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ABSTRACT

Automatic speech recognition systems achieve near-human performance under standard
conditions but perform poorly on dysarthric speech due to high acoustic variability resulting
from neuromotor impairment. While speaker-specific adaptation can improve performance,
limited training data restricts conventional learning approaches. Contrastive learning offers
a promising alternative by encouraging more discriminative phoneme representations
from limited data, but its effectiveness depends strongly on how negative examples are
selected. This thesis investigates whether personalized contrastive learning can improve
Dutch dysarthric phoneme recognition.

A Whisper-based encoder-DNN-CTC model is extended with a triplet-loss objective to
improve phoneme-level discrimination. Four negative sampling strategies are compared:
randomly selected, phonologically motivated, and two empirically derived from the model’s
own prediction errors, one estimated on the training set and one via cross-validation. Each
is evaluated under two training regimes: contrastive fine-tuning of a pretrained model and
training from scratch.

All contrastive approaches significantly outperform a CTC-only baseline. The strongest
results are obtained with phonologically motivated and cross-validation-based empirical
negatives when training from scratch, yielding up to a 10.7% relative reduction in phoneme
error rate. Under fine-tuning, differences between sampling strategies are negligible. In
contrast, when trained from scratch, the phonological and cross-validation-based empirical
strategies significantly outperform randomly selected and training-set-based empirical
negatives.

These findings suggest that, for this speaker, contrastive learning for dysarthric speech
benefits from phonologically informed or empirically derived negative pairs rather than
random selection. A practical trade-off emerges between the two strongest strategies:
phonologically motivated sampling requires no speaker-specific preprocessing and is im-
mediately applicable to new speakers, but generates a large number of triplets and is
computationally expensive at training time. Cross-validation-based empirical sampling
requires building a speaker-specific confusion matrix upfront, but produces fewer, more
targeted triplets and trains more efficiently. Given comparable performance, the choice
between them reduces to whether preprocessing overhead or training-time resources are
the limiting constraint.

Index Terms: automatic speech recognition, dysarthria, contrastive learning, phoneme
recognition
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INTRODUCTION

1.1 MOTIVATION

Automatic Speech Recognition (ASR) has undergone a significant transformation in recent
years. Modern end-to-end neural systems can transcribe continuous speech with near-
human performance across many languages, including Dutch [1, 2]. These advances
have enabled widespread adoption in applications such as virtual assistants, automated
captioning, and accessibility technologies. Yet these improvements have not benefited
all speakers equally. State-of-the-art ASR systems are trained primarily on speech from
neurologically healthy speakers under controlled or semi-controlled conditions. As a result,
performance often drops sharply when these systems are applied to speech that deviates
from these patterns [3, 4]. This includes atypical speech, which refers to speech affected by
linguistic, physiological, developmental, or neuromotor variation [5]. For such speakers,
error rates often reach levels that make current systems impractical for everyday use cases
such as dictation or voice control [6].

Among the populations affected by this performance gap, speakers with dysarthria
face significant challenges and stand to benefit greatly from reliable ASR technology [7, 8].
Dysarthria is a motor speech disorder caused by neurological damage and is characterized
by impaired articulation, reduced respiratory control and high acoustic variability [9].
Because dysarthria is a neuromotor disorder that often co-occurs with broader physical
mobility impairments, affected individuals may find using a keyboard or touchscreen
challenging. In this context, voice-driven interfaces are not simply convenient, they are
essential for enabling independence and ensuring digital accessibility [8]. Reliable ASR
systems could support communication, device control and daily digital interaction for these
users.

Despite this need, the performance of ASR systems on dysarthric speech remains
inadequate. While modern systems achieve word error rates (WER) below 5% on standard
benchmarks of typical speech, performance degrades substantially in Dysarthric Speech
Recognition (DSR), with reported error rates frequently exceeding 30% [6]. For speakers
with severe dysarthria, error rates can reach 80-90% [6, 10], making such systems impractical
for real use.
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The primary issue is the mismatch between training data and target speech. The
same characteristics that make dysarthric speech difficult to produce, including irregular
articulation, reduced intelligibility, and atypical speech rhythm and intonation, also make
it difficult for standard ASR models to recognize. In addition, dysarthric speech varies
substantially across speakers. A model that works well for one speaker may therefore
perform poorly for another, which is why adapting models to individual speakers is
necessary [6, 11].

Previous studies have reported that adapting models to individual speakers improves
recognition accuracy, as such systems better capture speaker-specific acoustic and artic-
ulatory patterns [12-14]. However, such approaches rely on personalized training data,
which limits their scalability and practical deployment.

Collecting dysarthric speech data is physically demanding for speakers and often results
in only a few hours of available training material [15]. When high-capacity models are
fine-tuned on such small datasets using standard training objectives, they tend to overfit.
Instead of learning generalizable patterns, the models memorize the training data and fail
to perform well on unseen utterances.

This motivates training objectives that can extract more discriminative information from
small speaker-specific datasets without requiring additional annotated data. Contrastive
learning has emerged as a promising methodology for this purpose. Unlike standard super-
vised training, which attempts to map acoustic inputs directly to text labels, contrastive
frameworks incorporate a discriminative objective operating in the model’s latent embed-
ding space. The core mechanism trains the network to pull "positive" pairs (acoustically or
phonetically similar representations) closer together while explicitly pushing "negative"
pairs (dissimilar representations) apart. Recent research has explored the use of contrastive
learning for DSR and reported improvements in the robustness and discriminability of
learned speech representations [16, 17].

However, the effectiveness of contrastive learning depends strongly on how negative
examples are selected. Existing methods commonly rely on either random negative sam-
pling [16] or phonological sampling [17]. In random sampling, negative examples are
chosen arbitrarily from other phoneme classes. This is often sufficient for typical speech,
where phoneme categories are well separated and even arbitrary negatives provide a useful
training signal.

For dysarthric speech, however, this assumption is weaker. Dysarthric speech is charac-
terized by speaker-dependent misarticulations caused by neuromotor impairments [9, 18].
These errors are not arbitrary deviations, but recurring phonetic confusions linked to spe-
cific articulatory difficulties. Random sampling may therefore frequently select phoneme
pairs that are already easily distinguishable for the speaker, while missing the contrasts
that consistently break down.

Some approaches address this by using phonetic similarity measures to select harder
negative examples [17]. These methods are more linguistically motivated because they
prioritize phonemes that are close in articulatory or acoustic space and therefore more
difficult to distinguish. However, they assume that phonetic proximity is determined
by shared articulatory structure across all speakers, and do not account for the specific
motor impairments that shape confusion patterns in dysarthric speech. In dysarthria,
confusion patterns are shaped by the speaker’s neuromotor impairment [9, 18], meaning
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that a similarity measure grounded in universal articulatory features may be systematically
misaligned with the speaker’s actual error distribution. For example, a speaker with reduced
tongue tip control may consistently confuse /t/ and /s/ not because these phonemes are
universally close in articulatory space, but because the speaker’s motor limitations make
this particular contrast difficult to maintain. Whether such speaker-specific confusions
provide a stronger training signal than articulatory similarity remains an open question.

This motivates the central hypothesis of this thesis: if DSR is inherently personalized,
then the contrastive learning signal should also be personalized. Rather than selecting
negative examples based on generic phonological similarity or random sampling, negative
examples should reflect the specific phoneme contrasts that are difficult for an individual
speaker.

This thesis proposes a personalized error-informed contrastive learning framework for
Dutch DSR.! A speaker-specific phoneme confusion matrix, constructed from the model’s
prediction errors at the phoneme level, is used to identify contrasts that are repeatedly
misclassified by the model. These empirically observed confusions are then incorporated
into the contrastive objective through hard negative sampling, encouraging the model to
learn more discriminative representations at precisely those boundaries where recognition
€ITors occur.

1.2 RESEARCH QUESTIONS

The primary aim of this research is to improve phoneme recognition for Dutch dysarthric
speech through personalized error-informed contrastive learning. The framework is studied
along two experimental dimensions: (i) negative sampling strategy, comparing speaker-
specific confusion-based sampling with random and phonologically motivated alternatives
(RQ3, RO4), and (ii) training integration, comparing contrastive training from scratch
with contrastive fine-tuning of a pretrained Connectionist Temporal Classification (CTC)
model [19] (RQ2). Together, these are evaluated against a CTC-only baseline (RQ1) using
an encoder-based acoustic model with a CTC objective.
The main research question is:

« Main RQ: To what extent can error-informed contrastive representation learning
improve phoneme recognition performance for Dutch dysarthric speech?

To answer this question, four sub-questions explore architectural and experimental
choices.

« RQ 1 (Effectiveness): To what extent does integrating a joint CTC and contrastive
triplet loss lower Phoneme Error Rate (PER) compared to a CTC-only baseline?

« RQ 2 (Initialization strategy): How does model initialization affect performance:
joint training from scratch versus contrastive fine-tuning of a pretrained CTC-based
model?

« RQ 3 (Negative sampling strategy): How does the choice of negative sampling
strategy affect phoneme recognition performance? Specifically, how do error-informed

The code is available at github.com/begumkoc/contrastive-dsr.
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negatives derived from speaker-specific confusions compare to random and phono-
logical sampling?

« RQ 4 (Confusion matrix construction): How does the method used to construct
the confusion matrix affect overall recognition performance? Specifically, how do (i)
the empirical training set approach, where confusions are derived from predictions
on the training set, and (ii) the empirical cross-validation approach, where predictions
are made on held-out data, differ in their impact on negative sampling and model
performance?

1.3 OUTLINE

The remainder of this thesis is structured as follows. Chapter 2 provides the background,
covering speech recognition, dysarthric speech, and contrastive learning. Chapter 3
presents the proposed method, including the baseline model, the construction of speaker-
specific error statistics used to guide contrastive learning, and the formulation of the
training pipeline. Importantly, the method explores two key design choices: how er-
ror statistics are estimated and how the contrastive objective is integrated into training.
Chapter 4 describes the experimental setup, including the dataset, preprocessing, training
configurations, and evaluation metrics. Chapter 5 presents the experimental results across
all conditions, including baseline CTC performance, the effect of contrastive training under
both initialization conditions, per-strategy comparisons across the four negative sampling
approaches, phoneme-level error analysis, and bootstrap significance testing of key pair-
wise differences. Chapter 6 interprets the findings in relation to the research questions
and prior work, while also addressing limitations and broader implications. Chapter 7
concludes the thesis and outlines future directions.



BACKGROUND

This chapter introduces the technical concepts underlying this thesis. It begins with the fun-
damentals of speech and phonemes, then explains how speech is modeled computationally
in ASR systems, and finally covers dysarthric speech and its challenges for recognition.

2.1 FUNDAMENTALS OF SPEECH

Understanding how speech is structured at the phonetic and articulatory level helps in
designing systems that can model and recognize it accurately. This section introduces
phonemes, describes how they are organized in articulatory space, and explains how
phoneme confusions arise.

2.1.1 WHAT 1s A PHONEME?

Human speech is made up of discrete acoustic units called phonemes, which are the building
blocks of spoken language. While a word represents a semantic concept, its phonetic
transcription specifies the sequence of sounds required to produce it [20]. To standardize
the transcription of these sounds across languages, linguists use the International Phonetic
Alphabet (IPA), where each symbol represents a distinct articulatory gesture [21]. For
example, the English word "cat" consists of three phonemes: /k/, /z/, and /t/.

Phonemes are abstract categories representing the sound a speaker intends to produce.
The actual physical realization of a phoneme, meaning how it sounds in practice, is referred
to as a "phone". This distinction matters for acoustic modeling, since ASR systems operate
on the continuous acoustic signal rather than the intended phoneme [20].

Phonemes can be described along articulatory dimensions. Consonants, which involve
constricting airflow, are defined by three main features:

+ Voicing: Whether the vocal folds vibrate during production (e.g., the voiced /z/
versus the voiceless /s/).

« Place of articulation: Where in the vocal tract airflow is constricted, ranging from
the lips (bilabial sounds like /p/) to the throat (like /h/).
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« Manner of articulation: How the airflow is manipulated, such as through com-
plete closure and sudden release (plosives like /t/) or continuous turbulent airflow

(fricatives like /7).

