strategies for the matched-size typical-dysarthric data
scenario. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv.
denotes evaluation over the phoneme equivalence set. The best result in each evaluation scope is underlined.

CTC-only Equivalence  Hjerarchical
Scope bilingual Basic CL prioritized CL CL
13.21 13.20 13.08 13.19
S:7.66 S:7.68 S:7.66 S:7.72
Overall 1: 2.09 1:2.13 I:2.12 1: 2.09
D: 3.46 D:3.39 D:3.30 D:3.38
15.06 14.95 14.88 14.84
Dutch S:8.14 S:8.28 S:8.17 S:8.07
1:2.35 1:2.23 1:2.35 1:2.35
D: 4.57 D:4.44 D: 4.36 D:4.42
11.63 11.14 11.36 11.46
English S:7.24 S:6.93 S:6.99 S:7.31
1:1.87 1:1.84 1:1.95 1:1.85
D:2.52 D: 2.37 D:2.41 D:2.30
16.88 16.12 15.88 16.04
Equiv. S:11.62 S:10.89 S:11.07 S:10.99
I:2.11 1:2.01 1:1.77 1:2.03
D:3.14 D:3.22 D:3.14 D:3.01
18.16 16.31 16.18 16.45
EN equiv. S:12.76 S:11.95 S:12.01 S:12.15
1:2.94 1:2.25 1:1.84 1:2.32
D: 2.46 D:2.12 D:2.32 D:1.98
16.08 15.09 15.26 15.43
NL equiv. S:10.91 S:9.96 S:9.96 S:10.30
: 1:1.59 1:1.64 1. 1.77 1:1.59
D:3.58 D:3.49 D:3.53 D:3.53

Full phoneme error rate results for experiments using matched-size typical-dysarthric
data setup can be found in Section A.2.1 of the Appendix.
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Table 5.13: Paired bootstrap significance testing for selected PER comparisons for matched-size typical-
dysarthric data scenario experiments. APER is defined as PER; — PER;; negative values indicate that System II
performs better. A difference is considered statistically significant when the 95% confidence interval does not
include zero.

Scope System I System II PERI PERII APER 95% CI Sig.

Overall Best Dutch Best Dutch 11.29 15.12 +3.83 [+2.75,+4.94] Yes
dysarthric-only matched-size

Overall Best English Best English 8.23 10.67 +2.44 [+1.70,+3.23] Yes
dysarthric-only matched-size

Overall Best bilingual Best bilingual 9.94 13.08 +3.12 [+2.42,+3.85] Yes
dysarthric-only matched-size

Equiv. Best bilingual Best bilingual 11.23 15.88 +4.65 [+3.40,+5.97] Yes
dysarthric-only matched-size

EMBEDDING SPACE ANALYSIS
The embedding-space analyses for the matched-size typical-dysarthric scenario show
some interesting properties. Table 5.14 shows that the previously observed structure of
the embedding space differs here — unrelated phonemes still are the furthest apart, but
it is the cross-lingual phonemes that are the closest. Even in the CTC-only training, this
pattern presents itself, which suggests that it is not an effect of the contrastive objective.
The hierarchical contrastive learning system further reduces the distance for cross-
lingual same-symbol pairs and manually defined cross-lingual equivalence pairs. How-
ever, this representation-level structure does not lead to improved dysarthric ASR perfor-
mance. In fact, the matched-size typical-dysarthric systems perform substantially worse
than the corresponding dysarthric-data-only systems in terms of PER.

Table 5.14: Mean cosine distance between phoneme-span embeddings for different pair categories across
systems for matched-size typical-dysarthric scenario experiments. Lower values indicate that the corresponding
pair type is represented more closely in the embedding space.

Same phoneme Cross-lingual Cross-lingual

System same language same symbol equivalences Unrelated
Bilingual CTC 0.607 0.357 0.230 0.713
Basic CL 0.629 0.363 0.235 0.720
Equivalence prioritized 0.433 0.308 0.231 0.755
Hierarchical 0.447 0.230 0.201 0.805

The silhouette scores, however, show a very similar pattern as was observed before.
The results in table 5.15 show that, just as before, contrastive learning systems obtain
higher phoneme-label silhouette scores than the bilingual CTC-only system. The hier-
archical strategy obtains the highest silhouette score. In this setup, equivalence-only
silhouette scores are also higher for the equivalence-prioritized and hierarchical strate-
gies than for CTC-only and basic contrastive learning. Also, for this setup as well, the
equivalence-aware silhouette scores are lower than the corresponding standard phoneme-
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label silhouette scores.

Table 5.15: Silhouette scores for phoneme-span embeddings across systems for matched-size typical-dysarthric
data scenario experiments. The score was computed using phoneme labels as cluster labels and cosine distance
as the distance metric. Higher values indicate more compact and better-separated phoneme-level clusters.

Equivalence-aware  Equivalence-only

System Silhouette score silhouette score silhouette score

Bilingual CTC 0.349 0.342 0.330
Basic CL 0.355 0.348 0.333
Equivalence prioritized 0.381 0.374 0.440
Hierarchical 0.456 0.423 0.453

Table 5.16 shows that also the nearest-neighbor neighborhoods are shaped similarly
as they were in the dysarthric-data-only setup. Approximately 85% of the ten nearest
neighbors share the same phoneme label as the anchor. Cross-lingual same-symbol and
manually defined cross-lingual equivalent neighbors appear more frequently than in the
dysarthric-data-only setting, but their absolute proportions still remain low.

Table 5.16: Nearest-neighbor proportions for phoneme-span embeddings at k = 10. Values indicate the average
proportion of nearest neighbors belonging to each category for matched-size dysarthric-typical data scenario
experiments. Same phoneme denotes neighbors with the same phoneme label, cross-lingual same symbol
denotes eligible cross-lingual same-symbol pairs, and cross-lingual equivalences denotes eligible manually
defined cross-lingual equivalent pairs. Higher values indicate that the corresponding category appears more
frequently in the local neighborhood of each embedding.

Same Cross-lingual Cross-lingual

System phoneme samesymbol equivalences
Bilingual CTC 0.855 0.027 0.009
Basic CL 0.853 0.032 0.008
Equivalence prioritized 0.856 0.034 0.010
Hierarchical 0.852 0.044 0.009

5.2.2. FULL DYSARTHRIC DATASET WITH ADDITIONAL TYPICAL DATA SCE-

NARIO
The second typical-data setup adds typical speech on top of the full dysarthric training
set. This setting evaluates whether typical speech can be useful as an additional training
material.

PHONEME ERROR RATE RESULTS

Table 5.17 shows the monolingual results for the typical-data addition scenario. Compared
with the dysarthric-data-only monolingual experiments, performance improves for both
languages. For English, the best overall PER decreases from 8.23% to 7.58%. For Dutch,
the best overall PER decreases from 11.29% to 9.77%.
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Unlike previous monolingual contrastive learning setups, in this case contrastive
learning has a mixed effect. For English, it is the CTC-only system that obtains the best
overall PER, unlike what was observed before. For Dutch, just as before, contrastive
learning improves overall PER.

Table 5.17: Best monolingual CTC-only and monolingual contrastive learning results for additional typical data
scenario experiments. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D)
rates. Equiv. PER denotes PER computed over the language-specific phoneme equivalence set. The best result
in each comparison is underlined.

Language Evaluationscope CTC-only Bestbasic CL

7.58 7.68

. S:4.08 S:4.18
English PER I: 1.53 I: 1.51
D:1.97 D:1.99

11.96 10.60

) . S:8.70 S:7.74
English  Equiv. PER I: 1.49 1: 1.36
D: 1.77 D: 1.49

10.14 9.77

S:5.20 S:5.10

Dutch PER 1:1.77 1:1.85
D:3.17 D:2.82

10.22 9.87

) S:6.38 S:6.12

Dutch Equiv. PER I 1.29 I 1.42
D:2.54 D:2.33

Table 5.18 shows the bilingual results for the typical-data addition scenario. This setup
gives the best overall performance among all of the evaluated bilingual training conditions.
The best overall PER is 8.57%, compared with 9.94% in the dysarthric-data-only bilingual
experiments. The same trend is observed for the equivalence-phoneme subsets, where
the best overall equivalence PER decreases from 11.23% to 10.09%. Compared with the
best dysarthric-data-only system, the reductions in both overall PER and equivalence-
phoneme PER are statistically significant (see Table 5.19).

Unlike in the dysarthric-data-only experiments, the observed differences between
the CTC-only and contrastive learning systems are small in this setting. For overall PER,
the CTC-only system obtains 8.67%, compared with 8.70% for basic contrastive learning,
8.57% for equivalence-prioritized contrastive learning, and 8.61% for hierarchical con-
trastive learning. The equivalence-prioritized strategy obtains the lowest observed overall
and Dutch PER, while the hierarchical strategy obtains the lowest observed English PER
and the lowest PER across the equivalence-based evaluation scopes.

Full phoneme error rate results for experiments using additional typical data setup
can be found in Section A.2.2 of the Appendix.
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Table 5.18: Best bilingual results for additional typical data scenario across the main training strategies. Each cell
reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates. Equiv. denotes evaluation
over the phoneme equivalence set. The best result in each evaluation scope is underlined.

CTC-only Equivalence Hijerarchical
Scope bilingual Basic CL prioritized CL CL
8.67 8.70 8.57 8.61
Overall S:4.90 S:4.89 S:4.90 S:4.82
vera I:1.47 I: 1.59 I:1.41 I: 1.50
D:230  D:2.23 D:2.26 D:2.28
10.30  10.18 9.92 9.94
S:5.49 S:5.51 S:5.50 $:5.23
Dutch L 1.67 L1.71 L:1.55 L1.75
D:3.13 D:2.97 D: 2.88 D:2.97
7.29 7.37 7.29 7.22
English S:4.39 S:4.31 S:4.28 S:4.32
ngls 1:1.30 :1.28 132 1:1.33
D:1.60  D:1.78 D: 1.70 D: 1.56
10.81 10.44 10.30 10.09
Equi S:7.13 S:6.95 S:7.13 S:6.82
quiv. 132 137 L1.27 I:1.40
D:2.35 D:2.11 D: 1.90 D: 1.88
10.03 9.69 9.62 9.22
ENequv, 57V S: 6.62 S: 6.62 S:6.14
1:1.30 1.1.57 1:1.43 1:1.64
D:1.57  D:1.50 D: 1.57 D: 1.43
11.29 10.86 10.13 9.49
NL equiv. S:7.11 S:7.72 S:6.72 S:6.76
I:1.34 1:1.08 1:1.08 I: 1.43
D:2.84  D:2.07 D:2.33 D: 1.30

Table 5.19: Paired bootstrap significance testing for selected PER comparisons for additional typical data
scenario experiments. APER is defined as PERy; — PER[; negative values indicate that System II performs better.
A difference is considered statistically significant when the 95% confidence interval does not include zero.

Scope System1 System II PERI PERII APER 95% CI Sig.

Overall Best Dutch Best Dutch 11.29 9.77 -1.52 [-2.12,-0.92] Yes
dysarthric-only additional-data

Overall Best English Best English 8.23 7.58 -0.65 [-1.10,-0.21] Yes
dysarthric-only additional-data

Overall Best bilingual Best bilingual 9.94 8,57 -1.36 [-1.71,-1.01] Yes
dysarthric-only additional-data

Equiv. Best bilingual Best bilingual 11.23 10.09 -1.16 [-2.12,-0.24] Yes

dysarthric-only

additional-data
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EMBEDDING SPACE ANALYSIS

The embedding-space results for the typical-data addition scenario show a pattern similar
to the matched-size typical-dysarthric scenario. Table 5.20 shows that cross-lingual
same-symbol and manually defined cross-lingual equivalence pairs have lower mean
cosine distance than same-phoneme same-language pairs, which, again, differs from the
dysarthric-data-only setting, where same-phoneme same-language pairs were the closest
category.

Table 5.20: Mean cosine distance between phoneme-span embeddings for different pair categories across
systems for additional typical data experiments. Lower values indicate that the corresponding pair type is
represented more closely in the embedding space.

