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Abstract
As personal health monitoring gains traction, understanding the
menstrual cycle and its relationship with general health be-
comes increasingly important. Despite its relevance, female
health research remains underrepresented, highlighting the need
for more studies and the development of an accurate, acces-
sible, low-effort, low-cost, and non-invasive tracking method.
Comparative statistical research shows that voice characteristics
change throughout the menstrual cycle. Building on this, this
thesis explores whether machine learning methods can identify
patterns in these changes that indicate menstrual cycle phases
and whether they are consistent across individuals or vary from
person to person. To investigate this, two studies will be con-
ducted: a controlled laboratory study and a real-world longitu-
dinal study. Together, these studies will deepen our understand-
ing of how hormonal fluctuations affect the voice and assess the
feasibility of voice-based menstrual cycle tracking.
Index Terms: Menstrual Cycle Tracking, Machine Learning,
Computational Paralinguistics

1. Motivation and Research Question
Menstrual cycle tracking, as a subcategory of health monitoring,
is a part of everyday life for many menstruating people. The
reasons for this are as diverse as the methods used. While some
want to monitor their general health or estimate the onset of
their next period, others use cycle tracking to determine their
fertile days – for example, for contraception or when trying to
conceive. Still others adjust their diet, physical activity, or work
tasks according to the different phases of their cycle.

Depending on the objective, different methods are used for
menstrual cycle tracking. The most well-known is the calendar
method, which estimates cycle phases either by counting for-
ward, based on past cycles, or retrospectively backwards. This
method assumes that the menstrual cycle is regular; however,
for many menstruating people, this is not true. Although this
approach may be sufficient for a rough estimate of the next pe-
riod’s onset, its predictive power is limited.

More precise methods are needed if additional informa-
tion is required – for example, the time of ovulation for preg-
nancy planning or prevention or the specific cycle phase (follic-
ular/luteal). These methods are based on hormonal and physi-
cal changes that occur during the cycle, such as the rise in basal
body temperature at ovulation (which can only be confirmed
retrospectively), changes in the consistency of the cervical mu-
cus, and the detection of the ‘luteinizing hormone (LH) surge’
(which triggers ovulation). The LH surge can be assessed using
test strips, but these are costly and produce considerable waste.

Given the limitations of the current methods – such as irreg-
ular cycles, retrospective insight, material costs, and waste gen-

eration – there is a need for alternative approaches that are ac-
curate, accessible, low-effort, low-cost, and non-invasive. One
such method, which is mostly unexplored, is using voice as a
biomarker for cycle tracking. Various studies have shown that
changes in vocal characteristics occur throughout the cycle. For
example, Bryant and Haselton [1] and Fischer et al. [2] found
an increase in the fundamental frequency (F0) before ovulation.
Fischer et al. [2] additionally reported an increase in the ratio of
unvoiced parts and the noise-to-harmonic ratio (NHR) during
menstruation. Arruda et al. [3] observed a correlation between
low oestrogen levels and reduced F0, as well as increased vo-
cal tension, instability, and jitter. Shoup-Knox et al. [4] found a
significant decrease in shimmer during high fertility phases.

However, not all findings align, which could be due to small
sample sizes, differences in study design (e. g., how phases
were determined), variations in feature extraction methods, and
speaker idiosyncrasies. For instance, Karthikeyan and Locke
[5] reported a lower F0 during the high fertility phase. Simi-
larly, Tatar et al. [6] found lower F0 and higher NHR before
menstruation than during and after. They also observed in-
creased jitter and shimmer before menstruation than after. Fur-
ther, Pavela Banai [7] found that F0 minimum was lower dur-
ing menstruation than in the late follicular phase and that vocal
intensity was reduced in the luteal phase compared to menstru-
ation and the late follicular phase.

While these studies provide valuable insights into how
voice changes over the menstrual cycle, they have primarily
used comparative analyses to investigate differences between
the phases rather than predictive modelling. Little attention has
been given to the potential of machine learning (ML) methods
for menstrual cycle tracking. Unlike traditional statistical anal-
ysis, which examines differences between the cycle phases, ML
can detect complex, non-linear patterns in vocal features. This
could enable the classification of cycle phases, the prediction of
ovulation, and even hormone level estimation.

This doctoral thesis aims to explore whether ML algorithms
can be used to track and predict menstrual cycle phases. The
Research Questions are:

RQ1 Are there vocal features that show consistent changes
across the menstrual cycle for all individuals? Can ML
methods use these features to classify the cycle phase ac-
curately?

RQ2 Are there individual-specific patterns in voice changes
throughout the cycle? Can personalisation methods im-
prove the accuracy of the ML models?

RQ3 Can ML models predict the time until ovulation and/or the
onset of the next period based on voice features?

RQ4 Can ML models estimate hormone levels from voice fea-
tures?



2. Progress Report
We conducted an initial pilot study using a dataset from Pavela
Banai [7], which included 44 naturally cycling women, each
recorded in three phases of her cycle. Eight vocal features were
provided for each recording. We trained several ML classi-
fiers using these features to distinguish between the menstrual
and late follicular phases. Despite the limited feature set, we
achieved a mean accuracy of 60 %, suggesting that voice-based
menstrual cycle phase recognition has potential and should be
further investigated. For a full account, see [8].