Vowels are produced with a relatively open vocal tract and are defined by:

« Height and backness: The vertical and horizontal position of the tongue (e.g., /i/ is
a high front vowel, /a/ is a low back vowel).

« Duration and tenseness: The temporal length and muscular effort involved in
production.

While these dimensions are universal, languages differ in how they use them. Dutch has
approximately 40-50 phonemes, depending on whether loanwords from other languages
are included [22]. In Dutch, for instance, both vowel duration and spectral shape together
distinguish otherwise identical words, such as the short /a/ in man versus the long /a:/ in
maan.

2.1.2 THE PHONETIC FEATURE SPACE
The phonetic inventory can be viewed as a multidimensional feature space where each
phoneme occupies a position defined by its articulatory features. Phonemes that differ by
only a single feature, such as the Dutch /p/ and /b/ which share the same place and manner
of articulation but differ only in voicing, are near neighbors in this space.

In typical speech, the acoustic differences between such neighbors are consistent and
clear. Speakers reliably produce the articulatory gestures that separate one phoneme from
another, so ASR systems can learn to distinguish them from data.

2.1.3 PHONEME CONFUSIONS AND CONFUSION MATRICES

A phoneme confusion occurs when a phoneme is misrecognized as another. A confu-
sion matrix captures this structure: it is a square matrix where rows represent reference
phonemes, columns represent predicted phonemes, and each entry records the frequency
with which a given reference was predicted as a specific output. Off-diagonal entries reveal
systematic confusions.

Confusion matrices have been used in ASR research to analyze error patterns and
identify which phoneme contrasts are most difficult for a system [23, 24]. In dysarthric
speech, such analyses show that misclassifications cluster around phoneme pairs that
reflect each speaker’s specific motor impairment [25, 26], making confusion matrices a
useful tool for identifying which contrasts break down for a given speaker.

2.2 AUTOMATIC SPEECH RECOGNITION
Having established the role of phonemes, this section examines how speech is modeled
computationally.

ASR is the process of converting a continuous acoustic signal into a sequence of
discrete linguistic units, such as phonemes or words. This task is inherently challenging
due to variability in speech caused by differences between speakers, recording devices, and
background noise [27].
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2.2.1 FEATURE EXTRACTION AND FOUNDATION MODELS

Before processing speech, an ASR model first transforms the raw audio waveform into a
compact numerical representation. Most modern systems use a Log-Mel spectrogram [28]: a
two-dimensional matrix where one axis represents time and the other represents frequency,
warped to the Mel scale to approximate human auditory perception [29].

Historically, ASR systems used pipelines consisting of three separate components:
an acoustic model (typically Hidden Markov Models combined with Gaussian Mixture
Models, HMM-GMM), a pronunciation lexicon mapping words to phonemes, and an n-gram
language model for predicting word sequences [27, 30]. While effective, these systems
required significant domain expertise to build and carefully tune.

Modern ASR has shifted toward end-to-end architectures, which replace this pipeline
with a single neural model that maps acoustic features directly to output sequences [1].
These models learn robust representations from large amounts of data, removing the need
for handcrafted intermediate components, and achieve strong performance across many
tasks [31].

Transformer architectures have become the most widely used approach in ASR, as they
can model long-range dependencies in speech using self-attention mechanisms [32]. A
prominent example is Whisper, a large-scale supervised model trained on approximately
680,000 hours of multilingual speech data [2]. It uses an encoder-decoder architecture:
the encoder converts Log-Mel spectrograms into speech representations, and the auto-
regressive decoder generates output tokens sequentially. In this thesis, only the Whisper
encoder is used, with the decoder replaced by a CTC head. This avoids a known issue with
auto-regressive decoders, which tend to favor linguistically probable outputs and can mask
real pronunciation errors when the input deviates from typical speech [33].

Despite strong performance on typical speech, such models face challenges when
applied to dysarthric speech, since the encoder’s representations are optimized for typical
articulatory patterns [34, 35].

2.2.2 TRANSFER LEARNING

Transfer learning is the practice of initializing a model with weights learned on a large
source task and then adapting it to a smaller target task [36]. In ASR, the idea is that the
lower layers of a foundation model have already learned general acoustic features, such as
pitch and voicing, that transfer usefully across domains [37]. The higher layers, which are
more specific to the source data, can then be fine-tuned to adapt to the target domain [38].

This approach is particularly valuable for DSR, where data scarcity makes training from
scratch impractical [12]. A key risk during fine-tuning is catastrophic forgetting, where the
model overwrites useful pretrained knowledge while adapting to new data [39]. Common
strategies to mitigate this include using lower learning rates for the pretrained encoder
than for the newly added classifier, or gradually unfreezing layers during training [40].
This distinction between fine-tuning a pretrained model and training from a random
initialization directly motivates the comparison between initialization conditions examined
in RQ2 (see Section 1.2).
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2.2.3 CTC AND FORCED ALIGNMENT

Training a sequence model requires knowing how input frames align with output labels.
For speech recognition, this means knowing which segments of audio correspond to which
phoneme in the transcript. Obtaining such frame-level alignments by hand is extremely
time-consuming, while automatic alignment requires an existing model, creating a circular
dependency. CTC resolves this by marginalizing over all possible alignments during
training, requiring only the input-output sequence pair and no frame-level labels.

CTC optimizes the network to predict a probability distribution over all possible valid
alignments [19]. To achieve this, it introduces a "blank" token (€), representing the absence
of a phoneme. The network’s vocabulary V is extended to V/ = V u{e}. At each time step
t, the network outputs a probability distribution over V’.

A path 7 is a sequence of tokens of length T, where a token is a single element from
V’ chosen at each time step. The probability of a specific path is computed assuming each
time step is independent:

T
P(xix) =] Iy, (2.1)
t=1
Because multiple paths can represent the same transcription (e.g., "a-a-b", "a-e-b", and
"e-a-b" all collapse into "a-b" via a mapping function ), the total probability of the target
sequence Y is the sum of all valid paths:

P(Y|IX)= >, P(nlX) (2.2)

reBI(Y)

The CTC loss is the negative log-likelihood of this target sequence probability (—log P(Y|X)).
Minimizing this loss allows the network to implicitly align the sequences.

CTC forced alignment extends this by using the Viterbi algorithm to find the single
most probable alignment path for a given transcript [41]. Unlike standard CTC, which
sums over all valid paths, forced alignment constrains the search to paths that exactly
match the target sequence, enabling precise identification of phoneme boundaries. In this
work, forced alignment is applied dynamically during training: at each training step, the
current model’s frame-level CTC probabilities are used to recompute phoneme boundaries,
ensuring that the boundaries stay accurate as the model’s representations change during
fine-tuning.

2.2.4 WHY PHONEME-LEVEL RECOGNITION?
Most commercial ASR systems map acoustic input directly to words, relying on language
models to predict likely outputs based on context. This can hide real pronunciation errors:
the system may recognize the intended word correctly even when the sounds produced
were quite different, similar to an autocorrect silently fixing a typo. This makes word-level
systems less useful for studying how speech sounds are actually produced.
Phoneme-level recognition evaluates the acoustic signal more directly, without this
contextual smoothing. It is also a more practical task in low-resource settings, such as
speaker-dependent dysarthric datasets: because the set of phonemes is small and fixed, a
model needs far less training data to cover the output space than a system with an open
word vocabulary [4, 42]. For these reasons, phoneme-level recognition is better suited
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than word-level systems to studying how dysarthric speech is actually produced, and more
practical to train in the low-resource, speaker-dependent setting of this thesis.

2.3 DYSARTHRIC SPEECH

While modern ASR systems perform well on typical speech, they are trained on typical
speech and struggle in DSR. This section introduces dysarthria and the challenges it
presents for recognition.

2.3.1 MEDICAL CONTEXT AND ACOUSTIC CHARACTERISTICS

Dysarthria is a motor speech disorder resulting from neurological injury or disease, such
as cerebral palsy, brain trauma, neuropathy, or Parkinson’s disease [9]. It directly impairs
control over the muscles used for speech, including the lips, tongue, jaw, soft palate, larynx,
and respiratory system.

The acoustic characteristics of dysarthric speech vary widely across subtypes and
severity levels. Individuals may exhibit a broad range of speech abnormalities, including
imprecise pronunciation, uncontrolled loudness, slurred articulation, slow speaking rates,
abnormal pauses, and irregular pitch, rhythm, or breathing patterns [43]. These symptoms
reduce speech intelligibility [9, 44], which negatively impacts social participation and
quality of life [45, 46].

2.3.2 CHALLENGES FOR ASR

While ASR technology has the potential to assist these individuals, standard systems are
primarily trained on typical speech. As a result, they perform poorly on dysarthric speech
due to a significant acoustic mismatch, with WER reaching 80% to 90% for speakers with
low intelligibility [6, 10]. These limitations occur at the acoustic, linguistic, and data levels.

At the acoustic level, dysarthric speech sounds very different from the typical speech
these models were trained on. This mismatch is heightened by two types of variability [47].
First, the same dysarthric speaker may produce the same word differently across attempts
(intra-speaker variability). Second, different dysarthric speakers can sound very different
from one another, even with the same diagnosis (inter-speaker variability). Because of
this, a single general model cannot perform well across all speakers. The literature shows
that speaker-dependent models outperform speaker-independent ones [6, 11, 12], which
directly motivates the single-speaker approach taken in this thesis.

At the linguistic level, dysarthric speakers may produce systematic substitutions due
to a limited phonemic repertoire [26]. For example, a speaker might consistently substitute
or delete specific consonants. These recurring, speaker-specific error patterns are precisely
what the confusion-based approach in this thesis is designed to capture.

At the data level, dysarthric speech datasets are scarce. Recording this type of speech
is time-consuming and demanding for speakers due to fatigue and physical limitations,
leaving the few publicly available datasets orders of magnitude smaller than typical ASR
training sets [48]. This scarcity makes it difficult to train fully adapted models.
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2.3.3 CURRENT APPROACHES IN DSR

The unique challenges of dysarthria have driven the development of specialized DSR
systems. Early approaches adapted conventional architectures such as HMM-GMM mod-
els [4, 48], which allowed explicit phonetic alignment but struggled with the large acoustic
variation in dysarthric speech.

The shift toward deep neural networks improved acoustic modeling. Researchers
adopted various architectures, from early artificial neural networks to convolutional and
recurrent neural networks [48-50]. To address the lack of data, these systems often use
data augmentation techniques such as speed perturbation, noise addition, and audiovisual
integration [50-52].

More recently, end-to-end architectures built on large pretrained models such as
wav2vec 2.0 and Whisper have achieved state-of-the-art results on typical speech [2, 53].
However, because these models are pretrained on typical speech, their internal represen-
tations do not match the atypical patterns of dysarthric speakers, and DSR performance
remains poor when applied without adaptation [54, 55].

Ultimately, DSR is limited by two related problems: data scarcity and high acoustic
variability [15, 56].

2.4 CONTRASTIVE LEARNING

One approach to making better use of limited dysarthric speech data is to learn represen-
tations that are more discriminative, where similar sounds cluster together and different
sounds stay apart in the model’s internal space. This section introduces contrastive learning
as a framework for achieving this, and discusses its application to speech and DSR.

2.4.1 PRINCIPLES OF REPRESENTATION LEARNING

Contrastive learning is a representation learning approach designed to structure a model’s
embedding space. Unlike standard classification objectives such as Cross-Entropy or
CTC, which optimize for absolute class probability, contrastive learning optimizes for
relative distances between representations. The core idea is to pull the embeddings of
similar samples closer together while simultaneously pushing the embeddings of dissimilar
samples further apart [57].

Contrastive learning can be applied in both unsupervised and supervised settings. In
unsupervised contrastive learning, similarity is defined through data augmentation [58]:
two different augmentations of the same sample are treated as a positive pair without
requiring class labels. In supervised contrastive learning, class labels determine similarity,
where samples from the same class form positive pairs and samples from different classes
form negative pairs [59].