Same phoneme Cross-lingual Cross-lingual

System same language same symbol equivalences Unrelated
Bilingual CTC 0.688 0.401 0.249 0.759
Basic CL 0.695 0.406 0.233 0.755
Equivalence prioritized 0.509 0.243 0.178 0.555
Hierarchical 0.209 0.098 0.078 0.243

Table 5.21 shows that the equivalence-prioritized and hierarchical systems obtain
higher phoneme-label silhouette scores than the CTC-only and basic contrastive learn-
ing systems. These higher observed scores are consistent with greater phoneme-level
group separation in the explicitly bilingual contrastive learning systems. The equivalence-
prioritized system obtains the highest standard silhouette score and the highest equivalence-
only silhouette score.

However, the equivalence-aware silhouette scores are, as before, lower than the cor-
responding standard silhouette scores. This suggests that the cross-lingual equivalence
structure is not reflected in improved global group separation according to the silhouette
metric.

Table 5.21: Silhouette scores for phoneme-span embeddings across systems for additional typical data experi-
ments. The score was computed using phoneme labels as cluster labels and cosine distance as the distance
metric. Higher values indicate more compact and better-separated phoneme-level clusters.

Equivalence-aware  Equivalence-only

System Silhouette score silhouette score silhouette score

Bilingual CTC 0.396 0.389 0.362
Basic CL 0.392 0.388 0.361
Equivalence prioritized 0.435 0.421 0.396
Hierarchical 0.423 0.400 0.368

Table 5.22 shows that the nearest-neighbor neighborhoods are still dominated by
same-phoneme representations. The hierarchical system obtains a higher observed
proportion of cross-lingual same-symbol neighbors than the other systems, although the
absolute proportion remains low.
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In this setup, the observed proportions of manually defined cross-lingual equivalent
neighbors are lower than in the other data conditions. Although the hierarchical sys-
tem again obtains the highest proportion of cross-lingual same-symbol neighbors, this
proportion is lower than in the matched-size typical-data scenario. Together with the
silhouette-score results, this suggests that the global group-separation measures and the
local nearest-neighbor structure capture different aspects of the representation space.

Table 5.22: Nearest-neighbor proportions for phoneme-span embeddings at k = 10. Values indicate the average
proportion of nearest neighbors belonging to each category for additional typical data experiments. Same
phoneme denotes neighbors with the same phoneme label, cross-lingual same symbol denotes eligible cross-
lingual same-symbol pairs, and cross-lingual equivalences denotes eligible manually defined cross-lingual
equivalent pairs. Higher values indicate that the corresponding category appears more frequently in the local
neighborhood of each embedding.

Same Cross-lingual  Cross-lingual

System phoneme samesymbol equivalences
Bilingual CTC 0.900 0.007 0.003
Basic CL 0.901 0.007 0.003
Equivalence prioritized 0.903 0.019 0.003

Hierarchical 0.906 0.028 0.002







DISCUSSION

6.1. RQ: HOW DOES BILINGUAL PHONEME-LEVEL CONTRASTIVE
LEARNING WITH CROSS-LINGUAL POSITIVE PAIRS AFFECT
PERSONALIZED DYSARTHRIC ASR AND THE LEARNED REP-
RESENTATION SPACE?

While bilingual phoneme-level CL shows general improvement in PER compared to bilin-
gual CTC-only fine-tuning, cross-lingual positive pairs do not seem to be the driving force
behind this improvement. The improvements between the best-performing model that
implements cross-lingual positive pairs and the bilingual contrastive learning baseline
are marginal, and no statistically significant difference is observed between these two
approaches.

The same pattern is observed when the basic contrastive learning baseline and the
explicitly cross-lingual strategies are compared under the same hyperparameter settings.
Neither approach consistently obtains lower PER across configurations: in some set-
tings the basic baseline obtains lower PER, whereas in others the explicitly cross-lingual
strategy does. Together with the significance-testing results, this provides no evidence
that explicitly prioritizing cross-lingual positive pairs improves recognition over basic
same-symbol contrastive learning.

Additionally, the best bilingual systems do not outperform the best monolingual
contrastive learning systems when Dutch and English are evaluated separately. The
bilingual setup looks useful when compared to a bilingual CTC-only baseline, but it
does not show evidence that cross-lingual training has any clear advantage over training
separate language-specific models.

Overall, the recognition results therefore support a benefit of phoneme-level con-
trastive learning over the bilingual CTC-only baseline in this case study, but do not
provide evidence that explicitly modelling cross-lingual phoneme relationships yields an
additional recognition improvement.
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The embedding-space results show clearer effects of the bilingual contrastive ob-
jectives than the recognition results. Contrastive learning systems obtain lower cosine
distances between same-phoneme representations and higher silhouette scores than CTC-
only fine-tuning. The models trained with weighted loss achieve the highest silhouette
scores, obtain lower cosine distances between cross-lingual equivalent phonemes and
cross-lingual same-symbol phonemes, and show higher nearest-neighbor proportions
for cross-lingual phoneme representations.

These results indicate that the bilingual contrastive objectives, particularly the weighted
variants, shape the representation space in the intended cross-lingual direction. How-
ever, this structure remains incomplete. The equivalence-aware silhouette scores are
generally lower than the general silhouette scores, indicating that grouping manually
defined English-Dutch equivalents together does not produce stronger global separation
according to the silhouette metric.

Overall, the representation space results show that explicitly modelling cross-lingual
phoneme relationships can alter the learned geometry, but these changes are not accom-
panied by clear recognition improvements over basic phoneme-level contrastive learning.
This suggests that stronger cross-lingual organization of the representation space is not
sufficient on its own to improve PER.

6.2. SRQ1: HOwW DO DIFFERENT TRIPLET SAMPLING STRATE-
GIES AFFECT RECOGNITION PERFORMANCE AND REPRESEN-

TATION STRUCTURE?
To answer this question, three triplet sampling strategies were compared: basic same-
symbol sampling, equivalence-prioritized bilingual sampling, and hierarchical bilingual
sampling.

In terms of recognition performance, the basic same-symbol strategy provides a
strong baseline. It obtains the lowest observed overall PER among the three unweighted
sampling strategies, while the explicitly bilingual strategies produce very similar values
and do not differ significantly from the basic strategy. These results therefore do not
provide evidence that explicitly prioritizing cross-lingual positive relationships improves
overall recognition beyond same-symbol contrastive learning.

The hierarchical strategy shows a somewhat more targeted numerical pattern. It
obtains lower observed PER than the basic strategy across the equivalence-based evalua-
tion scopes, including the overall equivalence subset. However, the tested difference for
overall equivalence PER is not statistically significant. The results therefore suggest a pos-
sible concentration of the effect on the phoneme categories targeted by the hierarchical
strategy, but do not provide sufficient evidence to conclude that hierarchical sampling
improves recognition for these phonemes. Its overall PER also remains slightly higher
than that of the basic strategy.

The representation space results similarly show little additional effect from changing
the positive sampling strategy alone. Neither the equivalence-prioritized nor the hier-
archical unweighted strategy obtains substantially lower cross-lingual cosine distances
than basic same-symbol sampling, and their silhouette and nearest-neighbor results are
also broadly similar. Thus, explicitly prioritizing cross-lingual positives during sampling
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does not, by itself, produce a clear additional change in the representation space over
basic contrastive learning.

One possible explanation is that the explicitly cross-lingual positive pairs make up only
a limited part of the triplets contributing to the unweighted objective. Even when they are
given priority during sampling, same-symbol triplets remain much more common, so the
contribution of the explicitly bilingual relationships to the averaged loss may be limited.
This interpretation is consistent with the stronger representation space changes observed
when the cross-lingual triplet categories are given additional weight in the weighted-loss
experiments.

6.3. SRQ2: HOWDOES WEIGHTING THE BILINGUAL CONTRASTIVE
LOSS AFFECT RECOGNITION PERFORMANCE AND REPRE-
SENTATION STRUCTURE COMPARED TO THE UNWEIGHTED

OBJECTIVE?

As the previous section has shown, the sampling strategy itself does not have much of an
effect on the performance or how the representation space is shaped. One possible reason
for that is that the overall number of cross-lingual positives as opposed to same-language
phonemes is too small to have an effect. Using weighted loss, it is possible to increase the
influence of the triplets most directly related to the bilingual hypothesis. However, the
effect of weighting differs between the equivalence-prioritized and hierarchical strategies.

For the equivalence-prioritized strategy, the weighted loss distinguishes only between
the manually defined cross-lingual equivalents and the same-symbol phonemes, ignoring
the differences between cross-lingual same-symbol phonemes and same-language same-
symbol phonemes. In this scenario, the weighted configuration obtains numerically
lower PER across several evaluation scopes, although the tested differences in overall
and equivalence PER are not statistically significant. The embedding space shows clearer
changes, through higher silhouette scores, higher nearest-neighbor proportions for cross-
lingual equivalents, and lower cosine distances.

The loss used for the hierarchical strategy shows a slightly different pattern. In
this case, the weighted loss separates three categories: manually defined cross-lingual
different-symbol positives, cross-lingual same-symbol positives, and same-language
same-symbol positives. Unlike in the equivalence-prioritized setup, the hierarchical
weighted loss therefore explicitly distinguishes cross-lingual same-symbol positives from
same-language same-symbol positives. This distinction is reflected particularly clearly in
the embedding-space metrics: the weighted hierarchical approaches obtain the highest
observed nearest-neighbor proportions for cross-lingual same-symbol phonemes, some
of the highest silhouette scores, and lower cosine distances for the targeted cross-lingual
relationships.

However, these representation space changes do not correspond to lower PER. The un-
weighted hierarchical model obtains lower overall PER than both weighted variants. The
difference between the unweighted model and weighted Version 1 is not statistically sig-
nificant, whereas weighted Version 2 produces a statistically significant increase in overall
PER. The weighted hierarchical variants also obtain higher observed equivalence PER
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than the unweighted model, although these differences are not statistically significant.

These results suggest that prioritizing cross-lingual relationships through weighting
needs to be done carefully. While increasing their contribution can make the intended
bilingual structure more visible in the representation space, giving them too much empha-
sis relative to same-language same-symbol positives may be detrimental to recognition.
In particular, the results suggest that same-language same-symbol phonemes should not
be overly downweighted in favour of cross-lingual positives.

The results therefore show that weighting can shape the representation space in the
intended direction, but that the choice of individual weights is important. A represen-
tation space that more strongly reflects the manually designed bilingual hierarchy is
not necessarily the representation space that produces the best phoneme recognition
performance.

It is also worth noting that this experimental setup paired a specific sampling strategy
with a corresponding weighting strategy, without evaluating all possible sampling-strategy
and weighted-loss combinations. Although it is intuitive to pair a loss that distinguishes
cross-lingual and same-language same-symbol positives with a sampling strategy that
makes the same distinction, the two mechanisms may interact in ways that are not
captured by the present experiments. Additional experiments would therefore be required
to determine the specific contribution of the weighting strategy independently of the
sampling procedure.

6.4. SRQ3: HOW DOES INCORPORATING TYPICAL SPEECH DATA
AFFECT RECOGNITION PERFORMANCE AND REPRESENTA-

TION STRUCTURE?

To answer this question, two setups were evaluated: a matched-size typical-dysarthric
condition and a typical-data addition condition. The matched-size condition tested
whether typical speech can replace part of the dysarthric training data, while the addition
condition examined whether typical speech is beneficial when added on top of the full
dysarthric training set.

The matched-size condition performs significantly worse than the dysarthric-data-
only condition. This indicates that, in this personalized ASR setup, typical speech is not
an effective substitute for target-speaker dysarthric speech. Replacing dysarthric samples
with typical speech removes training examples that are directly matched to the target
speaker and test condition. Although typical speech can provide additional examples
of the relevant phonetic units, it does not contain the same speaker-specific dysarthric
characteristics. The deterioration in recognition performance therefore emphasizes the
importance of retaining target-speaker dysarthric data when the total amount of training
data is fixed.

The typical-data addition condition shows the opposite effect, obtaining significantly
lower PER than the dysarthric-data-only condition. However, this setup also increases
the total amount of training data, so the improvement cannot be attributed specifically to
the use of typical speech. It may instead result partly or entirely from the larger training
set. Increasing the available training data from approximately 17 to 21 hours is associated
with a relative reduction of approximately 14% in overall PER, highlighting the potential
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value of additional training material in this low-data personalized setting.

The embedding-space results also differ from those of the dysarthric-data-only condi-
tion. In both typical-data setups, the cross-lingual pair categories obtain lower average
cosine distances than same-phoneme same-language pairs, and cross-lingual categories
generally appear more frequently among the nearest neighbors than in the dysarthric-
data-only setting. Importantly, however, similar representation space patterns are ob-
served in the two typical-data conditions despite their opposite effects on recognition
performance.