3. Workplan
The next step is to collect new data that will allow us to work di-
rectly with the audio recordings and extract additional features.
We plan two studies to investigate the research questions.

First Study – Laboratory: This study aims to establish a
baseline of vocal changes throughout the menstrual cycle under
controlled conditions. For this, we will recruit 44 participants
between 18 and 45 years who have regular cycles, do not use
hormonal contraceptives, and do not show menopausal symp-
toms. Recordings will be made in three distinct phases of their
menstrual cycle – early follicular (menstruation), late follicular
(ovulation), and late luteal. These phases were selected because
they represent the most hormonally distinct times in the men-
strual cycle. The phases will be determined using the calendar
method and ovulation tests.

Participants will visit the laboratory on the appropriate
dates and perform several tasks, including sustained vowel pro-
duction, text reading, and free speech. Recordings will be anal-
ysed using acoustic features extracted with Praat as well as var-
ious feature sets (e. g., EGEMAPS [9], LIWC [10]) and a com-
bination of statistical significance analysis and ML algorithms
(e. g., SVM, XGBOOST). We will also explore possible im-
provements through personalisation techniques. The study has
been approved by the responsible ethics committee and will be
carried out in Mid 2025.

Second Study – Field: This study will investigate whether
voice-based cycle tracking is feasible in real-world settings and
explore individual-specific changes. For this, we plan a longitu-
dinal study in which participants will provide daily voice sam-
ples using their smartphones across three consecutive cycles.
Saliva tests will be used to assess the phases, as they provide
accurate hormone levels and can be stored in the participants’
freezers.

4. Challenges
Challenges arise mainly due to the nature of the studies.

Confounding Factors: There are various potential con-
founding factors such as mood, illness, and substance use.
While we will try to reduce their influence, we will also need
to account for them during analysis using self-reported data.

Time of Day and Experimenter Effects: In the laboratory
study, the presence of different experimenters (especially those
of different genders) and variations in recording time could in-
troduce inconsistencies. While we will standardise recording
times as much as possible, some fluctuations are unavoidable.

Noise and Recording Conditions: In the field study,
recordings will be made in different environments with personal
smartphones and, therefore, varying microphones. To control
for this, participants will be asked to record in quiet settings
and start with a clapping sound to assess room acoustics. We

will also collect metadata on the recording devices to investi-
gate hardware-related variability.

Funding for Saliva Tests: For the second study, we plan
to do daily saliva sampling over 90 days. If funding is unavail-
able, we will use basal body temperature to estimate ovulation
instead. While this is more affordable, it will not allow us to
determine precise hormone levels to investigate RQ4.

Participant Recruitment and Compliance: Recruiting
participants and ensuring their compliance is challenging, par-
ticularly in the longitudinal study. Interest seems high, espe-
cially if we provide hormone test results. If saliva testing is not
possible, we will offer an alternative incentive. We also plan
to conduct speaker identification tests to ensure that all audio
recordings are from the same person.

Inclusivity vs Sample Size: Menstruation affects not only
cis women. We aim for inclusivity while maintaining a reason-
able sample size. We will exclude individuals using hormonal
contraceptives, as these alter natural hormonal fluctuations.

Ethical and Privacy Concerns: Ethical approval has been
obtained for the first study and will be obtained for the sec-
ond. Confidentiality and informed consent are priorities, ensur-
ing participants fully understand how their data will be used.

5. Discussion of (Expected) Results
Investigating whether voice recordings can be used to track and
predict menstrual cycle phases will provide new insights into
how hormonal fluctuations affect voice features. This research
will provide insight into the changes in vocal features across the
menstrual cycle and whether these are consistent across indi-
viduals or vary from person to person. This could give rise to a
whole new way of menstrual cycle and fertility tracking. How-
ever, while we see many opportunities for using voice to track
hormonal fluctuations, further research will be necessary. First,
we will focus on naturally cycling individuals, as hormonal con-
traceptives alter hormone levels and suppress the natural fluc-
tuations that influence voice features. Therefore, our research
will not account for the changes in hormone levels due to hor-
monal contraceptives. Second, while we will aim for diversity
in our sample, some criteria, such as language, vocal training,
and smoking behaviour, are necessary to reduce confounding
variables and keep the sample size reasonable. Third, we focus
our research on tracking and predicting cycle phases. While we
will determine them by assessing the levels of oestrogen and
progesterone, we will not record other hormones. Therefore,
the next step could be to expand the research to include further
sex hormones, to investigate hormonal imbalances which can
be indicative of a variety of health issues.