In supervised settings, this is typically achieved using a triplet loss formulation. A
triplet consists of an anchor (x,), a positive example (x,) from the same class as the anchor,
and a negative example (x,) from a different class. The loss encourages the distance between
the anchor and the positive to be smaller than the distance between the anchor and the
negative by at least a margin, m. The loss is defined as [60]:

L = max(0, d(xq,xp) — d(x4, xn) +m) (2.3)
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where d is a distance function. In this work, d is cosine distance computed on L;-
normalized embeddings. Ly-normalization projects embeddings onto the unit hypersphere,
making cosine distance a bounded, scale-invariant measure of similarity. The margin m
controls how aggressively the loss separates positive and negative pairs: a larger margin
produces a more discriminative embedding space, but setting it too large can destabilize
training, while setting it too small may not separate dissimilar classes sufficiently [60].

The effectiveness of the contrastive objective depends heavily on the choice of the
negative sample (x,) [61]. Randomly selected negatives often produce easy comparisons
(e.g., distinguishing a vowel from a consonant), where the model can already separate the
samples correctly. As a result, the loss and gradient become zero, so the model weights are
not updated and the network learns little from these samples. To avoid this, hard negative
mining deliberately selects negatives that are already close to the anchor in the embedding
space, forcing the model to make finer distinctions [60]. It is common practice to apply the
contrastive objective in a separate embedding space rather than directly on the task-specific
representations, to avoid degrading downstream performance [58].

2.4.2 APPLICATIONS OF CONTRASTIVE LEARNING IN SPEECH AND DSR
Contrastive learning was first widely adopted in computer vision [58], and was subsequently
applied to speech through self-supervised architectures such as Contrastive Predictive
Coding (CPC) [62] and wav2vec [53], which use contrastive objectives to learn acoustic
representations from large unlabeled datasets. In standard ASR, [63] showed that jointly
training CTC and contrastive objectives improves phoneme discrimination, demonstrating
that the two losses are complementary rather than competing.

In DSR, early contrastive work focused on utterance-level objectives. [16] used aug-
mented dysarthric utterances as positive pairs to improve the stability of global speech
representations. [64] extended this to word-level contrastive learning. However, neither
approach addresses localized articulation errors at the phoneme level.

More recent work has moved to phoneme-level contrastive learning. DyPCL selects
hard negatives based on articulatory feature distances — how similar two phonemes are
in terms of how they are physically produced — and demonstrates that phoneme-level
contrastive objectives are effective for dysarthric speech [17]. However, DyPCL selects
negatives based on speaker-independent phonetic similarity measures. This thesis extends
this line of work by using speaker-specific phoneme confusion patterns, derived from
the model’s own prediction errors, to select hard negatives that target the contrasts that
actually break down for each individual speaker.
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METHODOLOGY

This chapter details the proposed method that combines a CTC objective with an error-
informed contrastive learning objective. Architectural design choices are described in
terms of their functional purpose. All hyperparameter values are reported in Chapter 4.

3.1 BASELINE ARCHITECTURE

The baseline model, shown in Figure 3.1, is a Whisper-based CTC phoneme recognition
system. It follows the standard encoder-DNN-CTC architecture used in the SpeechBrain
ASR toolkit [65], adapted here for phoneme recognition in dysarthric speech.

Given an input waveform x with shape [B, Tirames |, where B is the batch size and Tgames
is the number of audio samples, the model applies the following steps:

S = LogMelSpectrogram(x) [B %80 x Trrames] (3.1)
f = WhisperEncoder(S) [B x Tyub X dencoder ) (3.2)
h =DNN(f) [B x Tsup X dhidden] (33)
z = Linear(h) [Bx Tgup x| V] (3.4)
p = LogSoftmax(z) [Bx Tyup x| V1] (3.5)

First, the waveform is converted into an 80-channel Log-Mel spectrogram (3.1). The
spectrogram is then passed through the pre-trained Whisper encoder (3.2), which produces
frame-level acoustic representations. These representations are processed by a three-layer
DNN (3.3) that adapts the encoder outputs for phoneme recognition. Finally, a linear
projection (3.4) followed by a log-softmax layer (3.5) produces frame-level phoneme log-
probabilities.

Here, Ty, denotes the number of frames after subsampling, determined by the Log-Mel
feature extraction and the encoder subsampling factor. depcoder represents the encoder
hidden dimension, dpidden is the hidden size of the DNN, and |V| is the phoneme vocabulary
size.

Each DNN layer (3.3) consists of a linear transformation followed by Layer Normaliza-
tion, a LeakyReLU activation, and Dropout. Layer Normalization helps stabilize training by
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normalizing activations within each layer, while Dropout reduces overfitting by randomly
masking activations during training.

The model is trained using the CTC loss, which aligns frame-level predictions with the
target phoneme sequence without requiring explicit frame-level annotations:

Tsup
Lete = —log Pete(y | x) = —log Z Hpt(”t EY) (3.6)
neB1(y) t=1

where y is the target phoneme sequence, 7 represents a valid frame-level alignment path,
and B7!(y) denotes the set of all paths that collapse to y after removing repeated tokens
and blank symbols.

3.1.1 TRAINING PROCEDURE

Fine-tuning a large-scale foundation model on a low-resource dataset introduces a risk
of catastrophic forgetting, where limited and acoustically variable data causes the model
to overwrite its pretrained representations. To mitigate this, the baseline adopts a two-
phase differential optimization strategy from the SpeechBrain Whisper CTC fine-tuning
recipe [65]:

« Phase 1 (Warmup): The Whisper encoder is frozen and only the DNN and CTC
projection layers are updated. This allows the task-specific classifier to stabilize
before the encoder is exposed to the learning signal.

« Phase 2 (Fine-Tuning): The encoder is unfrozen and trained jointly with the DNN
and CTC head using two separate AdamW optimizers: one for the DNN (Iry,0de1)
and one for the encoder (Iryhisper), Where [Fyhisper < [7model- This allows the model
to adapt to the dysarthric speaker’s phoneme patterns while preserving pretrained
representations.

Both learning rates are adjusted using a NewBob scheduler: if validation loss does not
improve by at least a threshold § within a patience window, the learning rate is multiplied
by a decay factor. All evaluations use greedy CTC decoding, taking the argmax at each
frame.
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Figure 3.1: Overview of the baseline and contrastive model architectures. Left: The baseline model processes
dysarthric speech through a Whisper encoder and DNN, producing frame-level log-probabilities via a CTC
projection layer. At inference, a greedy decoder produces the phoneme sequence. Right: The contrastive model
extends the baseline by processing triplets of anchor (A), positive (P), and negative (N) through the encoder
and DNN. Forced alignment and mean pooling extract phoneme-level embeddings, which are passed through a
projection head to compute the triplet loss. The total loss combines CTC and triplet objectives weighted by a. At
inference, the projection head is discarded and only the CTC path is used.

3.2 CONFUSION MATRIX EXTRACTION

To identify phonemes that are systematically misrecognized, a confusion matrix is con-
structed from the baseline model’s predictions. This matrix is used only to identify frequent
substitution pairs, which serve as the basis for selecting hard negatives in contrastive
training. Two approaches are evaluated to construct this confusion matrix:

EmPIRICAL TRAINING SET:
The confusion matrix is constructed by running greedy inference on the full training set.
Since the model has already been fine-tuned on these examples, the remaining substitution
errors reflect phoneme pairs that are still difficult to distinguish after training exposure.
These persistent confusions are therefore hypothesized to be the hardest cases for the
model on this speaker’s data, making them strong candidates for hard negative selection.
The validation set is not used for this purpose, as it is substantially smaller and low-
frequency phonemes may not produce any substitution errors, leaving their corresponding
rows empty. The test set is excluded to prevent data leakage, since the extracted confusion
patterns are used to guide contrastive training.

EmMPIRICAL CROSS-VALIDATION:

An alternative approach constructs the confusion matrix from predictions on held-out
data. The training set is partitioned into five approximately equal folds. For each fold k,
a separate baseline model is trained on the remaining four folds and used to decode the
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held-out fold k. Substitution errors from all five held-out runs are then aggregated into a
single global confusion matrix.

Because every prediction is made on utterances not seen during that model’s training,
this approach produces an unbiased estimate of phoneme-level error patterns across the
training set. The resulting matrix captures a broader range of substitution errors than the
training set approach.

Both approaches are compared to assess how the choice of estimation strategy affects
the resulting negative sampling distribution and downstream model performance.

3.2.1 MATRIX CONSTRUCTION

For both approaches, the confusion matrix M is constructed by comparing the model’s
greedy CTC-decoded output sequences Y against the corresponding ground-truth phoneme
sequences Y. Since CTC produces unaligned output sequences, Levenshtein alignment is
applied to each reference-hypothesis pair to extract edit operations, which fall into three
categories: substitutions (a reference phoneme is replaced by a different phoneme), deletions
(areference phoneme is absent from the hypothesis), and insertions (the hypothesis contains
a phoneme with no corresponding reference). Only substitution errors are retained: for
each substitution in which a reference phoneme p; is misclassified as p;, the entry M; ;
is incremented, yielding a matrix that captures the empirical frequency of phoneme-to-
phoneme confusions. Insertions and deletions are excluded as they do not define a direct
mapping between competing phonetic classes.

3.2.2 FILTERING SYSTEMATIC CONFUSIONS

Not all observed substitutions are equally informative. Low-frequency confusions may
reflect random errors, isolated mispronunciations, or alignment noise rather than system-
atic articulatory difficulties. To address this, a minimum frequency threshold is applied,
retaining only phoneme pairs whose substitution counts meet or exceed this threshold.
The resulting filtered matrix provides a high-confidence approximation of the speaker’s
dysarthric error profile. The retained substitution pairs are used directly to define anchor-
negative pairings in the empirical strategies described in the following section. The specific
threshold value is reported in Chapter 4.

3.3 TRIPLET EXTRACTION AND NEGATIVE SAMPLING

As introduced in Section 2.4, contrastive learning requires triplets consisting of an anchor,
a positive, and a negative example. The construction of the triplets proceeds in two stages:

STAGE 1: PHONEME-LEVEL PAIRING

For each anchor phoneme class, the positive class is defined as the same phoneme occurring
in a different utterance. The negative phoneme class is selected using one of four strategies,
illustrated in Figure 3.2:

1. Random: The negative phoneme class is sampled uniformly from all phonemes
different from the anchor. This serves as an uninformed baseline.

2. Phonological: The negative is selected as the phoneme with the minimum artic-
ulatory feature distance to the anchor, computed using the Panphon library [66].
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Panphon represents each IPA phoneme as a vector of 22 binary articulatory features
and computes a feature-weighted distance between pairs.

3. Empirical Training Set: Negatives are drawn from the filtered training-set con-
fusion matrix described in Section 3.2. Every retained substitution pair defines an
anchor-negative pairing; an anchor that is systematically confused with multiple
phonemes is therefore paired with each of them.

4. Empirical Cross-Validation: The same procedure is applied to the five-fold cross-
validated confusion matrix described in Section 3.2.

Random Phonological
Uniform sample from all phonemes Min phonetic feature distance
feat. dist.
/s /1/ 010 =
v/ —_ negative rt —_— 'i
I i
n/ (random) /n/  o1s x
- negative
i 11/
/d/ | /d/ 028  (min dist.)
J A A — /f/ 013
Empirical Training Set Empirical Cross-Validation
Full training-set confusion matrix 5-fold cross-val confusion matrix
# confused # confused
/17 3 /3
I/
R I/ ;
/n/ - 15 e /n/ - 15 s
/d/ 3 negative /d/ 3 negative
/n/ /n/
(highest val) (highest val)
/£l 3 /fl 3

Figure 3.2: Illustration of the four negative sampling strategies for an example anchor phoneme /r/. Random:
the negative is selected uniformly at random from other phoneme classes. Phonological: the negative is the
phoneme with the minimum articulatory feature distance computed using Panphon library. Empirical training
set: the negative is the most frequently confused phoneme in the full training-set confusion matrix. Empirical
cross-validation: the same confusion-guided selection is applied to the five-fold cross-validated matrix.