Overall, the typical-data experiments show that the amount and composition of
the training data have a substantial effect on recognition performance. Replacing target-
speaker dysarthric speech with typical speech significantly worsens performance, whereas
adding typical speech on top of the full dysarthric training set significantly improves it.
At the same time, the two conditions produce broadly similar changes in cross-lingual
representation structure. This further shows that stronger cross-lingual organization of
the embedding space does not by itself determine recognition performance. The conclu-
sions regarding the contrastive strategies therefore remain similar: explicitly bilingual
objectives can shape the representation space, but they do not provide a clear recognition
advantage over simpler phoneme-level contrastive learning.

6.5. THE IMPACT OF HYPERPARAMETERS

The contrastive learning experiments varied two main experimental dimensions across
multiple conditions: the triplet loss weight Ayiple and the alignment strategy used for
phoneme-span extraction. The tested triplet loss weights were 0.05, 0.1, 0.2, 0.3, and 0.4,
and the two alignment strategies were non-blank CTC spans and contiguous phoneme
spans.

The results do not show a single triplet loss weight that consistently performs best
across all conditions. Instead, the best value of Aypler differs depending on the training
setup, sampling strategy, evaluation scope, and alignment type. This suggests that the
contribution of the contrastive loss must be balanced carefully against the CTC objective.
A weak contrastive weight may not sufficiently influence the representation space, while
a stronger weight may interfere with the CTC objective or overemphasize noisy triplet
relationships.

The alignment strategy also does not show a consistently dominant pattern. In some
conditions, non-blank spans perform better, while in others, contiguous spans produce
better results. This suggests that neither span definition is universally superior. Non-blank
spans may provide cleaner phoneme-specific representations by excluding CTC blank
regions, while contiguous spans may capture transitional acoustic information between
phonemes. The fact that both strategies perform similarly in many cases suggests that the
overall effect of alignment type is limited compared with the broader training condition.

The sensitivity to hyperparameters is another reason why the results should be inter-
preted cautiously. Since the best-performing configuration differs across conditions, the
observed improvements may depend partly on the interaction between sampling strategy,
alignment definition, and contrastive loss weight. This makes it difficult to attribute
performance differences to a single methodological factor.
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6.6. LIMITATIONS

Although the proposed contrastive learning approach affects the learned representation
space, its impact on recognition performance remains limited. The aspects mentioned
below help explain why:

Negative pair handling. The handling of positive pairs in this thesis is quite detailed,
with different sampling strategies and weighted losses. In contrast, the negative
samples are selected in a very simple way: through phonemes with labels different
than the anchor and the positive (unless they are determined as a cross-lingual
equivalent). The negatives are not graded by phonetic similarity, acoustic similar-
ity, or model confusability. As a result, the contrastive loss will not focus on the
phoneme contrasts that are most difficult for the recognizer.

Contrastive learning, as much as it aims to bring positives together, also works in a
discriminative fashion, but it has not been explored. Recent contrastive learning
approaches often use more structured or dynamic negative sampling strategies.
However, the main focus of this thesis was exploring bilinguality within contrastive
learning. Such bilingual relationships between the anchor and the negatives are
extremely hard to define. While incorporating confusion-aware or dynamically
selected hard negatives was possible, it was considered to be out of scope of this
work and would therefore be a separate extension of the method.

Determining positive pairs. The cross-lingual positive pairs are based on manually de-
fined phonetic equivalence between English and Dutch phonemes. This mapping
is linguistically motivated, but it does not directly measure acoustic similarity in
the actual recordings. This is especially important for dysarthric speech, since a
dysarthric speaker might not pronounce phonemes in the same way as expected
from canonical phonetic descriptions.

Therefore, some phoneme pairs treated as positives may not be acoustically close
for this specific speaker. This may make the contrastive signal noisy: the loss
encourages the model to bring certain phoneme pairs closer together, but these
pairs may not always correspond to similar acoustic realizations in the data.

Dataset size and speaker coverage. The dysarthric experiments are based on a single
dysarthric speaker. This is appropriate for a personalized ASR case study, but it
limits the generalizability of the findings. The observed effects may depend on this
speaker’s articulation patterns, language background, severity of dysarthria, and
recording conditions.

The small dataset size also limits how reliably the model can learn cross-lingual
phoneme relationships. Some phoneme categories and equivalence pairs occur
relatively rarely, which makes both training and evaluation more sensitive to indi-
vidual examples.

Phoneme alignment extraction. The contrastive loss relies on phoneme-span embed-
dings extracted using precomputed CTC forced alignments. If these alignments
contain errors, the extracted span embeddings may not correspond cleanly to the
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intended phonemes. This can introduce noise into the triplet loss, since the model
may be encouraged to compare embeddings that do not accurately represent the
target phoneme categories.

This limitation is difficult to avoid in the absence of manual frame-level phoneme
alignments. Dynamic alignments were also explored during method development,
but they did not improve performance. Therefore, fixed CTC-derived alignments
were used as a practical compromise, even though they may still introduce align-
ment noise.

Hyperparameter selection. The best-performing configurations reported in the main re-
sults and embedding-space analyses were selected according to the lowest observed
test-set PER. This allowed the representation analysis to examine the embedding
structure associated with the strongest observed recognition performance for each
approach. However, this means the test set was used both for configuration selec-
tion and final performance evaluation, rather than being kept fully independent
of model selection. Since multiple configurations were compared, selecting the
minimum observed test PER may lead to an optimistic estimate of performance and
makes very small differences between the best configurations particularly difficult
to interpret. The complete results across all tested configurations are reported in
the Appendix, but future experiments should select hyperparameters exclusively
on the validation set and use the test set only for the final evaluation of the selected
configuration.

Canonical phoneme labels. The phoneme labels used in this study were generated au-
tomatically from the orthographic transcriptions using espeak-ng. As a result, they
represent canonical pronunciations rather than phonetic annotations of how the
target speaker actually produced the words. Since phoneme substitutions are very
common in dysarthric speech, this method of obtaining phoneme labels can in-
troduce inaccuracies between actual phonemes pronounced and the generated
labels. These labels are used to obtain phoneme alignments and determine the
phoneme categories used in contrastive learning, and such mismatches between
canonical labels and the speech signal may introduce additional noise into the
training process.

6.7. REFLECTION: SCIENTIFIC, ETHICAL, AND SOCIAL IMPLICA-
TIONS

This thesis was motivated by the limited performance of speaker-general ASR on dysarthric
speech and by the scarcity of speaker-specific dysarthric training data. Speech produced
by the same target speaker in another language offers an additional source of labeled data
while preserving speaker-specific and dysarthric speech characteristics. The proposed
phoneme-level contrastive learning method investigated whether relationships between
Dutch and English phonemes could be used to exploit this additional speech more effec-
tively. The mixed outcome of these experiments, with clearer cross-lingual organization
of the representation space but no corresponding recognition advantage, makes the
assumptions used to define these relationships particularly important to examine.
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One aspect of the method that deserves particular reflection is the definition of cross-
lingual positive pairs. The representation space changed more clearly than the recognition
performance, which suggests that the relationships encouraged by the contrastive objec-
tive may not have aligned closely enough with the distinctions that were most relevant for
the target speaker. In this study, these relationships were defined using canonical English—
Dutch phonetic similarities. Using canonical relationships gave the study a consistent,
linguistically informed basis for defining cross-lingual positive pairs. However, canonical
similarity does not necessarily match how the target speaker produces the corresponding
sounds. Dysarthria may alter the acoustic relationships between phonemes, and these
speaker-specific patterns are not captured by the mapping used in this thesis. An alterna-
tive would be to derive positive relationships from the target speaker’s own speech, for
example using acoustic similarity between phoneme representations or the phoneme
confusions made by the recognizer. This would address a different question: whether
relationships derived from the speaker’s actual productions are more useful than textbook
linguistic relationships. The present study evaluates the latter approach, while the results
motivate investigating the former in future work.

The use of a single target speaker also affects the interpretation of the results. Includ-
ing several speakers would make it possible to test whether the findings generalize across
speakers with dysarthria. However, it would also introduce differences in articulation,
dysarthria severity, language background, and individual error patterns. These differ-
ences could make the effect of the proposed cross-lingual relationships harder to isolate.
Focusing on one speaker is therefore consistent with the personalized setting of this thesis
and allows the method to be studied without inter-speaker variation. The limitation is
that the results describe one case and cannot be assumed to generalize to other speakers.

Two other methodological choices concern the construction of the contrastive ex-
amples. First, phoneme spans were obtained using automatic CTC-derived alignments
rather than manually annotated boundaries. Manual annotation could provide more
accurate phoneme spans, but would add substantial expert annotation requirements to a
setting that is already constrained by limited speaker-specific dysarthric data. Second,
negative sampling was kept simple rather than selecting acoustically similar or frequently
confused phonemes as hard negatives. More targeted negatives could connect the con-
trastive objective more directly to recognition errors. However, changing the negative
sampling strategy at the same time as the bilingual positive sampling strategy would
introduce an additional experimental factor and make the effect of the cross-lingual
positives harder to isolate.

These results are also important from an accessibility perspective. Speech-based tech-
nologies are increasingly used for communication and everyday tasks, yet systems trained
primarily on typical speech may perform poorly for users with dysarthria because their
speech can differ substantially from the speech represented during training. For some
people with mobility limitations, voice-based interfaces may also provide an important
alternative means of interacting with technology. The matched-size typical-speech exper-
iment illustrates the importance of dysarthric training data: when the amount of data was
kept approximately constant, replacing dysarthric speech with typical speech resulted in
worse recognition. This suggests that readily available typical speech is not an equivalent
substitute for dysarthric speech, and that improving dysarthric ASR requires methods
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that make effective use of the comparatively scarce dysarthric data that is available.







CONCLUSION AND FUTURE WORK

This thesis investigated whether bilingual phoneme-level contrastive learning can im-
prove personalized dysarthric ASR by exploiting phonetic relationships between Dutch
and English spoken by the same individual. In particular, it explored whether English and
Dutch phoneme representations could reinforce one another during training by treating
cross-lingual phoneme pairs as positives in a contrastive objective. Different positive
sampling strategies and weighted contrastive losses were evaluated, together with two
conditions incorporating additional typical speech data.

Across all results, a consistent pattern emerged: bilingual phoneme-level contrastive
learning does measurably reshape the representation space in the intended direction,
through reducing cosine distance between same-phoneme and cross-lingual equivalent
embeddings and increasing silhouette scores relative to CTC-only fine-tuning, however,
this restructuring does not translate into a consistent, statistically significant improve-
ment in phoneme error rate over a simpler bilingual contrastive baseline. Basic same-
symbol sampling already captured most of the achievable benefit; the more elaborate
equivalence-prioritized and hierarchical strategies produced clearer or more targeted
embedding structure without a corresponding general PER gain. In the dysarthric-data-
only experiments, weighting could further strengthen the intended representation space
effects, but overly downweighting same-language positives in the hierarchical objective
hurt recognition performance. Typical speech data behaved differently depending on how
it was used: substituting it for dysarthric speech hurt performance, while adding it on top
of the full dysarthric set helped, though this gain is confounded with the resulting increase
in total training data and cannot be cleanly attributed to typical speech itself. Results
were also sensitive to hyperparameter selection throughout, with no single triplet-loss
weight or alignment strategy performing best across all three data settings.

Overall, these results do not support the hypothesis that encoding canonical cross-
lingual phoneme relationships is, by itself, sufficient to improve recognition in this person-
alized, single-speaker setting. This is not evidence that the bilingual contrastive objective
had no effect, however: it demonstrably reshaped the representation space as intended,
ruling out only the straightforward version of the hypothesis — that encoding textbook
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cross-lingual phonetic equivalence as positives would improve recognition by itself. This
narrows the search space for future work: the central challenge is not encouraging cross-
lingual structure in the representation space, which the objective already achieves, but
identifying cross-lingual relationships that reflect how the target speaker actually pro-
nounces the corresponding phonemes. Additionally, the typical-data experiments, even
though not the central focus of the thesis, provide a clear demonstration of how severely
data scarcity constrains personalized dysarthric ASR.