6. Contribution
In line with this year’s Interspeech theme – ‘Fair and Inclusive
Speech Science and Technology’ – we believe that investigat-
ing voice changes throughout the menstrual cycle is essential,
as these changes affect a group that is often overlooked or ne-
glected. Research in this area can help raise awareness of these
changes and highlight the importance of their consideration for
other fields, such as personalised applications and voice recog-
nition tools. This could also help make cycle tracking more pre-
cise, benefiting both individuals and researchers by providing
an accurate, accessible, low-effort, low-cost, and non-invasive
method to determine and predict cycle phases. Additionally, we
plan to make the data from the second study available (on re-
quest), enabling other researchers to advance this field further.
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1. Background and Motivation
1.1. Predictive turn-taking

Turn-taking is predictive as listeners plan their next turn while
the speaker is still speaking [1, 2]. However, most turn-taking
algorithms for human-robot interaction react to the silence after
a turn [3]. This leads to human-robot interaction that is less fluid
than human interaction [4, 5]. Predictive turn-taking models
(PTTMs) overcome this limitation by learning human-like turn-
taking from corpora of human interaction. They continuously
predict shifts between speakers [6, 7, 8, 4], akin to human turn-
taking [9].

1.2. Gaps in the literature

We have identified a number of gaps in the turn-taking literature
as part of this thesis, currently in its final year.

1.2.1. The use of manual transcription in narrow domains

PTTMs require annotations of each speech segment for train-
ing [7, 10, 11]. This typically consists of utterance boundaries
derived from manual transcription [7] which include nonlexi-
cal aspects of the speech signal e.g. filled pauses [12]. Much
of the work in the turn-taking literature has hence focussed on
telephone speech using the manually transcribed Switchboard
corpus [13, 14, 10, 11]. Automatic speech recognition (ASR)
can vastly increase the amount of data available for PTTM train-
ing, enabling new domains to be considered. However, ASR
transcription PTTM development has not been explored and the
literature lacks detail about ASR transcript quality for natural
conversational interaction.

1.2.2. The restriction of models to a single modality

When interlocutors can see one another, multimodal cues includ-
ing syntax, prosody and gaze support turn-taking [15]. However,
state-of-the-art PTTMs rely exclusively on either audio [11, 10]
or text alone [16, 17]. It is unclear how including multiple
modalities impacts PTTM performance.

1.2.3. No analysis of performance in noise

PTTMs will be deployed in-the-wild, where they will inevitably
encounter diverse sources and levels of noise. PTTMs have to
date only been tested on interactions free from background noise
[3, 18]. The impact of noise on PTTM performance is therefore
unknown. Access to visual cues assists human language com-
prehension in noise [19]. It is unknown whether a multimodal
PTTM would be able to similarly exploit the visual modality.

1.2.4. Limited analysis of PTTM sensitivity to multimodal cues

Humans make use of important cues from multiple modalities in
turn-taking [20]. Prosody enables a human listener to determine
the end of a question with multiple points of completion: "are
you a student / here / at this university?". PTTMs have been
shown to be sensitive to prosodic cues [8]. However, there are
many cues a PTTM might exploit which remain unexplored.
Notably, nonverbal cues from the listener remain unexplored, as
most PTTMs do not use any visual features.

1.3. Research Questions

We have therefore proposed the following research questions:
• RQ.1 Can turn-taking models be trained using automatically

transcribed data?
• RQ.2 Can visual cues improve the performance of predictive

turn-taking models?
• RQ.3 Can predictive turn-taking models effectively use multi-

modal cues in a human-like manner, e.g. to improve perfor-
mance in noise and to resolve lexical ambiguity?

2. Results to Date
2.1. Conversational ASR

We conducted an evaluation of 3 commercial and 3 open source
ASRs on conversational speech [21]. Commercial ASR had half
the WER of open-source ASR 7.9-9.4% vs 19.4-34.1 % WER).
The most frequent errors were non-lexical words (uhm, ehm).
Commercial ASR preserved 80% of these words, compared with
only 20% in open-source. We published our analysis [21].

2.2. Audio-only turn-taking

We focus on predicting turn-taking in dyadic human-human in-
teraction. We re-implemented and re-trained the VAP model, a
state-of-the-art audio-only turn-taking model [10, 11]. It uses
the timings of speech segments extracted from a time-aligned
transcription. Table 1 shows the model performance on distin-
guishing holds (no speaker change) from shifts (speaker change)
on Switchboard (260 hr telephone) and Candor corpora (870
hr videoconference) corpora [22]. The impact of ASR is small,
validating its use to train and test PTTMs.

2.3. Including the visual modality in turn-taking

Next, we conducted a cross-corpus analysis. When training on
Candor and deployed on Switchboard, we found minimal change
in F1 hold (0.89 to 0.88), but F1 shift score dropped considerably
(0.71 to 0.27). We analysed facial action units and found en-
hanced listener lip, jaw and brow movement immediately before



Table 1: Average shift/hold prediction performance of the VAP
model on Candor (CND, videoconference) and Switchboard
(SWB, telephone) evaluated during silence between turns.

Corpus Alignment F1 (Weighted) F1 (Hold) F1 (Shift) Accuracy
(Balanced %)

SWB ground-truth 0.82 0.89 0.47 67
SWB ASR 0.81 0.89 0.45 65
CND ASR 0.83 0.89 0.71 79

a turn. Our hypothesis is that non-verbal behaviours form vital
turn-taking cues when interlocutors can see one another. This
hence changes the way interlocutors use the audio channel, mak-
ing a PTTM trained on videoconferencing speech insufficiently
accurate in a telephone speech deployment.