STAGE 2: UTTERANCE-LEVEL TRIPLET CONSTRUCTION

Once phoneme-level pairings are defined, training triplets are constructed offline. For each
occurrence of an anchor phoneme in the training set, we sample: (i) a positive example
from a different utterance containing the same phoneme class, and (ii) up to three negative
examples from utterances containing the designated negative phoneme class. When fewer
than three negatives are available, all candidates are used, resulting in fewer triplets for
that anchor.




18 3 METHODOLOGY

All samples are drawn from distinct utterances to prevent the model from exploiting
shared recording conditions or local contextual cues. Every occurrence of each target
phoneme is used as an anchor, ensuring full coverage of the available phonetic realizations.
The resulting triplet dataset is shuffled prior to training.

Triplets are precomputed and stored on disk. Each entry specifies the audio file and the
index of the target phoneme instance within the corresponding utterance for the anchor,
positive, and negative examples.

During training, audio is loaded on the fly and passed through the model. Phoneme-
level embeddings are then extracted via forced alignment, as described in Section 3.4.2. This
step is performed dynamically because model parameters evolve during training, requiring
recomputation of frame boundaries to reflect the current state of the model.

3.4 CONTRASTIVE LEARNING PIPELINE

The proposed contrastive learning framework extends the baseline model with a triplet
loss objective, as illustrated in Figure 3.1. The combined framework is evaluated under
two initialization regimes: scratch and fine-tuning. In both settings, the Whisper encoder
is optimized using the CTC objective while being regularized by the contrastive loss,
enabling the model to improve phoneme-level recognition while preserving transcription
performance.

3.4.1 TRAINING INITIALIZATIONS

The two training regimes evaluated for integrating the contrastive objective differ only at
the point at which contrastive learning is introduced. Both use the same model architecture,
loss formulation, and training pipeline.

SCRATCH INITIALIZATION:

The model is randomly initialized and trained using the combined CTC and triplet loss
from the start of training. Under this regime, transcription learning and representation
learning are optimized jointly throughout the entire training process.

A variant of this setting was also explored in which the contrastive objective was
introduced only after an initial CTC-only warmup phase, allowing the encoder to stabilize
before contrastive regularization was applied. This approach did not outperform full joint
training from scratch for the target speaker and is therefore reported only in the appendix
(Appendix 9.1).

FINE-TUNING INITIALIZATION:
The model is initialized from the best-performing baseline checkpoint and further fine-
tuned using the combined CTC and triplet loss objective.

3.4.2 DyNamic PHONEME EMBEDDING EXTRACTION

To compute the triplet loss, a fixed-size embedding vector is extracted for each target
phoneme from the continuous frame-level DNN output. Since CTC-based models produce
frame-level probability distributions without explicit phoneme boundaries, Viterbi forced
alignment is used to identify the relevant frame segments (see Chapter 2). The alignment
is implemented using the torchaudio library [67].
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Given the ground-truth phoneme sequence and the model’s frame-level CTC log-
probabilities, the Viterbi algorithm computes the most likely alignment between frames
and phoneme labels. This assigns each phoneme a continuous block of audio frames.

The alignment is recomputed at every training step. As model parameters are updated
during training, the underlying frame-level representations change, making static alignment
boundaries from an earlier model inconsistent with the current state of the network.
Dynamic recomputation ensures that phoneme boundaries remain aligned with the evolving
representation space.

Once the start and end frames of a target phoneme are identified, the corresponding
DNN outputs are mean-pooled over time to obtain a single embedding vector. Mean pooling
is used as it produces a stable summary of the phoneme’s acoustic characteristics across its
duration. This embedding is then passed to the projection head for triplet loss computation.

3.4.3 TRIPLET Loss
A margin-based triplet loss encourages separation between phoneme representations:

Lisiplet = max(0, d(a, p) — d(a,n) +m) (3.7)

where a is the anchor embedding, p is the positive embedding, n is the negative embedding,
d is the cosine distance, and m is the margin. The loss penalizes cases where the anchor is
not closer to the positive than to the negative by at least m.

Cosine distance is used because it is insensitive to vector magnitude, measuring only
the angle between two vectors. Two instances of the same phoneme spoken at different
volumes or durations are therefore treated as similar as long as their directional features
are consistent.

3.4.4 ProjJecTION HEAD

Instead of applying the triplet loss directly to the DNN outputs used for CTC, a separate
projection head maps these representations into a dedicated contrastive embedding space.
This design is motivated by findings from SimCLR [58], which show that applying con-
trastive objectives directly to task-specific representations can distort them and degrade
downstream performance. The projection head separates the representations used for CTC
decoding from those used for the contrastive objective, reducing interference with the
primary recognition task.

The projection head is implemented as a two-layer Multi-Layer Perceptron (MLP):

z = Linear(1024,256) — ReLU — Linear(256,128) — Ly-normalize

L, normalization constrains all embeddings to lie on the unit hypersphere, making
cosine similarity equivalent to a scaled Euclidean distance and improving the stability of
triplet loss optimization. The projection head is randomly initialized and trained jointly
with the contrastive objective. At inference time, the projection head is discarded and only
the DNN outputs are used for CTC decoding.

3.4.5 JoINT OPTIMIZATION
Training with only a contrastive objective leads to representation collapse [58], where all
embeddings converge to a single point regardless of input, causing the model to lose mean-




20 3 METHODOLOGY

ingful acoustic-phonetic structure. Training is therefore formulated as a joint optimization:
Liotal = @Ltriples + (1= a)Lere (3:8)

The CTC loss Lerc ensures that the model maintains accurate phoneme-level transcription,
while the triplet loss L;y;pj.; encourages separation between confusable phoneme embed-
dings. The hyperparameter « € [0,1] controls the trade-off between the two objectives.
Setting o = 0 corresponds to the baseline CTC model, while & = 1 removes the transcription
objective entirely.

3.4.6 SEQUENTIAL BRANCH PROCESSING

During contrastive training, the Whisper encoder is unfrozen and optimized jointly with
the DNN. Processing the anchor, positive, and negative audio streams in parallel would
exceed the available GPU memory, as it requires three simultaneous forward passes through
the encoder. To address this constraint, the three branches are processed sequentially. A
forward pass and forced alignment are computed independently for each branch, after
which the resulting embeddings are combined to compute the triplet loss. Gradients from
all three branches are accumulated before a single backward pass is performed.
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EXPERIMENTAL SETUP

This chapter details the empirical implementation of the methodology described in Chap-
ter 3, specifying the dataset, preprocessing pipeline, training configurations, and evaluation
metrics used across all experiments.

4.1 DATASET: THE DYSONE CORPUS

All experiments use the DysOne corpus [68], a speech dataset recorded in collaboration
with a single dysarthric speaker. Although the full corpus contains both native Dutch
and non-native English speech, this thesis focuses exclusively on the Dutch portion. The
English data are excluded so that the analysis remains focused on dysarthric speech patterns
rather than those introduced by speaking a non-native language.

4.1.1 SPEAKER PROFILE

Because the characteristics of dysarthria vary substantially across individuals, a detailed
clinical profile is critical for framing the acoustic evaluation. The participant is a 35-year-old
native Dutch male who acquired dysarthria following brain damage from a high-impact
trauma. The speaker self-identifies at Stage 3 of the disorder, indicating a noticeable
reduction in overall speech intelligibility. The dataset was recorded across seven sessions
to capture the natural day-to-day variability in the speaker’s speech, which is common in
dysarthria due to fatigue and fluctuating motor control.

4.1.2 RECORDING ENVIRONMENT AND SPECIFICATIONS

All recordings were made in an acoustically isolated booth at 44.1 kHz using an Audio-
Technica AT2020USB+ microphone positioned 20-30 cm from the speaker’s mouth, with a
pop filter to reduce plosive distortion. Although DysOne was originally collected as an au-
diovisual dataset, only the audio modality is used in this work. Because the dataset provides
only word-level transcriptions, phoneme-level targets are derived during preprocessing, as
described in Section 4.2.
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4.1.3 CorrUs COMPOSITION AND DATA SPLITS
The Dutch portion consists of read and spontaneous speech. The read speech was collected
using two approaches. First, prompts were randomly selected from the Corpus Gesproken
Nederlands (CGN) to provide a standardized set of utterances, with a maximum length
of 15 words to limit fatigue. Second, additional prompts were created by the participant
based on personal communication needs, primarily vocabulary from statistics lectures. The
spontaneous speech consists of unscripted responses to open-ended questions.

The dataset was split into training, validation, and testing sets using a 70/10/20 split. A
summary of the corpus composition by speech type and split is provided in Table 4.1.

Table 4.1: Utterance (Utts) counts and total speech durations for the training, validation, and testing splits of the
DysOne corpus (Dutch partition).

Split Read Spontaneous Total Utts Duration
Training 1,021 141 1,162 138.0 min (2.3 hrs)
Validation 145 20 165 18.0 min (0.3 hrs)
Testing 290 40 330 38.9 min (0.6 hrs)
Total 1,456 201 1,657 194.9 min (3.3 hrs)

4.2 DATA PREPROCESSING

This section describes the two preprocessing steps applied to the DysOne corpus prior to
training: grapheme-to-phoneme conversion and vocabulary construction.

4.2.1 PHONEMIC TARGET GENERATION (GRAPHEME-TO-PHONEME)

The DysOne corpus provides only word-level transcriptions. To obtain phoneme-level train-
ing targets, the transcriptions were converted into phoneme sequences using a grapheme-
to-phoneme (G2P) system.

The conversion from word-level text to phoneme sequences was performed using the
open-source speech synthesizer espeak-ng (v1.51) with its Dutch language ruleset. The
output was generated in the International Phonetic Alphabet (IPA).

An important consideration during tokenization is the handling of multi-character
phonemes. Dutch contains diphthongs (e.g., /e1/) and long vowels (e.g., /e:/), which repre-
sent single phonemic units despite consisting of multiple symbols. A naive character-level
tokenization would incorrectly split these units (e.g., separating /e1/ into /¢/ and /1/). To
avoid this, espeak-ng was run with the separator flag (—sep=_), which inserts explicit
delimiters between phonemes according to the synthesizer’s internal rules.

After removing non-phonemic markers such as stress indicators and formatting artifacts,
the resulting strings were split on these delimiters, preserving multi-character phonemes
as single tokens. For example, the utterance "ergens schreeuwt een vogel" is converted to:

/eryonsxrestonvoryol
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4.2.2 PHONEME VOCABULARY CONSTRUCTION
To obtain a fixed output space for the classifier, a phoneme vocabulary was defined prior to
training. Rather than adopting a predefined Dutch phoneme inventory, the vocabulary was
constructed from all unique phoneme tokens occurring in the training data. This ensures
that the vocabulary matches the symbol set produced by espeak-ng, including symbols that
may occur in loanwords or less frequent pronunciations.

The resulting lexicon consisted of 49 distinct phoneme tokens. For the CTC loss function,
an additional blank token (€) was added, resulting in a final vocabulary size of |V| = 50.
The blank token models silence and transitional acoustic states between phonemes. The
full vocabulary is provided in Appendix 9.2.

4.3 BASELINE TRAINING CONFIGURATION

The baseline model was trained using the whisper-small encoder (dencoder = 768), selected for
its moderate model size relative to the limited training data (1,162 utterances, approximately
2.3 hours). The implementation follows the SpeechBrain Whisper CTC recipe [65], with
hyperparameters tuned empirically for this dataset. The final configuration is summarized
in Table 4.2.

Table 4.2: Baseline training hyperparameters.

Parameter Value Description

Encoder whisper-small  depcoder = 768

DNN Hidden Size (dpjdden) 1024 Neurons per layer, 3 layers
Vocabulary (V1) 50 49 Dutch IPA phonemes + CTC blank
Dropout (p) 0.3 Applied across all DNN layers

DNN LR (Ifimodel) 8x 1074 Base learning rate for classifier
Encoder LR (Irghisper) 1x1073 Constrained rate for Whisper encoder
Warmup 1000 steps Whisper encoder frozen duration
Batch Size 16 Batch 8, gradient accumulation 2

Max Epochs 50 Absolute training cap

Training used separate optimizers for the encoder and the classification network.
Each optimizer was paired with an independent NewBob learning rate scheduler with an
improvement threshold of § = 0.0025. When the validation metric did not improve beyond
this threshold, the learning rate was reduced by a factor of 0.5 for the classification network
and 0.75 for the encoder. Early stopping was applied based on the validation PER. The final
model parameters were selected from the epoch with the lowest validation PER.