The limitations of this work shed light on the reasons for lack of additional recognition
improvements from the explicitly cross-lingual objectives. The cross-lingual equivalence
mapping was derived from canonical English and Dutch phonetic relationships rather
than the target speaker’s actual acoustic realizations, and canonical similarity may not
describe which sounds this individual produces similarly. Negative sampling was also kept
comparatively simple, without regard to phonetic or acoustic similarity, so the contrastive
objective was never given the opportunity to focus on the phoneme confusions that
actually drive recognition errors — it is possible that the lack of PER improvement reflects
this shallow negative sampling strategy rather than a limit of the bilingual hypothesis
itself. Both limitations point to the same conclusion: the present results do not show that
cross-lingual contrastive learning cannot help personalized dysarthric ASR, but rather
that it needs to draw on more speaker-specific information when constructing triplets.

More broadly, the results highlight two observations about representation learning for
ASR. First, a representation space that appears better organized according to embedding-
space metrics is not necessarily more useful for recognition. In this thesis, stronger
phoneme separation and closer targeted cross-lingual relationships were not consistently
accompanied by lower PER. A similar disconnect was reported by Whetten et al. [112],
who found that improved cluster separation did not necessarily correspond to better
downstream ASR performance. Second, a more complex representation-learning objec-
tive does not necessarily produce better recognition performance. The explicitly bilingual
and weighted objectives produced more targeted changes in the representation space,
but these changes did not consistently improve PER over simpler contrastive learning.
Réwnicka et al. [113] report a related result in ASR adaptation, where a multi-layer adap-
tation network was no more effective than a single linear adaptation layer. Together, these
findings suggest that representation-learning methods should be evaluated primarily by
whether the structure they impose is useful for the downstream recognition task, rather
than by representation space metrics or methodological complexity alone.

7.1. FUTURE WORK
From the limitations discussed above, future work can explore the following directions:

Speaker-specific contrastive pairs. The cross-lingual positives in this study were de-
fined using canonical English-Dutch phonetic equivalences, which may not reflect
the actual acoustic realizations of a dysarthric speaker. Future approaches could
instead select positives based on acoustic similarity or learned speaker-specific
representations.

Negative sampling should be made more structured, prioritizing phonemes that are
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acoustically close or frequently confused by the model, rather than any phoneme
with a different label.

Typical speech data. Replacing dysarthric speech with typical speech degraded perfor-
mance, whereas adding typical speech improved it; however, the latter also in-
creased the total amount of training data. To determine to which extent typical
speech data helps beyond simply providing more training examples, more experi-
ments should be conducted with varying proportions of additional typical versus
additional dysarthric speech.

Manually annotated phoneme labels. Future work could investigate whether using man-
ually annotated phonetic labels instead of phoneme sequences generated from
orthographic transcriptions leads to more reliable phoneme-level contrastive learn-
ing. Such annotations could more closely reflect the target speaker’s actual speech
production and would allow the effect of speaker-specific phoneme information
to be separated from possible mismatches introduced by canonical G2P transcrip-
tions.

Multi-speaker evaluation. The proposed approach should also be evaluated in a multi-
speaker setting to determine whether the effects observed in this single-speaker
case study generalize to a multi-speaker setting. Ideally, this would require a dataset
containing multiple dysarthric speakers producing speech in more than one lan-
guage, however, such multilingual dysarthric datasets are currently very limited.
A more realistic alternative would be to use dysarthric speech datasets from dif-
ferent languages, even if the recordings come from different speakers. Although
this would differ from the personalized bilingual setting considered in this thesis, it
could help determine whether cross-lingual phoneme relationships provide useful
information when inter-speaker variability is introduced.
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the final output. No private, sensitive, or confidential data was uploaded to external Al
tools.

CODING
ChatGPT was used for writing boilerplate code, debugging and improving code readability.

WRITING

ChatGPT and Claude were used to assist with the writing and editing process of this thesis,
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APPENDIX

A.1. FULL RESULTS FOR DYSARTHRIC DATA ONLY EXPERIMENTS
This section provides the full phoneme error rate results complementing the results
presented in Section 5.1.1.

Table A.1 presents full results for monolingual experiments. Table A.2 presents full
results for the bilingual CTC-only fine-tuning experiments. Table A.3 presents full results
for the contrastive learning with basic sampling strategy experiments. Table A.4 presents
full results for the unweighted equivalence-prioritized strategy, while Table A.5 presents
the corresponding weighted-loss results. Table A.6 presents full results for the unweighted
hierarchical strategy, while Tables A.7 and A.8 present the two hierarchical weighted-loss
variants.
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Table A.1: Phoneme error rate results for the dysarthric-data-only monolingual contrastive learning experiments
across alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S),
insertion (I), and deletion (D) rates. The best available result in each evaluation scope is underlined. Equiv. PER
denotes PER computed over the language-specific phoneme equivalence set.

English Dutch
Alignment  Agjplee  PER  Equiv PER  PER  Equiv. PER
8.55 14.27 11.44 10.91
. S:4.76 S:10.19 S:5.78 S:6.85
CTC-only baseline 1 1.56 I: 1.49 1:2.17 I 1.42

D:2.24 D:2.58 D:3.49 D:2.63

8.81 14.13 11.74 12.11
0.05 S:4.76 S:10.60 S:6.10 S:7.50

1.1.67 1:1.22 1.2.17 1:1.38

D:2.38 D:2.31 D:3.47 D:3.23

Non-blank 8.58 13.59  12.07  12.59
0.10 S:4.59 S:10.05 S:6.17 S:8.06

1.1.64 1:1.63 1.2.44 1.1.81

D:2.34 D:1.90 D:3.45 D:2.72

8.76 13.86 11.67 11.85

0.20 S:4.85 S:10.19 S:6.06 S:7.76

: 1:1.62 1:1.49 1:2.48 1: 1.90

D:2.29 D:2.17 D:3.13 D:2.20

8.49 13.72 11.89 12.20

0.30 S:4.80 S:10.46 S:6.20 S:7.59

! 1:1.49 1:1.22 1:2.23 1:1.68

D:2.20 D:2.04 D:3.47 D:2.93

8.23 12.36 12.01 12.46

0.40 S:4.65 S:9.10 S:6.23 S:7.59

! 1:1.46 1:1.22 1:2.41 1:2.07

D:2.13 D:2.04 D:3.38 D:2.80

8.72 13.32 11.94 12.37

0.05 S:4.73 S:9.24 S:6.07 S:7.93

! 1:1.57 1:1.36 1:2.35 1:1.68

) D:2.43 D:2.72 D:3.53 D: 2.76
Contiguous 8.50 14.67 12.18 12.20
0.10 S:4.64 S:9.92 S:6.36 S:7.89

! 1:1.58 1: 1.90 1:2.28 1:1.47

D:2.29 D:2.85 D:3.54 D:2.84

8.38 12.36 11.90 11.85

0.20 S:4.48 S:9.10 S:6.19 S:7.84

' 1:1.61 1: 0.68 1:2.42 1: 1.59

D:2.29 D:2.58 D:3.29 D:2.41

8.47 14.40 11.29 12.28

0.30 S:4.80 S:10.46 S:5.83 S:7.63

' 1: 1.60 1:1.63 1: 2.09 1:1.64

D:2.07 D:2.31 D:3.37 D:3.02

- - 11.94 12.07

S:— S:— S:6.21 S:7.63

0.40 I.- I.- 1.2.26 1:1.64

D:- D:- D:3.47 D:2.80
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Table A.2: Phoneme error rate results for the dysarthric-data-only bilingual CTC-only fine-tuning. Substitution,
insertion, and deletion rates are denoted by S, I, and D, respectively.

Evaluation scope PER(%) S%) I1(%) D (%)
Overall 10.46 5.74 194 2.78
Dutch 12.30 6.48 2.35 3.47
English 888 511 1.59 2.18
Equivalence phonemes 1281 838 1.85 2.59
English equivalences 1263 8.46 2.18 1.98

Dutch equivalences 1293 832 1.64 2.97
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Table A.3: Phoneme error rate (%) for the dysarthric-data-only basic CL across alignment types and triplet
loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D) rates.
The best available result in each evaluation scope is underlined. Equiv. denotes evaluation over the phoneme

equivalence set.

Alignment /ltriplet Overall Dutch English Equiv. ENequiv. NLequiv.
10.36 12.19 8.81 12.29 12.01 12.46
0.05 S:5.61 S:6.22 S:5.09 S: 8.06 S:8.19 S:7.97
’ 1.1.74 1. 2.07 1:1.45 1. 1.59 1.1.84 1:1.42
D:3.02 D:3.90 D: 2.27 D:2.64 D:1.98 D: 3.06
Non-blank 1045 1201 911 1210 1276 11.68
0.10 S:5.81 S:6.42 S:5.29 S:8.19 S:9.08 S:7.63
I.1.81 1.2.17 1. 1.50 1:1.59 1.1.77 1.1.47
D:2.83 D:3.42 D:2.32 D:2.32 D:1.91 D:2.59
10.34 12.03 8.90 12.39 12.35 12.41
0.20 S:5.71 S:6.41 S:5.10 S:8.38 S:8.87 S: 8.06
1.1.78 1.2.17 1. 1.44 I:1.51 1. 1.57 1:1.47
D:2.86 D:3.44 D:2.36 D:2.51 D:1.91 D:2.89
10.01 11.60 8.65 11.99 12.35 11.77
0.30 S:5.61 S:6.35 S:4.98 S:8.19 S:8.60 S:7.93
: 1.1.69 1:1.99 1:1.43 1. 1.40 1.1.64 1:1.25
D:2.70 D:3.25 D:2.24 D:2.40 D:2.12 D: 2.59
10.36 11.87 9.06 12.92 12.76 13.02
0.40 S:5.83 S:6.47 S:5.28 S:8.80 S:9.15 S:8.58
1:1.63 1:1.96 1. 1.35 1.1.48 I.1.64 1:1.38
D:2.90 D:3.44 D:2.43 D:2.64 D:1.98 D: 3.06
10.68 12.19 9.39 11.94 12.42 11.64
0.05 S:5.77 S:6.26 S:5.35 S: 8.06 S:8.87 S:7.54
: 1.1.76 1:2.08 1:1.49 1.1.27 1:1.43 1. 1.16
. D:3.15 D:3.85 D:2.55 D:2.62 D:2.12 D:2.93
Contiguous 1042 1227 883 1244  11.95 12.76
0.10 S:5.71 S:6.40 S:5.12 S:8.22 S:8.26 S:8.19
I.1.71 1:2.13 1.1.36 1.1.69 I.1.71 1:1.68
D:3.00 D:3.74 D:2.36 D:2.54 D:1.98 D:2.89
9.96 11.46 8.68 11.78  11.67 11.85
0.20 S:5.60 S:6.27 S:5.03 S:8.08 S:7.92 S:8.19
’ I.1.65 1:1.88 1. 1.45 1:1.43 191 1. 1.12
D:2.71 D:3.32 D:2.20 D:2.27 D:1.84 D:2.54
10.16 11.79 8.77 12.47 12.70 12.33
0.30 S:5.59 S:6.18 S:5.09 S:8.14 S:8.81 S:7.72
1.1.68 1:2.09 1:1.33 1:1.69 1.1.84 1:1.59
D:2.89 D:3.52 D:2.35 D:2.64 D: 2.05 D:3.02
10.23 11.69 8.99 12.07 12.70 11.68
0.40 S:5.61 S:6.17 S:5.12 S:8.11 S:8.53 S:7.84
1.1.68 1:2.02 1:1.39 1. 1.56 1:1.98 1:1.29
D:2.95 D:3.49 D:2.48 D:2.40 D:2.18 D:2.54
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Table A.4: Phoneme error rate (%) for the dysarthric-data-only unweighted equivalence-prioritized setup across
alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I),
and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation

over the phoneme equivalence set.