We proposed MM-VAP, a novel multimodal turn-taking
model which incorporates speech as well and non-verbal facial
expression, gaze and head pose features [23]. Each speaker’s au-
dio and visual features are modelled by transformer blocks with
self- and cross-attention. We found the inclusion of visual cues
led to a significant performance increase above the audio-only
model across a range of metrics (hold/shift prediction in Table 2).
Notably, shift prediction benefited the most from the inclusion
of visual cues. We conducted an ablation study which shows that
facial action unit features were consistently the largest contribu-
tors to performance across all types of turn shift. We published
MM-VAP and our analysis [24, 23].

Table 2: Average shift/hold prediction across 5 folds on the
Candor corpus (best in bold). a = audio only, v = video-only, and
a+v = multimodal; e = early fusion, l = late fusion. Percentage
change relative to the audio-only model is provided.

Model F1 (Weighted) F1 (Hold) F1 (Shift) Accuracy
(Balanced %)

a 0.83 0.88 0.70 79
v 0.72 ↓14% 0.82 ↓8% 0.47 ↓33% 68 ↓15%
a+v (e) 0.84 - 0.90 - 0.74 ↑5% 82 ↑3%
a+v (l) 0.86 ↑3% 0.90 ↑2% 0.74 ↑6% 83 ↑4%

2.4. Robust turn-taking in noise

Next, we tested both VAP and MM-VAP by adding babble, music
and speech (random overdubbed utterances) noise to the Candor
corpus. Our results showed that both VAP and MM-VAP were
surprisingly brittle, with hold/shift prediction accuracy dropping
to just 51% accuracy in +10dB of music noise. Adjusting train-
ing to include examples of noisy data improved performance
significantly to 64-75% (VAP and MM-VAP, respectively). The
performance of MM-VAP remained consistently higher, equiv-
alent to a +10 dB gain in signal-to-noise ratio, illustrating the
use of multimodal features to overcome noise. Performance of
models trained exclusively on babble and music did not gener-
alise to other sources e.g. 51% on speech and music. However,
models trained on speech noise performed well on types of noise
unseen during training (70-76% at 0dB SNR). Mixing in random
speakers appears to ‘force’ MM-VAP to use visual information,
rather than relying on the acoustic properties of the noise. We
published this work [25].

We show VAP and MM-VAP model outputs for a shift be-
tween two speakers in Figure 1. Note how the model favours
speaker 1 (red) before the culmination of speaker 0’s turn (grey).
Note the strong performance of MM-VAP in 0dB babble noise,
when compared with the audio-only VAP model.

Figure 1: Model output during a shift in the Candor corpus
(unseen during training). Speaker 0 (grey): "So uhm would you
feel comfortable telling me about what you do for a living?",
Speaker 1 (red) "Uhm yeah well for the most part I test and tweak
algorithms". VAP (audio) and MM-VAP (audio+video) model
output is shown in clean speech (B) and 0 dB babble speech (C)

3. Work in Progress
We are currently working on LLM-based turn-taking models.
The below figure shows the outputs of two GPT-2 turn-taking
models on Switchboard. The figure shows a state-of-the-art text-
only model [26] incorrectly predicting the end of turn at points
of syntactic completion mid-utterance.
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We have proposed a GPT-2 based LLM model which in-
corporates an acoustic front-end [27], and shows the output in
orange. The inclusion of the acoustic features resolves the lexi-
cal ambiguity, as no turn-shift is predicted. We plan to further
extend this model to incorporate a visual front-end.

4. Challenges and Future Work
A challenge in our work is determining precisely which multi-
modal cues our PTTMs is sensitive to. We are conducting an
analysis of known turn-taking cues (F0, vowel lengthening, lis-
tener gaze, etc.), and assessing whether the LLM-based models
use them to resolve lexical ambiguity. We plan to submit this
work in August, and the thesis will be written Sept - Dec 2025
with the defence in Feb 2026 (approximate timeline).

5. Contributions
Our main contributions and publications are briefly:
• First comprehensive analysis of ASR for conversational

speech transcription [21]
• Validation of the suitability of ASR for PTTM training
• Extension of PTTM to include visual features [23, 24]
• First analysis of PTTM performance in noise [25]
• Analysis of multimodal PTTM senstivity to known human turn-

taking cues (in progress, planned publication)
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Abstract

My doctoral research focuses on advancing emotion-preserving
voice conversion (VC) for speech anonymisation, with particular
emphasis on non-standard speech such as elderly and pathological ut-
terances. Standard anonymisation pipelines often discard expressive
or clinically relevant vocal traits, limiting their applicability in real-
world domains like digital healthcare and affective computing. To
address this, I propose novel VC frameworks and loss formulations
that disentangle speaker identity, emotion, and pathology-related
speech properties, enabling effective anonymisation even under
noisy, low-resource, and non-parallel data conditions.
Index Terms: speech anonymisation, voice conversion, DDSP

1. Introduction
The increasing use of cloud-based speech devices, such as smart
speakers and microphones, raises significant concerns regarding the
protection and confidentiality of sensitive user data [1, 2]. In cases
of data compromise, recorded speech can be exploited to bypass
speaker verification systems or impersonate authorized users, posing
severe privacy and security threats [3, 4]. Therefore, anonymising
speech data before sharing it across systems has become imperative.
Voice conversion (VC) achieves anonymisation by altering the
speech characteristics of a source speaker to sound like a different
target speaker while preserving linguistic content.