4.4 DATA AUGMENTATION STRATEGY

Given the limited training data (2.3 hours), data augmentation was applied to increase
acoustic variability during training using the SpeechBrain augmentation pipeline [65].
Only speed perturbation was used, randomly resampling audio at 95%, 100%, or 105% of
the original speed. This introduces variation in speaking rate while preserving the spectral
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characteristics of the signal. Spectral and noise-based augmentations were not applied, as
this work focuses on dysarthric speech, where acoustic and phonetic properties already
exhibit high variability across utterances.

4.5 CONTRASTIVE LEARNING CONFIGURATION

The fine-tuning condition was initialized from the best-performing baseline checkpoint,
with all optimizer states reset prior to training. The scratch condition used random ini-
tialization while keeping all remaining hyperparameters unchanged. All hyperparameters
were identical to those of the baseline configuration, with the exception of the DNN learn-
ing rate, which was manually reduced from 8 x10™* to 1x 10~ to prevent large gradient
updates from disrupting the representations learned during baseline training.

The weight of the contrastive loss was set to @ = 0.2 and the triplet margin to m = 0.3.
These values were selected empirically and not systematically tuned.

For all contrastive configurations, three negative samples per anchor were used where
available. All fixed hyperparameters are summarized in Table 4.3.

Table 4.3: Fixed hyperparameters for the contrastive training phase, applied to both initialization conditions. The
fine-tuning condition uses the baseline checkpoint; the scratch condition uses random initialization.

Parameter Value Description

Fine-tuning Init. Baseline Checkpoint  Best baseline validation PER

Scratch Init. Random Randomly initialized weights

DNN LR (I"model) 1x107* Reduced to prevent catastrophic for-
getting

Encoder LR (Iryhisper) 1x107° Stable representation learning

Contrastive Weight () 0.2 Balance between CTC and triplet
loss

Triplet Margin (m) 0.3 Minimum cosine distance threshold

Triplet Batch Size 2 6 audio files per step

Min. Confusion Threshold 5 Min. substitutions for pair retention

4.6 SOFTWARE AND HARDWARE INFRASTRUCTURE

All experiments were implemented in Python 3.11 using PyTorch (v2.6.0) [69], building on
the SpeechBrain Whisper CTC recipe [65]. Hyperparameters and training configurations
were managed via SpeechBrain’s YAML configuration system. The pre-trained Whisper
encoder was loaded through the HuggingFace Transformers library. Phoneme sequences
were generated using espeak-ng (v1.51), phonetic distances were computed using the
Panphon library, and forced alignment was performed using torchaudio (v2.6.0) [67]. All
experiments were run on the Delft AI Cluster (DAIC).



4.7 EVALUATION METRICS 25

4.7 EVALUATION METRICS

Model performance is evaluated using Phoneme Error Rate (PER) as the primary metric,
supplemented by per-phoneme error analysis and pairwise bootstrap significance testing.

4.7.1 PHONEME ERROR RATE

The primary evaluation metric is Phoneme Error Rate (PER), computed using the Leven-
shtein edit distance between the predicted and reference phoneme sequences. A substitution
occurs when a reference phoneme is replaced by a different phoneme, a deletion when a
reference phoneme is omitted from the hypothesis, and an insertion when the hypothesis
contains a phoneme with no corresponding reference phoneme. PER is defined as:

S+D+1
PER = T x100% (41)

where S, D, and I denote the numbers of substitutions, deletions, and insertions,
respectively, and N is the total number of reference phonemes. PER is preferred over Word
Error Rate (WER) for this task because word-level evaluation can obscure pronunciation
errors through lexical and contextual constraints, as discussed in Section 2.2.4.

4.7.2 PER-PHONEME ERROR ANALYSIS

While aggregate PER captures overall transcription accuracy, it does not indicate whether
improvements are concentrated on the phoneme boundaries targeted by the contrastive
objective. A system may achieve overall gains through small, distributed improvements
across many phonemes without substantially affecting its targeted confusion pairs. To
address this, per-phoneme PER is computed for each phoneme class as the error rate
relative to the number of reference occurrences of that phoneme:

W x 100% (4.2)

PER,;, =
P oh

where Sphs Dphs and Npn denote substitutions, deletions, and reference counts for
phoneme class ph respectively. Insertions are excluded because in the Levenshtein align-
ment they have no corresponding reference phoneme, and therefore cannot be attributed
to any specific phoneme class. Per-phoneme PER thus measures how often the model fails
to correctly produce a given reference phoneme, either by substituting it with another or
deleting it entirely. Per-phoneme analysis is reported for the 44 of 49 vocabulary phonemes
present in the test set reference transcriptions.

4.7.3 STATISTICAL SIGNIFICANCE TESTING
Pairwise bootstrap significance tests are used for all system comparisons. Utterances are
resampled with replacement over n = 10,000 iterations, and aggregate PER is computed for
each resample by pooling all phonemes across the resampled utterances. This avoids bias
introduced by averaging per-utterance PER values, where utterances of different lengths
contribute equally regardless of token count.

The bootstrap distribution is centered under the null hypothesis of no difference
between systems. The p-value is the proportion of null bootstrap samples that produce a
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difference greater than or equal to the observed difference (two-sided test). Confidence
intervals are computed from the unshifted bootstrap distribution using the 2.5th and 97.5th
percentiles. Significance thresholds are p < 0.05 (*), p < 0.01 (**), and p < 0.001 (***).

4.8 EXPERIMENTAL CONDITIONS

Two initialization strategies are evaluated in combination with four negative sampling
strategies, yielding a total of eight contrastive systems. Table 4.4 summarizes all experi-
mental conditions. The zero-shot and baseline systems serve as reference points.

Table 4.4: Overview of all evaluated systems. Contrastive models are evaluated under two initialization regimes:
fine-tuning (FT) from a pretrained CTC baseline and scratch initialization.

System Init Description

Zero-shot Whisper - No fine-tuning; applied directly to
dysarthric speech.

CTC Baseline - Whisper encoder + DNN, CTC objective
only.

Random FT / Scratch  Joint CTC + triplet loss, random nega-
tives.

Phonological FT /Scratch  Joint CTC + triplet loss, negatives by

minimum Panphon feature distance.

Empirical Training Set FT /Scratch  Joint CTC + triplet loss, negatives from
training-set confusion matrix.

Empirical Cross-Validation = FT / Scratch ~ Joint CTC + triplet loss, negatives from
cross-validated confusion matrix.
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REsULTS

This chapter presents the experimental findings across all systems.

5.1 BASELINE PERFORMANCE

Training was configured for a maximum of 50 epochs, with early stopping based on
validation PER. The best validation performance was achieved at epoch 31. This model is
referred to as the baseline.

The zero-shot model prior to fine-tuning achieved a PER of 982.7%, rendering it ef-
fectively unusable for meaningful ASR tasks in our use case. This result highlights the
necessity of per-speaker fine-tuning in a dysarthric speech context. After fine-tuning, PER
decreased to 35.4%, demonstrating substantial adaptation to the target domain.

A notable shift in the error profile is observed between the zero-shot and fine-tuned
settings. The zero-shot model is heavily dominated by insertion errors, whereas after
fine-tuning the error distribution becomes more balanced, with substitutions constituting
the largest proportion of errors (47%). This indicates that while fine-tuning substantially
reduces spurious insertions, residual errors are primarily due to phoneme-level confusions,
which are expected to be better addressed through contrastive learning.

Table 5.1: Zero-shot and fine-tuned baseline performance on the test set (330 utterances, 10,508 reference phoneme
tokens).

Error Breakdown

System PER (%) Total Errors Ins Del Sub

Zero-shot 982.7 105,812 96,595 5 9212
Baseline 354 3,722 713 1,246 1,763
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5.2 CONFUSION MATRICES

Table 5.2 lists the top-20 substitution pairs from the Empirical Training Set and Empirical
Cross-Validation confusion matrices.

Table 5.2: Top-20 substitution pairs from Empirical confusion matrices (Training vs Cross-Validation).

Training Set Cross-Validation

Rank Target Prediction Count Rank Target Prediction Count
1 /d/ 1t/ 38 1 /d/ 1t/ 55
2 Jaiy o/ 17 2 Jai /o/ 37
3 J/ef /o 15 3 /ey /ol 31
4 v/ /n/ 15 4 /et /el 25
5 /et /a/ 12 5 /el o/ 20
6 /f/ /p/ 7 6 /o /o/ 16
7/ v/ 7 7t/ /n/ 14
8 N/ /ol 6 8 J/a/ /ol 10
9 /of let/ 5 9 /f/ /p/ 9
10 /n/ 1o/ 5 10 /a/ /e/ 9
11 /o/ 1o/ 5 11 /e /e/ 8
12 /y/ /k/ 5 12 Jai/ /a/ 8
13 /¢/ lex/ 4 13 /i/ /ol 8
14 /n/ /r/ 4 14 /o/ let/ 8
15 /1/ /el 4 15 /of [oz/ 7
16 Jai/ /a/ 4 16 /e1/ /el 7
17 /o/ o1/ 4 17 /ey o/ 7
18 /m/ /n/ 4 18 /eu/ lex/ 7
19 J/e/ /o 4 19  /fo/ /el 7
20 /i/ /ol 4 20 /e/ /a/ 7

The substitution pairs in both matrices are not random: they cluster into a small set
of recurring error types. The most frequent single error in both matrices is /d/ — /t/, a
voicing confusion where a sound produced with vocal fold vibration is replaced by its
unvoiced counterpart. A broader voicing pattern also appears at rank 7 of training-set
derived confusions, where /f/ — /v/ shows the reverse direction. The most pervasive
pattern overall is vowel centralization: multiple vowels that are produced with the tongue
in a peripheral position in the mouth (/ai/, /¢/, /ei/, 1/, /2/, /a/, /e1/) are substituted by
the neutral central vowel schwa /o/. This is consistent with reduced articulatory range,
where the speaker’s tongue does not reach the extremes of the vowel space. A third pattern
involves vowel length: /e/ — /e1/, /a:/ — /a/, and /o/ — /2:/ reflect confusion between short
and long versions of the same vowel. Finally, a smaller set of manner errors appear in both
tables, including /r/ — /n/ and /f/ — /p/. These patterns are consistent with articulatory
error profiles reported for dysarthric speakers in prior work [70].

The two matrices agree on the dominant error types but differ in scope. Counts are
higher in the cross-validated matrix because its predictions are made on held-out utterances:
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errors that the fully trained model no longer makes on its own training data remain visible,
capturing a broader range of confusions.

5.3 TRIPLET STATISTICS

Table 5.3 summarizes triplet counts and phoneme-pair coverage for each negative sampling
strategy. Random and Phonological cover the full phoneme inventory, while the Empirical
strategies target only the pairs the baseline model actually confuses. Empirical Cross-
Validation yields substantially broader coverage than Empirical Training Set, reflecting its
use of held-out predictions to estimate the error distribution.

Table 5.3: Triplet summary. Coverage refers to the set of phoneme pairs used as anchor-negative combinations.

System Total Triplets Unique Pairs Coverage

Random 112,011 131  Full inventory
Phonological 112,011 131  Full inventory
Empirical Training Set 18,417 12 Confusion-based subset
Empirical Cross-Validation 35,626 31 Confusion-based subset

Full per-pair triplet counts for the Empirical strategies are provided in Appendix 9.3.

5.4 CONTRASTIVE LEARNING RESULTS

Two initialization strategies were evaluated: contrastive fine-tuning from the trained
baseline checkpoint, and contrastive training from scratch with the contrastive objective
active from epoch 0. Table 5.4 reports PER, error breakdown, and significance against the
baseline for all systems under both conditions.

5.4.1 PERFORMANCE AGAINST BASELINE

All contrastive systems significantly outperform the baseline across both initialization
conditions, as shown in the Sig. column of Table 5.4. The only exception is Random
under scratch initialization, which reaches significance only at p = 0.012 (*) rather than the
p <0.001 level achieved by every other system. This confirms that integrating a contrastive
objective improves phoneme recognition regardless of initialization strategy or negative
sampling method.