Alignment )lmplet Overall Dutch English Equiv. ENequiv. NLequiv.
10.33 11.88 9.00 12.29 12.01 12.46
0.05 S:5.73 S:6.22 S:5.31 S:8.45 S: 8.67 S:8.32
’ 1:1.87 1.2.24 1:1.55 1:1.56 I:1.71 1.1.47
D:2.72 D:3.41 D:2.13 D:2.27 D:1.64 D: 2.67
Non-blank 10.15 11.69 8.84 1213  12.63 11.81
0.10 S:5.64 S:6.19 S:5.18 S:8.19 S:8.74 S:7.84
1:1.78 . 2.11 1:1.50 I:1.61 1:1.91 1:1.42
D:2.72 D:3.38 D:2.16 D:2.32 D:1.98 D:2.54
10.43 12.10 9.01 12.50 12.70 12.37
0.20 S:5.82 S:6.40 S:5.32 S:8.32 S:9.08 S:7.84
1:1.97 1.2.38 1:1.61 1. 1.77 1:1.91 1.1.68
D: 2.65 D:3.32 D:2.08 D: 2.40 D:1.71 D:2.84
10.46 11.88 9.25 12.05 12.70 11.64
0.30 S:5.77 S:6.18 S:5.42 S:8.08 S:8.67 S:7.72
1:1.86 1:2.19 1:1.58 1:1.59 1:1.98 1. 1.34
D:2.84 D:3.51 D:2.26 D:2.38 D: 2.05 D:2.59
10.37 12.07 8.92 12.05 12.35 11.85
0.05 S:5.71 S:6.49 S:5.04 S:8.35 S:8.53 S:8.23
’ 1:1.93 1.2.34 1:1.58 1:1.48 1. 1.77 1. 1.29
. D:2.73 D:3.24 D:2.29 D:2.22 D: 2.05 D:2.33
Contiguous 1032 1171 913 1176  12.63 11.38
0.10 S:5.74 S:6.20 S:5.35 S:8.11 S: 8.81 S:7.67
1:1.93 1.2.28 1:1.63 I: 1.51 1:1.98 . 1.21
D:2.65 D:3.23 D:2.16 D:2.25 D:1.84 D:2.50
10.37 11.78 9.18 12.34 12.97 11.94
0.20 S:5.70 S:6.12 S:5.33 S:8.08 S:8.81 S:7.63
1:1.74 1. 2.02 I: 1.50 1:1.64 1:2.12 1.1.34
D:2.94 D:3.63 D:2.34 D: 2.62 D: 2.05 D:2.97
10.26 12.02 8.76 12.58 12.56 12.59
0.30 S:5.70 S:6.43 S:5.07 S:8.48 S:8.67 S:8.36
1:1.70 1. 2.10 1:1.36 1:1.59 1:1.84 1:1.42
D:2.86 D:3.49 D:2.32 D:2.51 D: 2.05 D:2.80
10.25 11.86 8.87 11.99 12.22 11.85
0.40 S:5.64 S:6.16 S:5.20 S:8.16 S:8.81 S:7.76
1:1.83 1.2.28 I:1.44 1:1.43 I:1.64 1.1.29
D:2.78 D:3.42 D:2.23 D:2.40 D:1.77 D:2.80
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Table A.5: Phoneme error rate (%) for the dysarthric-data-only weighted equivalence-prioritized setup across
alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I),
and deletion (D) rates. The best PER in each evaluation scope is underlined. Equiv. denotes evaluation over the
phoneme equivalence set.

Alignment  Agiplee  Overall Dutch English  Equiv. ENequiv. NLequiv.

10.15 11.59 893 1229  12.56 12.11

0.05 S:5.59 S:6.07 S:5.17 S:8.40 S:8.87 S:8.10
: 1.1.73 1:2.05 1.1.45 1:1.53 1.1.84 1:1.34
D:2.84 D:3.47 D:2.31 D:2.35 D:1.84 D: 2.67
Non-blank 1028 1169 9.08 1260 12.76 12.50
0.10 S:5.68 S:6.09 S:5.33 S:8.59 S:8.81 S:8.45
1:1.83 1:2.20 I:1.51 I:1.51 1. 1.77 1:1.34

D:2.77 D: 3.40 D:2.24 D:2.51 D:2.18 D:2.72

10.14 11.84 8.69 12.66  12.49 12.76

0.20 S:5.61 S:6.28 S:5.03 S:8.24 S: 8.60 S:8.02
1.1.78 1:2.14 1.1.47 1:1.69 1:1.91 1:1.55

D:2.75 D:3.41 D:2.19 D:2.72 D:1.98 D:3.19

10.18 1179 879 1213  12.49 11.90

0.30 S:5.58 S:6.22 S:5.03 S:8.22 S:8.94 S:7.76
: 1:1.84 1:2.15 1:1.56 1:1.64 1:1.98 1:1.42
D:2.76 D:3.41 D:2.20 D:2.27 D:1.57 D:2.72

9.98 1151 8.68 11.89  12.49 11.51

0.40 S:5.56 S:6.02 S:5.17 S:7.98 S:8.60 S:7.59
1.1.74 1:2.16 1:1.39 I.1.51 1.1.77 1:1.34

D:2.68 D:3.32 D:2.12 D:2.40 D:2.12 D:2.59

1016 11.84 873 11.94  11.67 12.11

0.05 S:5.60 S:6.34 S:4.98 S:8.22 S:7.99 S:8.36
: 1:1.70 1:1.99 1:1.45 1:1.32 1:1.57 I:1.16

. D:2.86 D:3.50 D:2.31 D:2.40 D:2.12 D:2.59
Contiguous 1021 11.66 8.97 12.07 1242 11.85
0.10 S:5.42 S:5.87 S:5.04 S:7.98 S:8.74 S:7.50
1:1.73 1:2.10 1:1.42 1:1.51 1:1.71 1:1.38

D:3.05 D: 3.69 D:2.51 D:2.59 D:1.98 D:2.97

9.96 11.64 852 11.97 12.08 11.90

0.20 S:5.50 S:6.19 S:4.92 S:8.40 S: 8.67 S:8.23
: 1:1.70 1: 2.05 1:1.39 1:1.32 I:1.71 1: 1.08
D:2.76 D:3.40 D:2.21 D:2.25 D:1.71 D:2.59

1049 11.92 927 1250  13.11 12.11

0.30 S:5.77 S:6.24 S:5.38 S:8.35 S:9.35 S:7.72
1:1.79 I:2.11 I:1.51 1:1.56 1:1.71 1:1.47

D:2.93 D:3.57 D:2.38 D:2.59 D:2.05 D:2.93

9.94 11.39 870 1207  12.42 11.85

0.40 S:5.48 S:5.98 S:5.05 S:8.27 S: 8.46 S:8.15
1:1.79 1:2.13 I:1.51 1:1.40 1:1.91 1: 1.08

D:266 D:3.27 D:214 D:2.40 D:2.05 D:2.63
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Table A.6: Phoneme error rate (%) for the dysarthric-data-only unweighted hierarchical setup across alignment
types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I), and
deletion (D) rates. The best PER in each evaluation scope is underlined. Equiv. denotes evaluation over the
phoneme equivalence set.

Alignment  Ayjpler Overall Dutch English  Equiv. ENequiv. NLequiv.

10.44 1205 9.06 11.89  11.81 11.94

0.05 S:5.83 S:6.49 S:5.27 S:8.14 S:8.60 S:7.84
’ 1:1.83 1:2.29 1:1.44 1:1.29 1:1.37 1.1.25
D:2.78 D:3.27 D:2.36 D:2.46 D:1.84 D:2.84
Non-blank 1029 11.95 887 11.76 1215 11.51
0.10 S:5.76 S:6.39 S:5.23 S:8.22 S:8.87 S:7.80
1:1.85 1:2.24 1:1.51 1:1.37 1:1.43 1:1.34

D:268 D:332 D:213 D:217 D:184 D:2.37

10.26 11.98 879 1210 11.74 12.33

0.20 S:5.73 S:6.32 S:5.22 S: 8.06 S:7.78 S:8.23
1:1.84 1.2.31 1:1.44 I:1.61 1:1.84 1.1.47

D: 2.69 D:3.35 D:2.13 D:2.43 D:2.12 D:2.63

10.11  11.66 879 11.44  11.67 11.29

0.30 S:5.60 S:6.20 S:5.08 S:7.79 S:8.05 S:7.63
’ 1:1.78 1:2.02 1:1.58 1:1.37 1:1.91 1:1.03
D:2.73 D:343 D:213 D:227  D:1.71 D:2.63

10.02 11.63 864 1173 1181 11.68

0.40 S:5.48 S:6.08 S:4.97 S:8.14 S:8.33 S:8.02
1:1.73 1.2.08 1:1.43 1:1.29 I:1.50 I.1.16

D:2.80 D:3.47 D:2.24 D:2.30 D:1.98 D:2.50

1031 1147 931 11.23  11.54 11.21

0.05 S:5.71 S:6.01 S:5.44 S:7.77 S:7.92 S:7.67
’ 1:1.69 1:1.92 1:1.49 I:1.16 1:1.57 1:0.91

. D:2.91 D:3.53 D:2.38 D:2.40 D:2.05 D:2.63
Contiguous 1025 11.65 9.06 11.99  12.42 11.72
0.10 S:5.63 S:6.16 S:5.17 S:8.22 S:9.01 S:7.72
1:1.74 1:2.10 1:1.43 1:1.35 1: 1.50 1:1.25

D: 2.89 D:3.39 D: 2.46 D:2.43 D:1.91 D:2.76

10.42 1200 9.08 11.99  12.22 11.85

0.20 S:5.73 S:6.31 S:5.24 S:7.98 S:8.12 S:7.89
’ 1:1.88 1:2.32 1:1.51 1:1.66 1:1.91 I:1.51
D:2.81 D:3.38 D:2.32 D:2.35 D:2.18 D:2.46

1021 11.73 891 11.99  12.08 11.94

0.30 $:561  $:6.04 $:524  S:808  S:853 S:7.80
1:1.74 1:2.18 1:1.35 I:1.51 1:1.77 1:1.34

D:2.86 D:3.50 D:2.32 D:2.40 D:1.77 D:2.80

10.13 11.65 8.83 1221  12.35 12.11

0.40 S:5.56 S:5.93 S:5.24 S:8.38 S:8.94 S:8.02
1:1.81 1:2.26 1:1.42 1:1.48 I:1.71 1:1.34

D:276 D:3.45 D:217 D:2.35 D:1.71 D:2.76
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Table A.7: Phoneme error rate (%) for the dysarthric-data-only weighted hierarchical setup ver. 1 across
alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I),
and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation
over the phoneme equivalence set.

Alignment  Agiplee  Overall Dutch English  Equiv. ENequiv. NLequiv.

1053 11.90 9.35 1229  12.83 11.94

0.05 S:5.67 S:6.04 S:5.36 S:8.11 S: 8.67 S:7.76
: 1.1.87 1:2.20 1.1.58 1.1.48 1191 I:1.21
D:2.99 D: 3.66 D:2.41 D:2.69 D:2.25 D:2.97
Non-blank 1033 11.78  9.09 1194  12.42 11.64
0.10 S:5.73 S:6.17 S:5.36 S:8.16 S:9.08 S:7.59
1:1.87 1.2.27 1:1.53 1:1.64 1:1.84 I:1.51

D:273 D:334 D:220 D:214  D:150 D:2.54

10.54 1233  9.02  13.00  13.04 12.97

0.20 S:5.90 S:6.69 S:5.22 S:9.01 S:9.08 S:8.97
1.1.87 1.2.27 1:1.53 1:1.69 1.2.12 1:1.42

D:2.77 D:3.37 D:2.26 D:2.30 D:1.84 D:2.59

1024 11.68  9.02 1215  13.04 11.59

0.30 S:5.56 S:6.04 S:5.15 S:8.35 S:9.15 S:7.84
: 1:1.85 1:2.14 1:1.60 1:1.43 1:1.84 I:1.16
D:2.83 D:3.49 D:2.27 D:2.38 D:2.05 D:2.59

1056 1229 9.09 11.99  11.26 12.46

0.40 S:5.87 S:6.58 S:5.26 S:8.19 S:7.85 S: 8.41
1:1.92 1. 2.31 1:1.58 1.1.56 1:1.91 1:1.34

D:2.78 D:3.41 D:2.24 D:2.25 D:1.50 D:2.72

10.90 1234 9.67 12.07 1276 11.64

0.05 S:5.96 S:6.42 S:5.58 S:8.35 S:9.49 S:7.63
: 1:1.96 1:2.26 1:1.69 1:1.59 1:1.84 1:1.42

. D:2.98 D: 3.66 D:2.40 D:2.14 D:1.43 D:2.59
Contiguous 10.89 1252 9.50 1273 13.04 12.54
0.10 S:5.97 S:6.52 S:5.50 S:8.75 S:9.22 S: 8.45
1:1.88 1:2.24 1:1.57 1:1.51 1:1.91 1:1.25

D:3.05 D:3.77 D:2.43 D:2.48 D:1.91 D:2.84

1057 1225 9.4 1239  11.74 12.80

0.20 S:5.67 S:6.27 S:5.17 S:8.43 S:8.19 S:8.58
: 1:1.87 1:2.35 1:1.47 1:1.40 1:1.37 1:1.42
D:3.03 D:3.64 D:2.50 D:2.56 D:2.18 D:2.80

10.46 1201 9.4 11.97  12.63 11.55

0.30 $:579  $:630 $:536  $:832  S:9.15 $:7.80
1:1.89 1:2.35 1: 1.50 1:1.40 1:1.64 1:1.25

D:2.78 D:3.36 D:2.28 D:2.25 D:1.84 D:2.50

10.65 1231 924 1255  12.49 12.59

0.40 S:5.81 S:6.34 S:5.35 S:8.59 S:9.08 S:8.28
1:1.83 1:2.22 1:1.49 1:1.53 1:1.57 I: 1.51

D:3.02 D:3.74 D:241 D:2.43 D:1.84 D:2.80
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Table A.8: Phoneme error rate (%) for the dysarthric-data-only weighted hierarchical setup ver. 2 across

alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I),

and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation
over the phoneme equivalence set.