Preserving emotional content and domain-specific vocal traits
during anonymisation is crucial, especially when digital assistants
or healthcare monitoring systems respond based on emotional states
or clinical vocal markers. Current VC approaches [5] either rely
heavily on parallel datasets, which are expensive and impractical
to obtain, or utilize non-parallel data, which is more representative
of real-world conditions [6].

Existing VC approaches [5], while varied, present key limita-
tions. Traditional VC methods [7] based on parallel data, such as
parametric statistical modelling, exemplar-based techniques, and
neural network approaches, are impractical due to their dependency
on paired source-target recordings, which are costly and labour-
intensive to obtain. Recent methods employing non-parallel data,
including encoder-decoder models with phonetic posteriorgrams
(PPGs) [8, 9] and variational autoencoders (VAEs) [10, 11], often
produce conversions characterized by unnatural prosody and emo-
tional flattening due to spectrum smoothing and alignment inaccu-
racies. GAN-based frameworks, notably StarGANv2-VC [12], have
improved naturalness and intelligibility through adversarial training
and cycle-consistency constraints. However, even these state-of-the-
art models struggle significantly in preserving nuanced emotional ex-
pressions and critical prosodic variations, particularly in scenarios in-
volving diverse emotions, highly variable pitch, and atypical speech
patterns such as those found in elderly or pathological speech [13].

2. Research Questions
My research addresses the limitations of current VC methods that
fail to preserve emotional nuance, prosody, and clinically relevant
vocal traits. I aim to develop robust VC frameworks that anonymise
speech while explicitly retaining emotional and domain-specific
cues, even under noisy and limited data. A key focus is on designing
models that disentangle speaker identity from paralinguistic features.
I also develop evaluation protocols that ensure both linguistic and
diagnostic fidelity, critical for applications in digital health and
affective computing. The key research problems I address are:

• RQ1: How can speech be anonymised while preserving
emotional expression?

• RQ2: How can perceptual quality and intelligibility be improved
without increasing model complexity?

• RQ3: How can clinically relevant markers in pathological speech
(e.g., jitter, shimmer) be retained after anonymisation?

• RQ4: How can effective anonymisation be achieved with limited
and noisy data?

• RQ5: How can pathological regions (e.g., dysfluencies) be de-
tected and segmented using weak labels for rigorous evaluation?

3. Methods
My research follows an incremental path, beginning with emotion-
preserving voice conversion on healthy speech and progressing
toward handling pathological data, motivated by practical needs
and key gaps in voice anonymisation:
Emotion-Preserving Voice Conversion: To address RQ1,
preserving emotional content in anonymised speech, I developed
a semi-supervised GAN-based voice conversion framework, Emo-
StarGAN [6] that combines direct and indirect emotion supervision.
The direct pathway uses an adversarial emotion classifier trained
to distinguish emotional states from converted speech, guiding the
generator to retain emotional expressivity. Indirect supervision
involves computing losses using handcrafted acoustic descriptors,
such as ∆F0, loudness, and spectral centroid, along with deep
emotion embeddings from a pre-trained encoder fine-tuned on an
emotion conversion task. These losses capture the emotion-related
discrepancy between the original and the converted samples.
Crucially, the proposed losses are model-agnostic and improve
emotion preservation across architectures, including VQ-VAE [14].
Perceptual Quality Enhancement: Despite the gains in emotion
preservation achieved through the method addressing RQ1, the
converted speech exhibited degraded perceptual quality. To mitigate
this, I introduced perceptual loss functions [14] that operate on
two complementary fronts: (1) optimal transport-based feature
alignment (F0 and formants), which aligns intermediate activations
from the generator with the original utterance, and (2) formant



Figure 1: Overview of the proposed anonymisation and evaluation pipeline. SSM⟨·⟩ represents a layer of the self-supervised model.

trajectory loss, which explicitly constrains formant dynamics
to preserve articulatory structure. These losses significantly
reduced artifacts and improved speech intelligibility. Importantly,
these enhancements were achieved without adding architectural
complexity, thus addressing RQ2 effectively.
Domain-Adaptive Conversion with Limited Data: The
GAN-based method developed for healthy emotional speech did
not generalize well to pathological speech. This was primarily
due to limited data availability, constrained by privacy and ethical
considerations, and the presence of significant acoustic variability
and noise in pathological speech. The GAN tended to overfit to
these artefacts, degrading performance. This motivated the need for
a more data-efficient framework capable of capturing relevant repre-
sentations, such as emotion and phonetic content, while being robust
to the non-linguistic noise commonly present in pathological speech.