Under fine-tuning initialization, absolute PER reductions range from 2.0 percentage
points (Random) to 2.4 percentage points (Empirical Training Set), with substitution errors
decreasing by 75 to 111 instances across systems. Under scratch initialization the spread is
wider: Phonological and Empirical Cross-Validation achieve the largest reductions of 3.8
percentage points each, corresponding to a 10.7% relative PER reduction, with substitution
reductions of 191 and 190 instances respectively, while Empirical Training Set and Random
show smaller gains.
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Table 5.4: PER and error counts for all contrastive systems under both initialization conditions (330 utterances,
10,508 reference phoneme tokens). A reports absolute PER reduction versus the baseline. The Sig. column
reports pairwise bootstrap significance against the baseline (n = 10,000 resamplings). Significance thresholds:
% p < 0.001, 7 p < 0.01, *p < 0.05.

Error Breakdown

Init System PER (%) A Sig. Total Ins Del Sub
— Baseline 35.4 — — 3,722 713 1,246 1,763
Random 334 =20 FE 3,512 640 1,198 1,674
. Phonological 331 -2.3 ek 3,480 633 1,159 1,688
Fine-tune o )
Empirical Train 33.0 —-24 ¢ 3,467 680 1,132 1,655
Empirical CV 332 =2.2 ek 3,491 623 1,216 1,652
Random 345 —-09 * 3,625 753 1,180 1,692
Phonological 31.6 —3.8 ek 3,319 654 1,093 1,572
Scratch o )
Empirical Train 333 —-2.1 ¢ 3,499 631 1,181 1,687
Empirical CV 31.7 -3.8 b 3,326 702 1,051 1,573

5.4.2 EFFECT OF NEGATIVE SAMPLING STRATEGY

The two initialization conditions differ sharply in whether the choice of negative sampling
strategy matters. Under fine-tuning initialization, pairwise bootstrap comparisons among
the four contrastive systems reveal no significant differences between any pair (all p > 0.13),
indicating that the choice of negative sampling strategy does not meaningfully affect
performance when initializing from the trained baseline.

Under scratch initialization, by contrast, clear differences emerge. Table 5.5 reports
pairwise comparisons for this condition. Phonological and Empirical Cross-Validation are
not significantly different from each other (p = 0.869), while both significantly outperform
Empirical Training Set and Random (p < 0.001). Empirical Training Set in turn significantly
outperforms Random (p < 0.001). The observed ranking is:

Phonological ~ Empirical Cross-Validation > Empirical Training Set > Random

where =~ denotes no statistically significant difference.

5.4.3 COMPARISON BETWEEN INITIALIZATION CONDITIONS

For Phonological and Empirical Cross-Validation, scratch initialization yields lower PER
than fine-tuning, and these differences are statistically significant (p < 0.001). For Random,
fine-tuning outperforms scratch (p < 0.01). For Empirical Training Set, the difference
between conditions is not statistically significant (p = 0.397). Results are summarized in
Table 5.6.



5.5 PHONEME-LEVEL ERROR ANALYSIS 31

Table 5.5: Pairwise bootstrap significance tests between contrastive systems under scratch initialization (n = 10,000
resamplings). A = difference in PER (B—A) in percentage points. Significance thresholds: ***p < 0.001, **p < 0.01,
*p <0.05, ns = not significant.

System A System B A (pp) 95% CI Sig.
Random Empirical Train —-1.2  [-1.9,-0.5] ***
Random Empirical CV -29 [-3.6,-2.1] ™
Random Phonological -29 [-37,-21] ™
Empirical Train Empirical CV -1.7  [-23,-1.0] ***
Empirical Train Phonological -1.7 [-24,-10] ™
Empirical CV Phonological +0.1  [-0.7,+0.8] ns

Table 5.6: Bootstrap significance tests comparing initialization conditions per strategy (n = 10,000 resamplings). A
= PER difference (scratch — fine-tune) in percentage points; negative values favor scratch. Significance thresholds:
¥ p <0.001, **p < 0.01, “p < 0.05, ns = not significant.

Strategy A (pp) 95% CI Sig.
Random +1.08 [+0.32, +1.81] **
Phonological -1.53 [-2.31,-0.74] ***
Empirical Train  +0.30  [-0.40, +1.03] ns
Empirical CV -1.57 [-2.39,-0.73] ***

5.5 PHONEME-LEVEL ERROR ANALYSIS

Figure 5.1 shows the number of phonemes improved or degraded relative to the baseline
for each system under both initialization conditions. A 2 percentage point (pp) threshold is
chosen to distinguish substantive phoneme-level changes from minor fluctuations.

Under fine-tuning initialization, all systems show broadly similar improvement profiles.
Under scratch initialization, Empirical Cross-Validation shows the highest number of
improved phonemes, followed closely by Phonological, which also shows no degradations.

Figure 5.2 presents per-phoneme PER changes for the eight phonemes whose substi-
tution pairs appear in both confusion matrices (Section 5.2). These represent the most
consistently observed confusion boundaries and are the phonemes for which the Empirical
strategies are most expected to show improvement. Per-phoneme PER changes for all
phonemes are provided in Appendix 9.4.

Under fine-tuning initialization, most targeted phonemes improve across all systems
with broadly similar magnitudes. Under scratch initialization, the pattern is more dif-
ferentiated: /e:/ and /r/ show the largest reductions under Phonological and Empirical
Cross-Validation. The most prominent degradation is /f/ under Random scratch initializa-
tion; Phonological and Empirical Cross-Validation improve it instead. The phonemes /a:/
and /o/ improve more substantially under Phonological and Empirical Cross-Validation
than under Empirical Training Set and Random under scratch initialization.
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Figure 5.1: Number of phonemes improved or degraded by more than 2 pp relative to the baseline for each
contrastive system. A 2 pp threshold is adopted as a conservative convention for distinguishing substantive
phoneme-level changes from minor fluctuations. Hatched bars correspond to fine-tuning initialization and solid
bars to scratch initialization; each system was evaluated over all 44 phonemes present in the test set.
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Figure 5.2: Per-phoneme PER change relative to the baseline (APER, percentage points) for the eight phonemes
whose substitution pairs appear in both confusion matrices. Each panel shows one phoneme, with bars grouped
by negative sampling strategy; hatched bars correspond to fine-tuning initialization and solid bars to scratch
initialization. Negative values indicate improvement.
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Di1scuUsSION

This chapter interprets the experimental findings presented in Chapter 5. Across the
four research questions, the results consistently show that contrastive learning improves
phoneme recognition in a speaker-dependent dysarthric setting, but that its effectiveness
depends on how negative examples are constructed and how training is initialized. While
all configurations outperform the CTC-only baseline, the largest gains are observed when
negative sampling encodes meaningful phonological or confusion structure, particularly
under joint training from scratch. Gains from more naive or training-set-derived strategies
are less stable and depend more strongly on the presence of a pretrained representation.

6.1 RQ 1: To WHAT EXTENT DOES CONTRASTIVE LEARNING

REDUCE PHONEME ERROR RATE?

Both initialization conditions produce significant PER reductions relative to the CTC-only
baseline, confirming that error-informed contrastive learning improves phoneme recogni-
tion in a speaker-dependent dysarthric setting. The baseline PER of 35.4% is consistent
with reported ranges for speaker-dependent models on severe dysarthric speech [6, 10],
and aligns with the speaker’s Stage 3 intelligibility profile, suggesting the baseline reflects
a typical severity level rather than an unusually weak starting point.

The strongest contrastive configurations achieve a relative PER reduction of approxi-
mately 10.7%. The most directly comparable work, DyPCL [17], reports a 22% relative WER
reduction on the UASpeech corpus using multi-speaker training, dynamic curriculum-based
negative sampling, and access to healthy speech references. This thesis operates under
more constrained conditions without curriculum scheduling or external canonical speech
supervision, while focusing on single-speaker adaptation. Despite these differences, the
observed improvements indicate that phoneme-level contrastive objectives remain effective
in low-resource, speaker-specific settings.

Improvements are primarily driven by reductions in substitution errors, which con-
stitute the dominant error type in the baseline. This is consistent with the design of the
contrastive objective, which explicitly increases separation between embeddings of fre-
quently confused phoneme pairs, and with the confusion patterns identified in Section 5.2,
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where voicing errors and vowel centralization account for the largest share of baseline
errors. Prior analyses of dysarthric speech similarly show that errors concentrate along
systematic articulatory dimensions [70], suggesting that the observed reductions reflect
improved phoneme-level recognition rather than changes in sequence-level decoding
behavior.

6.2 RQ 2: DOES INITIALIZATION STRATEGY MATTER?

Initialization strategy affects performance, but its impact depends on the negative mining
strategy, as will be discussed further in Section 6.3. For Phonological and Empirical
Cross-Validation, scratch training achieves substantially lower PER than fine-tuning from
a CTC-pretrained encoder. For Random, the pattern reverses: fine-tuning outperforms
scratch training. For Empirical Training Set, the difference between conditions is not
significant.

Both settings optimize a joint CTC and contrastive objective, differing only in whether
training begins from a pretrained checkpoint or random initialization. A pretrained CTC
initialization may already impose structure on the phoneme representation space, limiting
how freely the contrastive objective can reshape phoneme boundaries. This is consistent
with findings on representation rigidity in fine-tuned models, where pretrained represen-
tations resist restructuring even under new objectives [71]. When training begins from
scratch, both objectives jointly shape representation learning from the start, which appears
most beneficial when the contrastive signal is informative, as seen for Phonological and
Empirical Cross-Validation. It is also worth noting that the contrastive loss weight a =
0.2 was fixed across both initialization conditions; part of the observed difference may
therefore reflect suboptimal objective balancing in the fine-tuning setting rather than a
fundamental property of the initialization strategy (see Section 6.6).

Initialization also influences sensitivity to contrastive signal quality. Under fine-tuning-
based initialization, no statistically significant differences are observed between strategies,
suggesting that pretrained representations partially buffer weaker contrastive signals.
Under scratch initialization, differences in negative quality translate more directly into per-
formance gaps. Scratch training therefore provides a more sensitive setting for evaluating
contrastive learning design choices.

These findings indicate that sequential CTC pretraining followed by contrastive fine-
tuning is not universally optimal. When informative negatives are available, joint opti-
mization from scratch yields better performance.

6.3 RQ 3: DOES NEGATIVE MINING STRATEGY MATTER?

The impact of negative mining strategy depends strongly on initialization, as established in
Section 6.2. Under fine-tuning-based initialization, no significant differences are observed
between strategies. Under scratch initialization, a clear ranking emerges: Phonological =
Empirical Cross-Validation > Empirical Training Set > Random.

Random negatives provide weak learning signals as they are not aligned with systematic
phoneme confusability. Empirical Training Set negatives reflect a compressed view of
the error space due to overconfident predictions on familiar utterances (see Section 6.4).
Empirical Cross-Validation and Phonological provide more structured signals: the former
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captures held-out confusion patterns, the latter encodes articulatory similarity. Both yield
more informative contrastive signals, consistent with prior findings that hard negative
mining is most effective when negatives encode meaningful structure [61].

The similar performance of Phonological and Empirical Cross-Validation is notable
given their different origins. Empirical Cross-Validation reflects empirical speaker-specific
confusions, whereas Phonological is derived from a population-level articulatory feature
space [66]. Although their selected pairs only partially overlap, both methods produce
negatives that reflect meaningful phonological structure, suggesting that what matters is
not the exact identity of negatives but whether they encode genuine phonological difficulty.

This finding has broader implications. For speakers whose error patterns are broadly
consistent with articulatory feature space, speaker-independent phonological priors may be
sufficient substitutes for empirically derived confusion data. This is practically significant
in clinical deployment settings where collecting sufficient speech data to estimate reliable
confusion matrices may not be feasible.