Alignment Atriplet Overall Dutch English Equiv. ENequiv. NLequiv.
10.38 12.03 897 1226  11.67 12.63
0.05 $:565 S$:631  $:509 S:8.14  S:7.85 S:8.32
: 1.83 1:221 149 1:143 1150 1:1.38
D:290 D:3.50 D:239 D:2.69  D:2.32 D:2.93
Non-blank 1052 12.03 922 1229  12.63 12.07
0.10 S:5.72 S:6.22 S:5.30 S:8.53 S:9.42 S:7.97
1181 214 [154 1145  1:1.43 1:1.47
D:298 D:3.68 D:238 D:230 D:1.77 D:2.63
10.48 12.06 9.3 12.02 1215 11.94
0.20 $:578  $:6.28  $:535  $:830  S:8.67 S:8.06
194 1:239 [155 1153 1150 I:1.55
D:277 D:338 D:224 D:219  D:1.98 D:2.33
10.46 1210 9.06 11.99 11.74 12.16
0.30 S:5.74 S:6.31 S:5.25 S:7.93 S:8.12 S:7.80
: 1189 1:229 1155 T:1.69  T:1.71 I 1.68
D:2.84 D:351 D:227 D:238  D:191 D:2.67
1027 11.60 913 1173  12.42 11.29
0.40 $:565 $:5.93  $:542  $:830  $:9.42 S:7.59
:1.86 1:224 1154 I 151 I 1.71 1:1.38
D:275 D:343 D:2.17 D:1.93  D:1.30 D:2.33
1063 1192 954 12.89  13.17 12.72
0.05 $:596  S:6.27 $:569  S$:9.14  $:9.97 S:8.62
: L1.82 215 154 T:1.24 1143 I 1.12
. D:2.85 D:350 D:231 D:251  D:1.77 D:2.97
Contiguous 1059 12.36 9.08 12.05  11.81 12.20
0.10 $:583  S:644  $:531  S:811  $:8.67 S:7.76
:1.88 1:224 1158 1140  1:1.37 I:1.42
D:2.88 D:3.68 D:2.19 D:254  D:1.77 D:3.02
10.85 1241 952 1273 12.83 12.67
0.20 $:6.02 S:647 $:563  S$:867  $:9.15 S:8.36
: 1.86 1:229 1149 T:1.59  1:1.77 I 1.47
D:2.98 D:3.65 D:240 D:248  D:1.91 D:2.84
10.68 1238 924 1213 1147 12.54
0.30 $:588  S:657  $:529  $:832  $:7.99 S:8.53
190 1:224 161 145 1177 1:1.25
D:290 D:357 D:233 D:235 D:1.71 D:2.76
1045 1196 9.6 1242  12.76 12.20
0.40 $:577  $:637  $:526  $:832  $:9.01 S:7.89
:1.83 L:214 1156 [:1.74  1:1.84 I:1.68
D:2.85 D:345 D:233 D:235 D:1.91 D:2.63
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A.2. FULL RESULTS FOR EXPERIMENTS INCLUDING ADDITIONAL

TYPICAL DATA

A.2.1. MATCHED-SIZE TYPICAL-DYSARTHRIC SCENARIO
This subsection provides the full phoneme error rate results complementing the matched-
size typical-dysarthric results presented in Section 5.2.1.

Table A.9 presents full results for monolingual experiments. Table A.10 presents full
results for the bilingual CTC-only fine-tuning experiments. Table A.11 presents full results
for the contrastive learning with basic sampling strategy experiments. Table A.12 presents
full results for the contrastive learning with equivalence-prioritized strategy experiments.
Table A.13 presents full results for the contrastive learning with hierarchical strategy
experiments.
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Table A.9: Phoneme error rate results for the matched-size typical-dysarthric scenario monolingual contrastive
learning experiments across alignment types and triplet loss weights. Each cell reports PER in bold, followed
by substitution (S), insertion (I), and deletion (D) rates. The best result in each evaluation scope is underlined.
Equiv. PER denotes PER computed over the language-specific phoneme equivalence set.

English Dutch
Alignment  Agjplee  PER  Equiv. PER  PER  Equiv. PER

10.67 15.35 15.22 15.22
S:6.39 S:12.36 S:8.08 S:9.91
1: 2.03 I: 1.77 1: 2.66 I: 1.55
D:2.25 D:1.22 D:4.48 D:3.75

CTC-only baseline

11.02 16.98 15.33 17.16
S:6.63 S:13.72 S:8.19 S:11.21

0.05 1:1.91 1:1.49 1:2.73 1:1.98
D:2.48 D:1.77 D:4.42 D:3.97
Non-blank 11.06 1508 1547 1591
0.10 S:6.49 S:12.23 S:8.08 S:10.09
1:1.92 1:0.95 1:2.91 1.1.72

D:2.65 D:1.90 D:4.48 D:4.09

11.04 14.95 15.23 15.99

0.20 S:6.54 S:12.23 S:8.20 S:10.09
: 1:1.98 1:1.36 1.2.72 1:2.24
D:2.52 D:1.36 D:4.31 D: 3.66

10.92 16.98 15.46 16.34

0.30 S:6.61 S:12.91 S:8.17 S:10.30
: 1:1.97 1: 1.90 1.2.77 1:2.24
D:2.33 D:2.17 D:4.52 D:3.79

11.23 16.98 15.28 15.86

0.40 S:6.74 S:13.59 S:8.23 S:10.17
: 1:1.94 1:1.36 1:2.70 1:1.85
D:2.55 D:2.04 D:4.36 D:3.84

10.96 16.17 15.24 16.03

0.05 S:6.34 S:12.64 S:8.23 S:9.96
: 1:2.17 1:1.63 1: 2.60 1:1.90

. D:2.45 D:1.90 D:4.41 D:4.18
Contiguous 10.96 16.98 15.34 15.73
0.10 S:6.34 S:13.72 S:8.17 S:10.26
: 1:2.17 1:1.22 1:2.84 1:1.81
D:2.45 D:2.04 D:4.33 D: 3.66

10.96 16.85 15.18 15.91

0.20 S:6.44 S:13.32 S:8.29 S:10.56
: 1:2.01 1:1.22 1:2.63 1:1.72
D:2.51 D:2.31 D:4.27 D:3.62

11.16 15.90 15.12 15.65

0.30 S:6.50 S:11.96 S:8.27 S:10.22
: 1:1.94 1:1.36 1:2.70 1:1.85
D:2.71 D:2.58 D:4.15 D:3.58

11.07 16.03 15.44 15.91

0.40 S:6.44 S:12.50 S:8.45 S:10.65

1:2.03 1:1.36 1:2.74 I:1.81
D:2.60 D:2.17 D:4.24 D:3.45
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Table A.10: Phoneme error rate results for the matched-size typical-dysarthric scenario bilingual CTC-only

fine-tuning. Substitution, insertion, and deletion rates are denoted by S, I, and D, respectively.

Evaluation scope PER(%) S (%) I1(%) D (%)
Overall 13.21 7.66 2.09 3.46
Dutch 15.06 8.14 235 4.57
English 11.63 7.24 1.87 2.52
Equivalence phonemes 16.88 11.62 2.11 3.14
English equivalences 18.16 12.76 2.94 2.46
Dutch equivalences 16.08 1091 1.59 3.58
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Table A.11: Phoneme error rate (%) for the matched-size typical-dysarthric scenario basic CL across alignment
types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I), and
deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation

over the phoneme equivalence set.

Alignment /ltriplet Overall Dutch English Equiv. ENequiv. NL equiv.

13.33 15.16 11.76 16.64  18.09 15.73

0.05 S:7.85 S:8.41 S:7.38 S:11.28 S:13.04 S:10.17
: 1.2.12 1:2.40 1:1.88 1.2.17 1.2.87 1:1.72
D:3.35 D:4.36 D: 2.50 D:3.20 D:2.18 D:3.84
Non-blank 13.24 1530 1147 16.41 17.13 15.95

0.10 S:7.84 S:8.42 S:7.34 S:11.60 S:12.83 S:10.82
1:2.08 1:2.31 1:1.88 1:1.88 1:2.59 1:1.42

D:332 D:457 D:225 D:293  D:1.71 D:3.71

13.20 1560 11.14 1675  16.31 17.03

0.20 S:7.68 S:8.55 S:6.93 S:11.44 S:11.95 S:11.12
1.2.13 1.2.47 1:1.84 1.2.17 1.2.25 1:2.11

D:3.39 D:4.58 D:2.37 D:3.14 D:2.12 D:3.79

13.23 1495 1176 16.17  17.88 15.09

0.30 S:7.81 S:8.28 S:7.42 S:11.10 S:12.90 S:9.96
: 1:2.12 1:2.23 1:2.02 I:2.11 1:2.87 1:1.64
D:3.30 D:4.44 D:2.32 D:2.96 D:2.12 D:3.49

13.25 15.26 11.53 16.20  17.13 15.60

0.40 S:7.74 S:8.31 S:7.26 S:11.36 S:12.76 S:10.47
1. 2.09 1:2.42 1.1.81 1:1.85 1.2.32 1:1.55

D:3.41 D:4.53 D:2.45 D:2.99 D: 2.05 D:3.58

13.23 1540 11.38 1625  16.38 16.16

0.05 S:7.83 S:8.64 S:7.13 S:11.41 S:12.15 S:10.95
: 1:2.18 1:2.56 1:1.85 1:1.96 1:2.12 1:1.85

. D:3.23 D:4.20 D:2.40 D:2.88 D:2.12 D:3.36
Contiguous 13.28 1530 11.56 16.17  16.72 15.82

0.10 S:7.90 S: 8.58 S:7.32 S:11.47 S:12.22 S:10.99
1:2.15 1:2.38 1:1.95 1:1.82 1:2.32 I:1.51

D:3.24 D:4.35 D:2.29 D:2.88 D:2.18 D:3.32

13.37 15.38 11.66 16.41 17.20 15.91

0.20 S:7.90 S:8.47 S:7.41 S:11.73 S:12.90 S:10.99
: I:2.11 1:2.29 1:1.95 1:1.64 1:2.18 1:1.29
D:3.37 D:4.62 D:2.30 D:3.04 D:2.12 D:3.62

13.23 1556 11.24  16.91 17.47 16.55

0.30 $:7.68  S:851  S:696 S:11.55  S:12.97 S:10.65
1:2.08 1:2.39 1:1.82 1: 2.06 1:2.25 1:1.94

D:3.47 D: 4.66 D:2.46 D:3.30 D:2.25 D:3.97

13.26 1504 1173 1612  17.41 15.30

0.40 S:7.67 S:8.00 S:7.38 S:10.89 S:12.35 S:9.96
1:2.23 1:2.49 1:2.01 1:2.01 1:2.66 1: 1.59

D:3.36 D:4.55 D:2.35 D:3.22 D:2.39 D:3.75
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Table A.12: Phoneme error rate (%) for the matched-size typical-dysarthric scenario weighted equivalence-
prioritized setup across alignment types and triplet loss weights. Each cell reports PER in bold, followed
by substitution (S), insertion (I), and deletion (D) rates. The best available PER in each evaluation scope is
underlined. Equiv. denotes evaluation over the phoneme equivalence set.

Alignment  Agipler  Overall Dutch English  Equiv. ENequiv. NLequiv.