To address this, I developed a more data-efficient framework,
DDSP-QbE [13] based on differentiable digital signal processing
(DDSP) [15], designed to extract relevant features, such as emotion
and phonetic content, while remaining robust to spurious variability.

The architecture, illustrated in Figure 1, consists of three
key components. The first stage requires no training: phonetic
embeddings from the source speaker S are mapped to those
of a target speaker T using query-by-example (QbE) matching.
For every 25 ms frame, embeddings from the lth layer of a
self-supervised model (SSM), such as WavLM [16]), are compared
to a pool of embeddings from T , and the n nearest neighbours
are averaged to form converted phonetic representations. These
representations, combined with prosodic features, are fed into
a Conformer-based fusion module [17], which predicts DDSP
parameters and F0 required for synthesis [15]. In the third
stage, a subtractive synthesiser generates harmonic and stochastic
components that are combined to produce the final waveform.

To preserve emotional content and naturalness, I incorporate the
emotion- and quality-related losses described earlier (RQ1 and RQ2).
Additionally, to retain clinically relevant characteristics in patho-
logical speech (RQ3), I introduce pathology-specific loss functions
computed over features such as jitter and shimmer. These losses
guide the model to maintain diagnostic markers during conversion.

The resulting system improves intelligibility, prosody, and the
preservation of domain-specific traits while achieving effective
anonymisation. A summary of objective evaluation results is
provided in Table 1.
Fine-Grained Pathological Speech Segmentation: Given
the critical importance of precisely evaluating domain-specific
characteristics in anonymised speech, I developed a semi-supervised
graph-based segmentation method catering to RQ5, StutterCut1.

1accepted at Interspeech 2025

Table 1: Evaluation Summary: A comparative analysis of the
proposed method and a strong baseline across key metrics. Emotion
Preservation and Pathology Preservation scores are obtained
from expert and user ratings, indicating how well each model
retains expressive and clinical vocal traits. Mean Opinion Score
(MOS) reflects perceived naturalness on a 5-point scale (1 =
robotic/unnatural, 5 = natural/human-like). Character Error
Rate (CER) measures intelligibility, while Equal Error Rate (EER)
assesses anonymisation effectiveness.

Method Pathology Pr. [%] ↑ Emotion Pr. [%] ↑ MOS ↑ CER [%] ↓ EER [%] ↑

Baseline 67.8 68.1 2.41 18.15 50.16
Proposed 78.1 77.4 3.39 1.04 48.98

This framework partitions speech into dysfluent and fluent regions
using embedding similarities refined through classifier-guided
uncertainty constraints. The method effectively utilises weak,
utterance-level labels and demonstrates high temporal precision
in localising dysfluencies. To rigorously benchmark my proposed
VC approach, I introduced and publicly released a strongly
labelled dataset specifically annotated at the frame-level for various
dysfluency types (e.g., blocks, repetitions, prolongations).

These interconnected methodological steps culminate in a com-
prehensive voice conversion and analysis pipeline, shown in Fig. 1.

4. Conclusion and Future Work
I have developed an initial voice anonymisation framework capable
of preserving emotional and diagnostic traits in both typical
and pathological speech. Preliminary evaluations and a released
pathology-labelled dataset demonstrate its potential for responsible
use in clinical and accessibility contexts.

Moving forward, I aim to expand the framework to support
additional languages and a broader range of speech disorders.
Enhancing the dysfluency segmentation module with adaptive
windowing and richer acoustic-prosodic features is also a priority.
Additionally, I plan to integrate audio watermarking techniques to
enable traceability of converted speech and prevent misuse, paving
the way for safe, inclusive, and deployable anonymisation systems.
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Abstract
The relationship between prosody and text plays a crucial role in
the Text to Speech (TTS) task, where prosody is commonly pre-
dicted from text in order to improve the naturalness of synthe-
sized speech. However, little if any work has been done on the
inverse problem, that is, generating text that fits a given prosody.
We believe that modeling this inverse relationship could lead to
interesting and diverse applications, especially when coupled
with the power of contemporary LLMs. Therefore, we propose
a novel task, which we call Prosodical Guiding. The goal of
the task is to steer the output of an LLM to fit the prosody of
a given speech recording. As a first-shot architecture aimed
at solving the task, we propose Meligner (Melodic Aligner),
which works by rescoring each token during the LLM’s decod-
ing phase. Each token is rescored based on the token’s compati-
bility with the specified prosody, as judged by a separate model
trained on (prosody, transcription) pairs. Finally, we showcase
various use cases of the Prosodical Guiding task, and describe
our current progress.
Index Terms: prosody, VQ-VAE, Fundamental frequency, F0,
Energy, embeddings, rescoring, LLM

1. Introduction
We propose a novel task, which we call Prosodical Guiding.
The goal of Prosodical Guiding is to extend the prompt-based
method of interaction with LLMs by allowing the user to upload
a custom recording of speech, in addition to the textual prompt.
The LLM would then generate text based on the prompt, that
at the same time fits the prosody of the speech recording. This
set up would allow the user to freely vary both the LLM prompt
and the desired prosody, leading to a degree of control that is im-
possible with current text-based models. The use cases of such
system are highly varied, ranging from creative writing aids to
unintelligible speech decoding, or even emotional speech trans-
lation. They are described in greater detail in Section 3.