6.4 RQ 4: DOES CONFUSION MATRIX CONSTRUCTION METHOD
MATTER?

Empirical Cross-Validation outperforms Empirical Training Set, particularly under scratch
initialization. The assumption underlying Empirical Training Set, that substitution patterns
on training data reflect the most informative confusions, is not fully supported. Because
the model has already been optimized on the same utterances, it produces more confident
predictions on familiar data, and many genuine confusion patterns are suppressed in
the resulting matrix. Cross-validated matrices, derived from held-out predictions, better
approximate out-of-sample generalization errors and capture a broader range of substitution
patterns, as reflected in their wider coverage (31 pairs versus 12 pairs from the Empirical
Training Set matrix, reported in Section 5.3).

Phoneme-level analysis further supports this. The vowels /o:/ and /e1/ are absent
from the Empirical Training Set matrix but improve substantially under Empirical Cross-
Validation in the scratch setting, as they receive no targeted contrastive signal in the
former.

6.5 EFFECTIVENESS OF PERSONALIZED CONTRASTIVE MOD-
ELING

This work adopts a personalized approach in which the contrastive objective targets
phoneme boundaries derived from an individual speaker’s error patterns, contrasting with
speaker-independent approaches that apply a single fixed model regardless of articulatory
characteristics [6, 11].

Both confusion-based strategies improve significantly over the baseline, and per-
phoneme analysis shows improvements concentrated at the intended confusability bound-
aries. At the same time, the equivalence between Phonological and Empirical Cross-
Validation suggests that explicitly modeling speaker-specific errors does not always yield
additional benefit over a strong articulatory prior. For this speaker, the dominant error
structure is broadly consistent with general phonological dimensions such as voicing,
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manner of articulation, and vowel centralization.

This does not contradict the motivation that dysarthric speech can exhibit person-
alized confusability patterns shaped by individual motor impairment [9, 18]. Rather, it
suggests that for this speaker these patterns remain largely constrained within articulatory
feature space. However, this conclusion is limited to a single-speaker setting and may
not generalize to speakers whose errors are less phonologically structured. In such cases,
speaker-specific confusion data may provide additional benefit. More broadly, the decision
between phonological and empirical negative selection should be informed by the degree
to which a speaker’s error patterns deviate from standard articulatory structure, which
could be estimated from a small pilot recording before committing to full confusion matrix
construction.

The two approaches involve different practical trade-offs. Phonological sampling
requires no pretrained model or confusion matrix estimation, making it applicable to new
speakers, but produces approximately three times as many triplets as confusion-based
strategies, resulting in higher training-time computational cost. Confusion-based strategies
require additional preprocessing but produce smaller, more targeted triplet sets and more
efficient training. Given comparable performance, the choice between them depends on
whether preprocessing overhead or training-time resources are the limiting constraint.

6.6 LIMITATIONS

Single speaker. All experiments are conducted on a single Dutch dysarthric speaker.
The effectiveness of the proposed pipeline cannot be established beyond this individual
case, and further evaluation on speakers with different dysarthria profiles and severity
levels is required to assess broader applicability.

Dataset size. The training data consists of approximately 2.3 hours of speech. This limits
the statistical power of comparisons between strategies, particularly for overall PER. Larger
datasets would enable more robust estimation of strategy differences, and would allow
investigation of whether the Phonological and Empirical Cross-Validation equivalence
holds with more data, and whether Empirical Training Set would benefit where model
overconfidence is less of a problem.

Fixed hyperparameters. The contrastive loss weight, triplet margin, number of nega-
tives per anchor, and maximum triplets per confusion pair were fixed across all conditions
and not tuned per initialization regime or strategy. Reported differences may therefore
reflect suboptimal objective balancing in some configurations. Additionally, phonemes
serving as negatives for multiple anchor classes simultaneously, such as /n/ for both /r/
and /d/, may receive conflicting gradient updates that destabilize their representations.
Constraining the number of anchors a phoneme can serve as a negative for could mitigate
this effect.

Static anchor-negative pairings. While phoneme-level frame boundaries are recom-
puted dynamically during training via forced alignment, the anchor-negative pairings
themselves are fixed prior to training based on a single confusion matrix estimate. As
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the model’s representations evolve, the paired negatives may no longer reflect the most
confusable phonemes at later training stages. Periodically updating the confusion matrix
and resampling triplets during training could provide a more accurate signal, though this
would introduce additional computational overhead.

Representational analysis. Representational analysis was attempted to directly evalu-
ate whether phoneme embeddings were more separated in the contrastive models than in
the baseline. Cluster separation scores were near zero across all conditions, and projection
head embeddings were unrecoverable due to the SpeechBrain checkpointer not registering
the projection head module during saving. As a result, no conclusions could be drawn
about the geometry of the learned embedding space, and PER serves as the sole indicator of
improved phoneme discrimination. Future work should incorporate embedding extraction
explicitly during training rather than relying on post-hoc checkpoint recovery.

6.7 BROADER IMPLICATIONS

This thesis sits at the intersection of several developments that currently shape Data Science
and Artificial Intelligence (AI) Technology. The first is the growing role of foundation
models. Although new architectures and models continue to appear at a rapid pace, much
of applied Al research now builds on large pretrained models such as Whisper rather than
training systems from scratch, and an increasingly important question is how to adapt such
models to settings they were not trained for. This thesis is an instance of that question: it
adapts a foundation model, trained on hundreds of thousands of hours of typical speech,
to a single speaker with 2.3 hours of atypical speech.

Within this landscape, this research extends two areas in particular. The first is con-
trastive learning for dysarthric speech. Despite its success in computer vision and self-
supervised speech modeling, contrastive learning has seen relatively little application in
DSR, with only a handful of studies exploring it to date [16, 17]. The results of this thesis
add to that limited body of evidence, supporting the usability of phoneme-level contrastive
objectives in low-resource dysarthric settings and showing that the choice of negative
examples is a meaningful design dimension rather than an implementation detail.

The second, and arguably more distinctive, contribution concerns the level at which
adaptation takes place. Personalization is a broad trend across Al, from medicine to
recommendation systems, but research that fine-tunes a model to a single individual, using
that individual’s own error patterns as a training signal, remains rare. Most adaptation
work in speech recognition targets groups of speakers or severity categories rather than
one person. This thesis demonstrates that such concentrated, individual-level adaptation
is both feasible and effective, which is relevant beyond speech: the same principle could
apply in any domain where errors are systematic and user-specific.

Finally, this work connects to the discussion on fairness and inclusivity in Al The
performance gap between typical and atypical speech is a concrete example of how systems
trained on majority data underserve minority populations. At the same time, the single-
speaker scope of this thesis illustrates a persistent tension in the field: the populations that
most need adapted models are often those for whom large-scale data collection is least
feasible.
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CONCLUSION

This thesis investigated whether personalized error-informed contrastive learning can
improve phoneme recognition for a single Dutch dysarthric speaker. A joint CTC and
triplet loss objective was applied to a Whisper-based encoder-DNN-CTC model, comparing
four negative sampling strategies: Random, Phonological, Empirical Training Set, and
Empirical Cross-Validation, under both fine-tuning and scratch initialization conditions.
All contrastive configurations significantly outperform the CTC-only baseline, with the
strongest systems, Phonological and Empirical Cross-Validation under scratch initialization,
achieving up to a 10.7% relative reduction in phoneme error rate, demonstrating that con-
trastive representation learning improves phoneme-level discrimination in a low-resource,
speaker-dependent setting.

The impact of both initialization and negative sampling strategy is conditional. Under
fine-tuning-based initialization, performance differences between strategies are minimal,
suggesting that pretrained representations reduce sensitivity to the choice of negative sam-
ples. Under scratch initialization, clearer differences emerge: Phonological and Empirical
Cross-Validation negatives outperform both Empirical Training Set and Random sampling,
indicating that negative sample quality becomes more important when no pretrained
phonetic structure is available.

For this speaker, Phonological negatives perform competitively with Empirical Cross-
Validation negatives, despite not being derived from speaker-specific error statistics. The
two approaches do, however, differ in where their costs fall: Phonological sampling requires
no preprocessing but incurs higher training-time computational cost due to its larger triplet
set, whereas Empirical Cross-Validation requires additional preprocessing steps but enables
more targeted and efficient training. Under scratch initialization, Empirical Cross-Validation
tends to outperform Empirical Training Set, suggesting that held-out predictions capture a
broader and more reliable estimate of phoneme confusability than in-sample predictions,
though differences between the two empirical strategies are not statistically significant in
all conditions.

These results demonstrate that personalized contrastive learning is effective for low-
resource dysarthric speech recognition, and that the choice of negative sampling strategy
matters when no pretrained phonetic structure constrains the representation space. The




40 7 CONCLUSION

central practical implication is not that speaker-specific confusion data is strictly necessary,
but that negative examples must encode genuine phonological difficulty to produce a
meaningful training signal. For new speakers where confusion matrix construction is
feasible, cross-validation-based empirical sampling offers targeted and efficient training.
Where it is not, phonologically motivated sampling provides a competitive alternative with
no speaker-specific preprocessing required. Whether these findings generalize beyond a
single speaker remains an open question, and multi-speaker evaluation is a necessary next
step before drawing broader conclusions about the framework’s clinical applicability.

7.1 FUTURE WORK
Based on this thesis, several directions for future work are identified across three angles:
evaluation scope, contrastive learning design, and training configuration choices.

EVALUATION SCOPE

This thesis evaluates a single Dutch dysarthric speaker at Stage 3 intelligibility. A key
open question is whether the proposed speaker-specific contrastive learning framework
generalizes beyond this setting, and how its behavior changes across different dysarthria
profiles and data conditions.

« Multi-speaker evaluation. Extending the evaluation to speakers with varying
severity levels and impairment characteristics would help clarify whether the person-
alized confusion-based pipeline leads to consistent improvements across individuals,
and whether the observed equivalence between phonological and confusion-based
negatives still holds when a speaker’s error patterns are less phonologically struc-
tured.

« Cross-dataset and cross-lingual evaluation. Applying the method to other
dysarthric speech corpora and languages would further test robustness to differences
in phonetic inventory, recording conditions, and dataset composition.

CONTRASTIVE LEARNING DESIGN
These directions focus on how contrastive signals are defined and updated.

« Healthy speech as reference positives. In the present framework, both anchor
and positive examples are drawn from the dysarthric speaker’s own utterances. An
alternative would be to use canonical healthy speech pronunciations of the same
phoneme as positives, providing a stable reference target for phonemes where the
speaker’s own productions vary substantially across utterances. The framework
would remain personalized, as the negative mining strategy continues to be derived
from the speaker’s specific confusion patterns.

« Phoneme-level loss weighting. In the present framework, all triplets contribute
equally to the contrastive loss regardless of how frequently the corresponding
phoneme pair is confused. A possible extension would be to weight each triplet’s
contribution by the confusion frequency of its anchor-negative pair, so that more
persistently confused boundaries (for example, in this case /d/ and /t/), contribute a
stronger learning signal than rare confusions.
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« Multiple positives per anchor. The present framework uses a single positive
example per anchor instance. Using multiple positive instances for each anchor
could reduce sensitivity to individual utterance variability.

+ Curriculum-based negative scheduling. This thesis evaluates each negative sam-
pling strategy independently. An interesting extension would be to apply curriculum
learning by beginning training with easier negatives such as Random or Phonological
sampling, and gradually introducing confusion-based hard negatives as the model
stabilizes into a more structured representation space.

TRAINING CONFIGURATION
These directions concern optimization and architectural choices that were held fixed across
all conditions in this study.

« Hyperparameter optimization. The contrastive loss weight «, triplet margin,
and number of negatives per anchor were fixed for all experiments. Under fine-
tuning-based initialization, where representations are already structured, a lower «
may reduce unnecessary interference with the CTC objective. For confusion-based
strategies, which target a small number of phoneme pairs, increasing the number of
negatives per anchor could allow denser coverage of the targeted confusion bound-
aries. Systematic tuning of these parameters could improve the balance between
transcription accuracy and phoneme discrimination.