13.08 1510 11.36 16.51 17.47 15.91
0.05 S:7.66 S:8.44 S:6.99 S:11.65 S:12.83 S:10.91
’ 1:2.12 1.2.32 1:1.95 1.2.17 1:2.73 1.1.81
D:3.30 D:4.34 D:2.41 D:2.69 D:1.91 D:3.19
Non-blank 1331 1550 1143 1598  16.18 15.86
0.10 S:7.67 S:8.38 S:7.07 S:11.07 S:12.01 S:10.47
1: 1.95 1:2.28 1:1.67 1:1.77 1:1.84 1:1.72
D:368 D:485 D:2.69 D:3.14  D:232 D: 3.66
13.48 1533 11.89 16.80  17.61 16.29
0.20 S:7.92 S:8.36 S:7.54 S:11.76 S:12.97 S:10.99
1. 2.11 1.2.37 1:1.90 1:1.90 1:2.39 1:1.59
D:3.45 D:4.60 D: 2.46 D:3.14 D:2.25 D:3.71
13.29 14.88 11.92 1633  18.02 15.26
0.30 S:7.87 S:8.17 S:7.61 S:11.33 S:13.52 S:9.96
’ 1:2.13 1:2.35 1:1.94 1:1.98 1:2.32 1.1.77
D:329 D:436 D:238 D:3.01  D:2.18 D:3.53
13.57 1538 12.02 1675  17.47 16.29
0.40 S:7.85 S:8.26 S:7.50 S:11.41 S:12.15 S:10.95
1.2.16 1.2.55 1:1.83 1.2.14 1:2.59 1.1.85
D:3.55 D:4.57 D: 2.68 D:3.20 D:2.73 D:3.49
13.49 1542 11.85 16.78  18.02 15.99
0.05 S:7.96 S:8.30 S:7.68 S:11.78 S: 14.06 S:10.34
’ 1:2.15 1:2.44 1: 1.90 1:2.03 1:2.46 1:1.77
X D:3.38 D:4.68 D:2.27 D:2.96 D:1.50 D:3.88
Contiguous 13.44 1550 11.68 16.49  17.95 15.56
0.10 S:7.83 S:8.33 S:7.41 S:11.20 S:13.38 S:9.83
1:2.18 1:2.54 1:1.88 1:.2.27 1: 2.66 1:2.03
D:3.42 D:4.63 D:2.39 D:3.01 D:1.91 D:3.71
13.37 1529 11.73 1643  17.54 15.73
0.20 S:7.78 S:8.29 S:7.34 S:11.23 S:13.04 S:10.09
’ 1:2.14 1:2.38 1:1.94 1:1.88 1:2.18 1:1.68
D:3.45 D:4.62 D:2.45 D:3.33 D:2.32 D:3.97
13.41 1540 11.71 16.64  16.86 16.51
0.30 $:7.82  $:826  $:7.43  S:11.76  S:1270  S:11.16
1:2.16 1:2.49 1:1.87 1:1.98 1:2.18 1:1.85
D:3.44 D: 4.65 D:2.41 D:2.91 D:1.98 D:3.49
13.23 1532 11.44 16559  17.00 16.34
0.40 S:7.80 S:8.50 S:7.20 S:11.78 S:12.97 S:11.03
1:2.24 1:2.54 1:1.98 1:2.09 1:2.25 1:1.98

D:3.20 D:429 D:2.26 D:2.72 D:1.77 D:3.32
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Table A.13: Phoneme error rate (%) for the matched-size typical-dysarthric scenario unweighted hierarchical
setup across alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution
(S), insertion (I), and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv.
denotes evaluation over the phoneme equivalence set.

Alignment  Agjpler  Overall Dutch English  Equiv. ENequiv. NLequiv.

13.38 15.41 11.65 17.15  17.68 16.81
0.05 S:7.85 S:8.40 S:7.38 S:12.07 S:13.72 S:11.03
: 1.2.17 1:2.48 1:1.90 1:1.96 1.2.32 1:1.72
D:3.36 D:4.54 D:2.36 D:3.12 D:1.64 D:4.05
Non-blank 13.19 14.84 11.78 1625  17.54 15.43
0.10 S:7.72 S:8.07 S:7.42 S:11.33 S:12.97 S:10.30
209 1235 1187 1196  L253 1:1.59
D:338 D:442 D:249 D:296  D:2.05 D:3.53
1351 1551 11.79 16.86  18.02 16.12
0.20 S:7.91 S:8.52 S:7.39 S:11.57 S:13.11 S:10.60
1:2.29 1:2.65 1:1.99 1:2.25 1:3.00 1.1.77
D:3.30 D:4.34 D:2.41 D:3.04 D:1.91 D:3.75
13.38 1546 11.60 1675  17.13 16.51
0.30 S:7.84 S:8.49 S:7.29 S:11.86 S:13.38 S:10.91
: 1:2.23 1: 2.55 1:1.95 1:1.98 1:2.18 1:1.85
D:3.31 D:4.42 D:2.35 D:2.91 D:1.57 D:3.75
13.19 1522 1146 16.04  16.45 15.78
0.40 S:7.73 S:8.23 S:7.31 S:10.99 S:12.15 S:10.26
I.2.16 1:2.52 1.1.85 1:2.03 1.2.32 1:1.85
D:3.30 D:4.48 D:2.30 D:3.01 D:1.98 D: 3.66
13.22 1520 1152 16.51 17.00 16.21
0.05 S:7.78 S:8.37 S:7.28 S:11.39 S:12.22 S:10.86
: I:2.11 1:2.33 1:1.92 1:1.93 1:2.46 1: 1.59
. D:3.33 D:4.50 D:2.32 D:3.20 D:2.32 D:3.75
Contiguous 13.41 1556 11.57 16.35  16.66 16.16
0.10 S:7.72 S:8.53 S:7.03 S:11.65 S:12.63 S:11.03
1:2.20 1:2.38 1:2.04 1:1.82 1:1.98 1:1.72
D:3.49 D: 4.65 D: 2.50 D:2.88 D: 2.05 D:3.41
13.56 1572 11.72 1678  18.02 15.99
0.20 S:7.79 S:8.49 S:7.20 S:11.36 S:12.90 S:10.39
: 1:2.29 1. 2.70 1:1.93 1.2.22 1:2.94 1. 1.77
D:3.48 D:4.53 D:2.59 D:3.20 D:2.18 D:3.84
13.44 1571 1150 16.80  16.66 16.90
0.30 S:7.89 S:8.55 S:7.31 S:11.76 S:12.35 S:11.38
1:2.25 1: 2.56 1:1.97 1:2.19 1:2.46 1:2.03
D:3.31 D:4.59 D:2.22 D:2.85 D:1.84 D:3.49
13.29 1528 11.59 16.99  17.82 16.47
0.40 S:7.82 S:8.35 S:7.36 S:11.65 S:12.97 S:10.82
1:2.28 1:2.59 1:2.02 1:2.35 1:2.94 1:1.98

D:3.19 D:435 D:2.20 D:2.99 D:1.91 D:3.66
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A.2.2. FULL DYSARTHRIC DATASET WITH ADDITIONAL TYPICAL DATA SCE-

NARIO
This subsection provides the full phoneme error rate results complementing the addi-
tional typical data results presented in Section 5.2.2.

Table A.14 presents full results for monolingual experiments. Table A.15 presents
full results for the bilingual CTC-only fine-tuning experiments. Table A.16 presents full
results for the contrastive learning with basic sampling strategy experiments. Table A.17
presents full results for the contrastive learning with equivalence-prioritized strategy
experiments. Table A.18 presents full results for the contrastive learning with hierarchical
strategy experiments.
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Table A.14: Phoneme error rate results for the additional typical data monolingual contrastive learning experi-
ments across alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S),

insertion (I), and deletion (D) rates. The best result in each evaluation scope is underlined. Equiv. PER denotes

PER computed over the language-specific phoneme equivalence set.

English Dutch
Alignment  Agjplee  PER  Equiv. PER  PER  Equiv. PER
7.58 11.96 10.14 10.22
. S:4.08 S$:8.70 $:5.20 S$:6.38
CTC-only baseline I:1.53 I:1.49 L1.77 :1.29
D: 1.97 D:1.77 D:3.17 D: 2.54
7.84 11.82 9.98 9.87
0.05 S:4.31 S:8.97 S:5.13 S:6.12
I:1.44 1:1.36 1:1.97 I:1.42
D: 2.09 D: 1.49 D:2.88 D:2.33
Non-blank 7.68 10.60  10.21 10.65
0.10 S:4.18 S:7.74 S:5.19 S:6.77
I:1.51 1:1.36 I:1.81 I:1.29
D:1.99 D: 1.49 D:3.21 D: 2.59
7.96 12.64 10.18 10.47
0.20 S:4.39 S:8.83 $:5.33 S:6.72
: 1:1.37 1:1.22 1:1.98 1:1.77
D:2.20 D:2.58 D: 2.86 D:1.98
7.96 12.64 10.26 10.69
0.30 S:4.39 S:8.83 S:5.27 S:6.85
: 1:1.37 1:1.22 1:1.94 I:1.51
D:2.20 D: 2.58 D:3.05 D:2.33
7.88 11.28 10.06 10.39
0.40 S:4.40 S:7.74 S:5.03 S:6.47
: I:1.53 1:1.36 1:1.89 I:1.51
D:1.95 D:2.17 D:3.15 D:2.41
7.77 12.09 10.06 10.39
0.05 S:4.25 S:8.83 S:5.03 S:6.47
: I:1.53 L:1.22 1:1.89 I:1.51
] D: 1.99 D:2.04 D:3.15 D:2.41
Contiguous 7.80 11.82 9.97 10.78
0.10 S:4.30 S:8.15 $:5.23 S:6.90
: I:1.51 1:1.63 1:1.79 I:1.47
D: 1.99 D:2.04 D:2.94 D:2.41
7.84 11.96 9.77 9.87
0.20 S:4.36 S:8.15 S:5.10 S:6.16
: I: 1.50 1:1.63 1:1.85 I:1.38
D: 1.99 D:2.17 D:2.82 D:2.33
7.84 10.73 10.15 11.34
0.30 S:4.22 S:7.47 S:5.31 S:6.94
: I:1.55 I:1.22 1:1.68 I:1.51
D:2.08 D:2.04 D:3.15 D:2.89
7.99 12.09 10.50 11.08
0.40 S:4.38 S:8.15 S:5.40 S:7.03
: I:1.67 1:1.77 1:1.80 I:1.16
D:1.94 D:2.17 D:3.29 D: 2.89
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Table A.15: Phoneme error rate results for the additional typical data bilingual CTC-only fine-tuning. Substitu-

tion, insertion, and deletion rates are denoted by S, I, and D, respectively.

Evaluation scope PER (%) S %) I1(%) D (%)
Overall 8.67 490 147 2.30
Dutch 10.30 549 1.67 3.13
English 729 439 130 1.60
Equivalence phonemes 10.81 713 1.32 2.35
English equivalences 10.03 7.17 1.30 1.57
Dutch equivalences 1129 711 134 2.84
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Table A.16: Phoneme error rate (%) for the additional typical data scenario basic CL across alignment types
and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion
(D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation over the
phoneme equivalence set.

Alignment  Ayjpler Overall Dutch English  Equiv. ENequiv. NLequiv.