To enable these applications, we propose the Meligner ar-
chitecture. Meligner works by rescoring each token in the
LLM’s decoding phase based on the token’s compatibility with
the specified prosody. As a judge of compatibility, we propose
using a model trained to predict text from prosody. Since, to the
extent of our knowledge, no such model has been published so
far, this thesis aims to train a first-of-its-kind model that learns
this relationship.

2. Methods
As a first-shot architecture aimed at solving the Prosodical
Guiding task, we propose Meligner (Melodic Aligner). The
Meligner architecture (See Figure 1.) works by employing

a separate rescoring model; a Sequence-to-sequence model
trained on (F0+Energy, transcription) pairs. The textual prompt
is processed in the standard way by the LLM, while the F0 and
Energy features are first jointly embedded into vectors, and then
fed into the rescoring model. The rescoring model is then used
during the decoding stage of the LLM, where it assigns each
candidate token a score representing the ’goodness of fit’ be-
tween the token and the prosody. This score is merged with the
LLM’s next token probabilities, steering the decoding process
towards prosody-compatible tokens.

2.1. Embeddings generation

To convert the F0 and Energy trajectories into vector embed-
dings, we make use of a Vector Quantized Variational Autoen-
coder (VQ-VAE) [1]. The VQ-VAE consists of an encoder,
a bottleneck layer containing a learnable codebook, and a de-
coder. To obtain our vector embeddings, we feed the trajec-
tories into the encoder and extract the latent vectors from the
bottleneck layer.

2.2. Rescoring model

To teach our rescoring model the correspondence between
prosody and text, we cast the problem into a translation task. We
consider the F0+Energy embeddings to be a sort of language,
and we try to translate this ’prosodic embedding language’ into
the transcription of each recording. While any seq2seq model
can be used, we use the standard Transformer architecture con-
forming to [2]. We train our models on the LibriTTS [3] dataset.

2.3. Evaluation

As a performance benchmark for development, we make use
of the recording transcription, since it trivially fits the prosody
of the recording. We propose a scheme whereby we let the
LLM generate text freely with a generic prompt, such as ”Gen-
erate an English sentence.”, and try to steer its output toward
the transcription of the provided speech recording, using only
the prosodical features of the speech as input. However, since
we do not expect any model to be able to recover the full tran-
scription, due to the problem being one-to-many in nature, we
instead measure the rank of each word from the transcription at
each decoding stage. The full system with non-generic prompts
will be evaluated using human evaluation.

3. Use cases
Preserving the standard textual prompt of the LLM grants the
Prosodical Guiding task broad applicability. Any prompt that
could benefit from the ability to specify a desired prosody can
be considered a use case of Prosodical Guiding. In this Section,



Figure 1: Illustration of the Meligner architecture.

we propose just a few of the possible use cases.

3.1. Creative writing aid

Being able to guide text generation by prosody could allow au-
thors to take existing dialogues and write alternative ones with
identical emotional content. One could take, for example, a di-
alogue about topic A and turn it into a dialogue about topic B,
while exactly preserving the emotional content of the original.

Additionally, when writing advertisement slogans or simi-
lar, Prosodical Guiding could make it possible to automatically
generate a fitting text to a custom, pre-crafted prosody. This
could allow copywriters to focus their efforts on crafting the
ideal, catchy melody for their slogans, leaving it to the Prosod-
ical Guiding model to fill in the words after the fact. One could
even imagine writers crafting ’prosodical templates’ optimized
for maximum emotional impact, which then get filled with con-
tent as needed. This could also allow, for example, rap artists,
to mumble incoherent speech with their desired prosody, and
have it automatically converted into lyrics on the topic of their
choosing.

3.2. Expressive speech translation or dubbing

The Prosodical Guiding framework could help human transla-
tors translate expressive speech, such as when dubbing movies
into different languages. In contrast to the current state of the
machine translation field, which is mainly focused on matching
the human level of translation, Prosodical Guiding could instead
help humans discover better, more creative translations that are
unburdened by the literal meaning of the original sentence.

The user would input translated text leading up to the sen-
tence to be translated into the LLM prompt, and ask the LLM
to generate a continuation of the text. As audio input, the user
would upload the recording of the sentence to be translated.

Our assumption is that by limiting the space of possible
continuations to those that naturally flow from the previously
translated text (LLM), and at the same time have the same emo-
tional content as the original sentence (prosody), we can carve
out from the vast space of possible continuations a small space
where many good translations ”live”. The user can then nav-
igate this limited space by making adjustments to the LLM
prompt, and discover new and original translations in the pro-
cess.

3.3. Unintelligible speech decoding

When conducting Automatic Speech Recognition under condi-
tions where phonemes are unintelligible, i.e. muffled speech,
our approach could lead to generating text that, while not ex-
actly accurate, preserves the intent of the speaker. Coupled with
the context provided by the user in the prompt, this approach
could help to iteratively decode unintelligible speech.