« Alternative encoder architectures. This thesis uses the Whisper encoder, which
was pretrained on large-scale supervised multilingual speech recognition. Replacing
Whisper with self-supervised encoders such as wav2vec 2.0 or HuBERT would
help determine whether the trends observed are specific to Whisper’s supervised
pretraining regime, or reflect a more general property of the framework.
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USsE oF GENERATIVE Al

During the preparation of this thesis, generative Al tools were used in the following ways.
Claude (Anthropic) and ChatGPT (OpenAl) were used to support academic writing by
improving the clarity and readability of drafted text, checking grammar and style, and
assisting with LaTeX formatting of tables. Claude was additionally used for code support,
in the form of debugging suggestions and generating plotting scripts used to visualize
experimental results. Al was not used to generate research ideas or to interpret results. All
Al-assisted content was critically reviewed, verified, and revised where necessary before
inclusion.
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APPENDIX

9.1 ScrRATCH INITIALIZATION: 5-EPOCH CTC WARMUP

Table 9.1 reports results for the scratch initialization condition with a 5-epoch CTC warmup,
in which five epochs of CTC-only training precede contrastive fine-tuning.

Table 9.1: PER and error breakdown for the scratch initialization with 5-epoch CTC warmup condition (330
utterances, 10,508 reference phoneme tokens).

Error Breakdown

System PER (%) Total Ins Del Sub
Random 34.1 3,579 638 1,244 1,697
Phonological 31.6 3,315 639 1,099 1,577
Empirical (Train) 342 3,596 675 1,236 1,685

Empirical (CV) 319 3351 642 1,101 1,608
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9.2 PHONEME VOCABULARY
Table 9.2 lists the full phoneme inventory used during training, along with each phoneme’s
index in the CTC output layer.

Table 9.2: Full phoneme vocabulary (49 phonemes + CTC blank token at index 0). T Phoneme does not occur in
the test set reference transcriptions.

Index Phoneme ‘ Index Phoneme | Index Phoneme

0 (blank) 17 /p/ 34 /o
1 Ja/t 18 /r/ 35 /of
2 Jai 19 /s/ 36 /e
3 /b 20 /t/ 37 et/
4 /d/ 21/t 38 /ey
5 Jev/ 22 Ju/ 39 /y/
6 /el 23 /v/ 40 /1/
7/ 24w/ 41  /u/
8 /h/ 25 /x/ 42t
9 i/ 26 /y/ 43 Je/
10 /iyt 27 Jyv/ 44 /r/
11 /j/ 28 /z/ 45 /f/
12 /k/ 29 /Al 46 /v/
13 71/ 30 /y/ 47  Jou/
14 /m/ 31 /ov/ 48 /3/
15 /n/ 32 Ja/ 49  /3/f
16 /o:/ 33 /o/
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9.3 EMPIRICAL TRIPLET COUNTS
Tables 9.3 and 9.4 list all anchor-negative pairs and triplet counts for the Empirical Training
Set and Empirical Cross-Validation strategies respectively.

Table 9.3: Triplet counts per phoneme pair for the Empirical Training Set strategy (18,417 total triplets, 12 unique
pairs).

Anchor Negative Triplets

1o/ et/ 4,167
/n/ o/ 3,694
/r/ /n/ 2,500
/d/ /t/ 1,559
/az/ /ol 1,193
/el /a/ 1,173
/1/ /o/ 1,114
/9/ o/ 831
/ex/ /a/ 790
I/ /k/ 766
/f/ v/ 315
/t/ /p/ 315
Total unique pairs 12

Total triplets 18,417
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Table 9.4: Triplet counts per phoneme pair for the Empirical Cross-Validation strategy (35,626 total triplets, 31

unique pairs).

Anchor Negative Triplets
/a/ /el 4,167
/ol e/ 4,167
/r/ o/ 2,500
/x/ /n/ 2,500
/d/ 1t/ 1,559
1/ /n/ 1,431
/a/ /o:/ 1,420
/a/ /Az/ 1,420
lal o/ 1,420
/ax/ /a/ 1,193
/ax/ /a/ 1,193
/el /ex/ 1,173
/el o/ 1,173
1/ /o/ 1,114
i/ o/ 857
1o/ o/ 831
/9/ a1/ 831
/2/ o/ 831
et/ /ax/ 790
et/ o/ 790
lex/ /el 790
/2] /s/ 754
/ox/ o/ 662
/e1/ /el 647
/e1/ o/ 647
/f/ /p/ 315
/ax/ /a/ 270
/ou/ ot/ 152
/w/ Iyl 18
lev/ /ex/ 8
1tJ/ /t/

Total unique pairs 31
Total triplets 35,626
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9.4 PER-PHONEME PER: FuLL REsuULTS

Tables 9.5 and 9.6 report per-phoneme PER and absolute change relative to the baseline
for all 44 phonemes present in the test set reference transcriptions, under fine-tuning and
scratch initialization respectively.

Table 9.5: Per-phoneme PER (%) and A relative to baseline for all 44 phonemes under fine-tuning initialization.
Phonemes sorted by baseline PER in descending order. Negative A values indicate improvement. Per-phoneme
PER is computed as (substitutions + deletions) / reference count.

Ph. Ref Baseline ARan. APhon. AEmp.Tr. AEmp.CV

/az/ 8 100.0% —12.5 —25.0 —12.5 —12.5
/ex/ 1 100.0% +0.0 +0.0 +0.0 +0.0
v 2 100.0% +0.0 +0.0 +0.0 +0.0
lyv/ 2 100.0% +0.0 +0.0 +0.0 +0.0
lev/ 3 100.0% +0.0 +0.0 +0.0 +0.0
3/ 4 100.0% +0.0 +0.0 +0.0 +0.0
/f/ 9 77.8% —33.3 —44.4 —66.7 —55.6
/w/ 3 66.7% -33.3 -33.3 -33.3 +0.0
1/ 82 63.4% +1.2 —-1.2 —-1.2 +2.4
1t/ 35 62.9% +0.0 +0.0 +0.0 —2.9
Iyl 38 60.5% —5.3 =7.9 +0.0 -5.3
e/ 75 60.0% +1.3 -1.3 +0.0 —4.0
/y/ 71 57.7% -14 —2.8 —5.6 —4.2
/oy/ 28 50.0% -3.6 -3.6 -3.6 +0.0
fou/ 49 49.0% —4.1 —6.1 -2.0 —2.0
a1/ 32 43.8% +12.5 +6.2 +9.4 +9.4
/h/ 263 42.2% -3.0 =2.7 -3.0 -3.0
/il 89 39.3% -1.1 +1.1 -1.1 -1.1
/r/ 699 38.8% —24 -1.6 -13 -14
/oz/ 174 36.8% =5.7 —6.3 —8.6 —4.6
e/ 332 36.7% -1.8 +0.0 —2.1 -3.3
/p/ 141 36.2% +4.3 —2.1 +0.7 +1.4
/b/ 155 34.2% +1.3 -1.9 —0.6 —2.6
/n/ 1036 33.2% —0.2 —0.8 +0.0 +0.4
/ex/ 230 33.0% —6.1 —6.1 =7.0 —2.6
N/ 439 30.1% —0.2 -2.1 =2.7 -1.4
1/ 328 27.7% +0.6 —0.3 —3.4 +1.2
/d/ 442 26.9% —-14 —2.0 —4.1 —34
/al 407 26.3% -1.0 —-1.2 -1.5 -1.0
/k/ 383 25.8% —4.4 =5.0 —5.2 -3.9
/z/ 219 25.6% —-14 —0.5 —0.5 -14
1o/ 231 25.5% +0.4 -1.3 -1.7 -1.7
v/ 204 25.0% +0.0 -1.0 —2.0 —1.5
/i/ 232 23.7% —34 —5.2 =5.2 -1.7
1o/ 1215 23.0% =2.7 =21 —2.3 —2.0
/ax/ 364 22.5% —0.3 —0.3 -3.3 -1.1
/a/ 80 22.5% +2.5 +3.8 -3.8 +5.0

/e1/ 169 22.5% +0.0 +0.0 +0.0 —0.6
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Ph. Ref Baseline ARan. APhon. AEmp.Tr. AEmp.CV

1t/ 856 21.6% +0.4 —0.1 —0.6 +0.0
/m/ 267 19.5% —0.4 +1.9 —0.4 —-0.4
/s/ 434 18.9% —-2.8 —2.8 -1.8 -3.0
/x/ 170 17.1% —-1.2 +0.6 +1.2 +1.2
v/ 292 16.4% -1.0 +1.0 —2.7 -1.0
I/ 215 16.3% +0.5 -0.5 -1.4 +0.9

Table 9.6: Per-phoneme PER (%) and A relative to baseline for all 44 phonemes under scratch initialization.
Phonemes sorted by baseline PER in descending order. Negative A values indicate improvement. Per-phoneme
PER is computed as (substitutions + deletions) / reference count.

Ph. Ref Baseline ARan. APhon. AEmp.Tr. AEmp.CV

/nx/ 8 100.0% —12.5 —25.0 —25.0 —25.0
/e1/ 1 100.0% +0.0 +0.0 +0.0 +0.0
/el 2 100.0% +0.0 +0.0 +0.0 +0.0
lyu/ 2 100.0% +0.0 +0.0 +0.0 +0.0
/ev/ 3 100.0% +0.0 +0.0 +0.0 +0.0
/3/ 4 100.0% +0.0 +0.0 +0.0 +0.0
/f/ 9 77.8% -11.1 —22.2 —22.2 -11.1
/w/ 3 66.7% —33.3 +0.0 -33.3 +0.0
/1 82 63.4% +4.9 —24 +1.2 -24
i/ 35 62.9% +0.0 -2.9 —8.6 —8.6
ly/ 38 60.5% +10.5 —-10.5 +5.3 —-2.6
/e/ 75 60.0% 5.3 —-8.0 —4.0 -9.3
y/ 71 57.7% -14 —-8.5 —4.2 -2.8
/ov/ 28 50.0% 7.1 7.1 -3.6 -7.1
fou/ 49 49.0% +0.0 —4.1 +2.0 —8.2
/21/ 32 43.8% +9.4 +0.0 +12.5 +9.4
/h/ 263 42.2% +0.4 —6.8 —0.4 —2.7
/il 89 39.3% +0.0 -1.1 +1.1 +0.0
/r/ 699 38.8% —0.4 —6.6 -2.9 —5.7
Jox/ 174 36.8% +1.1 —5.2 -17 —6.9
/e/ 332 36.7% —-0.9 -3.3 —-0.9 -3.0
/p/ 141 36.2% +3.5 +0.7 +3.5 +2.1
/b/ 155 34.2% —5.2 -7.7 —5.2 -13
/n/ 1036 33.2% +1.4 -1.8 +0.9 -2.0
Jex/ 230 33.0% -3.0 —43 —4.8 —5.2
N/ 439 30.1% —-0.7 -3.0 +0.5 —3.4
n/ 328 27.7% -3.0 —4.6 —-1.2 -1.8
/d/ 442 26.9% -3.8 -1.8 -1.8 —4.5
/a/ 407 26.3% -3.2 -34 -2.2 —-2.7
/k/ 383 25.8% +0.3 —6.5 -13 —44
/z/ 219 25.6% —-0.5 —-0.9 -14 —2.7
/o/ 231 25.5% -13 -3.5 —0.4 -3.9
v/ 204 25.0% +0.5 +0.5 -1.0 —-0.5

/i/ 232 23.7% +1.7 —2.6 +1.7 —2.6
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Ph. Ref Baseline ARan. APhon. AEmp.Tr. AEmp.CV

1o/ 1215 23.0% —2.1 —3.2 —1.6 —2.9
/az/ 364 22.5% —2.2 —2.2 —-0.5 -3.0
/u/ 80 22.5% +1.2 —3.8 +0.0 —3.8
/e1/ 169 22.5% +4.1 +0.0 +2.4 —2.4
/t/ 856 21.6% —0.5 —-1.5 —-0.1 -1.9
/m/ 267 19.5% +1.5 —-1.1 +0.7 +0.7
/s/ 434 18.9% —1.2 —3.2 —-1.2 —0.2
/x/ 170 17.1% —-1.8 —-3.5 —-1.2 —4.1
/v/ 292 16.4% +0.3 —2.1 —-0.3 —2.1

I/ 215 16.3% +1.4 +0.5 +0.5 —2.8
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