870 1027 7.37 10.67  10.24 10.95

0.05 S:4.89 S:5.47 S:4.39 S:7.32 S:7.24 S:7.37
’ 1:1.59 1:1.79 1:1.42 1:1.29 I:1.50 I.1.16
D:2.23 D:3.01 D:1.56 D:2.06 D:1.50 D:2.41
Non-blank 871 1024 741 11.04 1038 11.47
0.10 S:4.83 S:5.34 S:4.39 S:7.29 S:7.17 S:7.37
I: 1.55 1:1.80 1:1.33 1:1.37 1:1.43 1:1.34

D:233 D:3.09 D:1.69 D:238 D:1.77 D:2.76

883 1025 7.61 10.89  10.65 11.03

0.20 S:5.02 S:5.65 S:4.48 S:7.53 S:7.71 S:7.41
1:1.51 1.1.70 1:1.35 1:1.32 1:1.37 1:1.29

D:2.30 D:2.90 D:1.78 D:2.03 D:1.57 D:2.33

878 10.18 7.58 10.89  10.85 10.91

0.30 S:4.97 S:5.51 S:4.51 S:7.37 S:7.85 S:7.07
’ 1:1.53 I:1.71 1:1.37 1:1.24 1:1.37 I:1.16
D:2.29 D:2.97 D:1.71 D:2.27 D:1.64 D:2.67

874 1034 737 1073 1017 11.08

0.40 S:4.84 S:5.47 S:4.31 S:6.74 S:6.69 S:6.77
1:1.43 I.1.61 1:1.28 1:1.32 I.1.57 I.1.16

D: 2.46 D:3.26 D:1.78 D: 2.67 D:1.91 D:3.15

879 10.26 7.53 10.89  10.58 11.08

0.05 S:4.98 S:5.51 S:4.52 S:7.45 S:7.24 S:7.59
’ 1:1.48 1: 1.70 1:1.30 1:1.48 1. 1.77 1:1.29

. D:2.33 D:3.06 D:1.71 D:1.96 D:1.57 D:2.20
Contiguous 8.88 1052 7.8 1044  9.69 10.91
0.10 S:4.92 S:5.50 S:4.43 S:6.95 S:6.62 S:7.16
1:1.49 1:1.70 1:1.32 1:1.37 1:1.57 1:1.25

D:2.47 D:3.32 D:1.74 D:2.11 D:1.50 D:2.50

896 10.66 7.50 10.78 9.90 11.34

0.20 S:4.96 S:5.62 S:4.39 S:7.08 S:6.83 S:7.24
’ 1:1.54 1:1.79 1:1.33 1:1.45 I:1.71 1:1.29
D:2.46 D:3.26 D:1.78 D:2.25 D:1.37 D:2.80

880 10.24 7.57 1078  10.65 10.86

0.30 S:5.01 S:5.60 S:4.50 S:7.66 S:7.58 S:7.72
1:1.46 1:1.68 1:1.28 1:1.14 1:1.23 1:1.08

D:2.33 D:2.95 D:1.80 D:1.98 D:1.84 D:2.07

886 10.49 7.47 1091  10.03 11.47

0.40 S:4.96 S:5.58 S:4.43 S:7.24 S:6.69 S:7.59
I: 1.51 1:1.70 1:1.34 I: 1.51 1:1.64 1:1.42

D:239 D:321 D:1.70 D:2.17 D:1.71 D: 2.46
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Table A.17: Phoneme error rate (%) for the additional typical data scenario weighted equivalence-prioritized
setup across alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution
(S), insertion (I), and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv.
denotes evaluation over the phoneme equivalence set.

Alignment  Agiplee  Overall Dutch English  Equiv. ENequiv. NLequiv.

857 992 742 1030  10.58 10.13

0.05 S:4.90 S:5.50 S:4.39 S:7.13 S:7.78 S:6.72
: I.1.41 1:1.55 1:1.30 1.1.27 1.1.57 1:1.08
D:2.26 D:2.88 D:1.73 D:1.90 D:1.23 D:2.33
Non-blank 898 1053 7.66 10.65 9.76 11.21
0.10 S:4.99 S:5.54 S:4.52 S:7.03 S:6.69 S:7.24
1:1.65 1:1.94 1:1.41 1:1.72 1. 1.77 1:1.68

D:233 D:3.05 D:1.72 D:1.90 D:1.30 D:2.28

892 1031 7.73 11.04 10.78 11.21

0.20 S:5.00 S:5.52 S:4.56 S:7.40 S:7.51 S:7.33
1:1.43 1:1.60 1:1.28 1:1.32 1:1.43 1:1.25

D:2.49 D:3.19 D:1.89 D:2.32 D:1.84 D:2.63

886 1052 7.45 10.86 10.24 11.25

0.30 S:4.97 S:5.54 S:4.48 S:7.50 S:7.44 S:7.54
: 1:1.57 1:1.81 1:1.37 I:1.11 I:1.16 1: 1.08
D:2.32 D:3.17 D: 1.60 D:2.25 D:1.64 D:2.63

878 1042 7.38 11.12  10.31 11.64

0.40 S:4.95 S:5.69 S:4.32 S:7.42 S:7.30 S:7.50
I:1.51 1:1.70 1.1.35 1.1.40 1. 1.50 1:1.34

D:2.32 D:3.03 D:1.71 D:2.30 D:1.50 D: 2.80

869 1024 7.36 10.36 9.62 10.82

0.05 S:4.89 S:5.50 S:4.37 S:7.16 S:6.62 S:7.50
: 1:1.46 1:1.61 1:1.32 1:1.14 1:1.43 1: 0.95

. D:2.34 D:3.12 D:1.67 D: 2.06 D:1.57 D:2.37
Contiguous 879 1020 7.59 1059  10.03 10.95
0.10 S:4.93 S:5.39 S:4.54 S:7.08 S:6.96 S:7.16
1:1.53 1:1.78 1:1.32 1:1.32 1:1.37 1:1.29

D:2.33 D:3.03 D:1.73 D:2.19 D:1.71 D: 2.50

878 10.04 770 10.44  10.72 10.26

0.20 S:5.00 S:5.46 S:4.60 S:7.45 S:7.51 S:7.41
: 1:1.62 1:1.76 1: 1.50 1:1.29 I:1.71 1: 1.03
D:2.16 D:2.82 D:1.60 D:1.69 D:1.50 D:1.81

895 1057 7.57 1115  10.85 11.34

0.30 S:4.97 S:5.60 S:4.43 S:7.40 S:7.30 S:7.46
1:1.54 1:1.83 1:1.30 1:1.72 1:1.98 I: 1.55

D:2.44 D:3.15 D:1.85 D:2.03 D:1.57 D:2.33

858 1009 7.29 1091  10.78 10.99

0.40 S:4.82 S:5.45 S:4.28 S:7.34 S:7.51 S:7.24
1:1.53 1:1.78 1:1.32 1:1.37 I:1.71 I: 1.16

D:223 D:285 D:1.70 D:2.19 D: 1.57 D:2.59
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Table A.18: Phoneme error rate (%) for the additional typical data scenario unweighted hierarchical setup across

alignment types and triplet loss weights. Each cell reports PER in bold, followed by substitution (S), insertion (I),

and deletion (D) rates. The best available PER in each evaluation scope is underlined. Equiv. denotes evaluation
over the phoneme equivalence set.

Alignment Atriplet Overall Dutch English Equiv. ENequiv. NLequiv.
868 1039 7.22 10.25 9.49 9.49
0.05 S:484  S:544  $:432  S:6.84  S:6.76 S:6.76
: 156 1:1.82 1133 1135  1:1.43 I:1.43
D:228 D:3.13 D:156 D:2.06  D:1.30 D: 1.30
Non-blank 891 1043 7.61 1075  10.24 11.08
0.10 S:4.93 S:5.50 S:4.44 S:7.27 S:7.30 S:7.24
162 1191 138 119  1:1.23 1:1.16
D:236 D:3.03 D:179 D:230 D:1.71 D:2.67
875 1018 7.52 1049  10.10 10.73
0.20 S:475  S$:522  $:435  $:692  S:7.51 S:6.55
149 172 [130 1129 1:1.30 I:1.29
D:250 D:325 D:1.86 D:227  D:1.30 D: 2.89
862 996 747 10.36 9.56 10.86
0.30 S:4.79 S:5.33 S:4.32 S:6.95 S:6.76 S:7.07
: 162 1179 1148 T:145 1157 I:1.38
D:221 D:283 D:1.67 D:196  D:1.23 D:2.41
881 1030 754 10.59  10.03 10.95
0.40 S:490 S:547  S:442  $:7.00  S:6.69 $:7.20
154 1178 133 1124  1:1.23 1:1.25
D:237 D:3.05 D:1.79 D:235  D:2.12 D: 2.50
864 10.06 7.43  10.65 9.22 11.55
0.05 S:476  S:5.29  $:430  S$:6.90  S:6.14 $:7.37
: 1159 1179 1143 T:1.56  I:1.64 I 151
. D:229 D:298 D:1.71 D:219  D:143 D:2.67
Contiguous 873 1012 7.54 1036  10.44 10.30
0.10 S:484  S:530 S:445  S:6.84  S:7.24 S:6.59
154 175 135 11129 1:1.30 1:1.29
D:236 D:3.07 D:174 D:222  D:191 D:2.41
889 1033 7.66 11.10 10.44 11.51
0.20 $:501  S:5.68  S:443  S$:7.53  $:6.89 $:7.93
: 153 167 [L141 T:1.29 1157 I 1.12
D:236 D:298 D:1.82 D:227  D:1.98 D: 2.46
861 994 746  10.09 9.90 10.22
0.30 S:482  S:523  S:446  $:6.82  $:7.03 S:6.68
150 175 130 1140 1130 I 1.47
D:228 D:297 D:1.70 D:1.88  D:157 D:2.07
869 10.23 7.38 1059  10.58 10.60
0.40 S:489  S:543  S:442  S:7.16  $:7.58 $:6.90
1147 L1701 1126 T:1.24 1137 I:1.16
D:234 D:3.09 D:1.70 D:219  D:1.64 D:2.54
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APPENDIX

A.3. RESULTS FOR EXPERIMENTS USING DYNAMIC ALIGNMENTS

This section provides the phoneme error rate results for the dynamic-alignment experi-
ments described in Section 3.2.

Table A.19: Phoneme error rate (%) for dysarthric-data-only equivalence-prioritized strategy bilingual experi-
ments using dynamic alignments. Each cell reports PER in bold, followed by substitution (S), insertion (I), and
deletion (D) rates. Equiv. denotes evaluation over the phoneme equivalence set.

Alignment Atriplet Overall Dutch English Equiv. ENequiv. NLequiv.
10.35 11.82 9.09 12.02 12.83 11.51
0.05 S:5.71 S:6.16 S:5.33 S: 8.06 S:9.08 S:7.41
1:1.80 1. 2.20 I:1.46 I:1.29 I:1.71 1. 1.03
D:2.84 D:3.47 D:2.31 D: 2.67 D: 2.05 D: 3.06
Non-blank 10.99 1250 971 1276  13.24 12.46
0.10 S:5.99 S: 6.46 S:5.58 S:8.45 S:9.56 S:7.76
1:1.97 1.2.38 1:1.61 1:1.64 1:1.98 1:1.42
D:3.04 D:3.65 D:2.52 D: 2.67 D:1.71 D:3.28
10.78 12.34 9.45 12.68 13.04 12.46
0.20 S:5.90 S:6.43 S:5.45 S: 8.56 S:9.69 S:7.84
1:1.81 1. 2.07 1:1.60 I: 1.40 I.1.71 I.1.21
D: 3.06 D:3.84 D:2.40 D:2.72 D:1.64 D:3.41
10.20 11.84 8.79 12.39 12.56 12.28
0.30 S:5.71 S:6.31 S:5.19 S:8.38 S:8.87 S: 8.06
1:1.72 1. 2.08 1:1.42 1:1.72 1:1.98 1. 1.55
D:2.77 D:3.45 D:2.19 D:2.30 D:1.71 D:2.67
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Table A.20: Phoneme error rate (%) for dysarthric-data-only hierarchical strategy bilingual experiments using
dynamic alignments. Each cell reports PER in bold, followed by substitution (S), insertion (I), and deletion (D)
rates. Equiv. denotes evaluation over the phoneme equivalence set.

Alignment  Ayjpler Overall Dutch English Equiv. ENequiv. NLequiv.

1045 1211  9.03 12.60  11.95 13.02

0.05 S:5.77 S:6.28 S:5.33 S:8.19 S:8.40 S: 8.06
’ 1:1.82 1:2.22 1:1.48 1:1.72 1:1.64 1. 1.77
D: 2.86 D:3.62 D:2.22 D:2.69 D:1.91 D:3.19
Non-blank 10.83 1235 954 12.68  13.04 12.46
0.10 $:597  S:644  $:556  $:8.67  S:9.22 $:8.32
1.1.97 1:2.35 1.1.65 1.1.74 1:2.18 1. 1.47

D:2.89 D:3.56 D:2.32 D:2.27 D:1.64 D:2.67

11.05 12.84 953 1276  12.22 13.10

0.20 S:6.13 S:6.83 S:5.52 S:8.59 S:8.53 S:8.62
1:1.96 1:2.32 1: 1.65 1:1.69 1:1.98 I:1.51

D: 2.96 D:3.68 D:2.35 D:2.48 D:1.71 D:2.97

10.64 1226 925 11.86 1229 11.59

0.30 S:5.96 S:6.61 S:5.40 S:8.16 S:8.81 S:7.76
185 1:220 ©:155 1:135 1164 :1.16

D:283 D:344 D:230 D:235 D:1.84 D:2.67
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