4. Current state of work
We have conducted a study on generating high-quality F0 em-
beddings, as well as joint F0 and Energy embeddings, to be
used in the rescoring model. Unfortunately, the prosody-text
relationship is not a very clear one, and we are struggling to
train our rescoring model to learn any meaningful relationships.
To help the rescoring model to train, we plan to use much larger
datasets (YODAS [4]), as well as experiment with word-level
joint F0+Energy embeddings, where we would try to predict in-
dividual words at a time, as opposed to whole sentences. In the
future, we also plan to experiment with replacing the LLM with
the novel language diffusion models [5], which we find to be
better suited for the task, due to their non-autoregressive nature.

5. Conclusion
We have proposed Prosodical Guiding, a novel task that in-
volves using prosody of speech, provided as an additional audio
input, to guide the text generation process of Large Language
Models (LLMs). Since the task is designed to preserve the stan-
dard textual prompt of the LLM, its applications are as varied
as the number of prompts one can come up with. We have also
proposed a rescoring-based architecture, Meligner, as a first-
shot attempt at solving the Prosodical Guiding task. Finally, we
have showcased various use cases of the proposed task.
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Abstract
Speech enhancement is a widely explored field and con-

tributes to improving communication efficiency. However, most
of the speech enhancement algorithms were designed and tested
on native listeners, despite the fact that non-native listeners are
facing more challenges when listening in noisy conditions. This
paper summarises my PhD research on exploring a speech en-
hancement method for non-English speakers, specifically, Man-
darin listeners, to improve their intelligibility when listening
in noise. This research first explored the effect of existing
speech enhancement methods on Mandarin listeners, and anal-
ysed the results from a phonetic aspect, then designed an algo-
rithm specifically for Mandarin listeners.
Index Terms: non-native perception, speech enhancement,
phonetics

1. Introduction and Research Questions
Understanding speech in noisy environment is a fundamental
challenge in both everyday communication and speech technol-
ogy development. Listeners’ ability to comprehend speech un-
der such conditions can be influenced by multiple factors, in-
cluding the type and level of background noise, the listener’s
first language, and the language being spoken [1, 2]. Numerous
studies have demonstrated that non-native (L2) listeners gen-
erally experience greater difficulty in noise compared to native
(L1) listeners [3]. This is partly because L2 listeners are often
less sensitive to the acoustic-phonetic cues and less experienced
in utilising such cues in the presence of noise [4].

Despite the development of numerous speech enhancement
(SE) algorithms aimed at improving intelligibility in noise, most
have been designed and evaluated with L1 users only [5, 6].
As a result, little is known about the effectiveness of these al-
gorithms for L2 users, who may employ different perceptual
strategies depending on their linguistic background. For exam-
ple, speakers of tonal languages such as Mandarin may pro-
cess speech differently from speakers of non-tonal languages
like English [7]. Furthermore, the age of immersion in the tar-
get language also plays an important role in L2 speech percep-
tion capabilities. Earlier immersion typically results in supe-
rior speech intelligibility, particularly under challenging listen-
ing conditions [8, 9]. These factors collectively highlight the
need to explore the development of SE algorithms specifically
for L2 listeners.

This PhD research addresses this gap by focusing on
Mandarin-speaking L2 listeners’ perception of New Zealand
English (NZE) in noise. Four principal research questions (RQ)
guide this investigation:

1. How effective are existing single-channel SE algorithms at
improving the intelligibility of NZE for Mandarin listeners

with different levels of exposure to NZE?
2. How do Mandarin listeners perceive noisy NZE speech at the

phonetic level?
3. Can linguistic features from Mandarin be used to help Man-

darin listeners better understand NZE?
4. How to design a SE algorithm that is specifically tailored for

Mandarin listeners by utilising the phonetic knowledge?

2. Results So Far
This section introduces the investigations undertaken to address
the research questions. The study began with a subjective listen-
ing test evaluating the effectiveness of existing SE algorithms
in improving the intelligibility of NZE for Mandarin listeners.
Based on participants’ responses, a subsequent phonetic anal-
ysis was conducted to identify systematic patterns of phonetic
confusion. According to the main vowel errors made by the
Mandarin listeners, a pitch modification on vowels was imple-
mented to investigate whether Mandarin listeners can utilise
pitch, which is an important factor in intelligibility in their na-
tive language, to improve their perception of NZE as well. The
findings and potential underlying factors are briefly discussed.

2.1. Research Question 1: SE Algorithm Effectiveness

To address RQ1, a subjective listening test was conducted,
evaluating five widely recognised single-channel SE algorithms
representative of different stages in SE technology develop-
ment: A priori Wiener filter (WF)[10], generalised subspace
(SS)[11], unsupervised Bayesian non-negative matrix factori-
sation (NMF)[12], convolutional time-domain audio separation
network, (Conv)[13], and deep complex U-net (Unet)[14]. In
addition, the intelligibility of unprocessed noisy speech was in-
cluded as a baseline condition for comparison.

Three groups of participants were recruited, categorised by
their age of immersion in NZE:
• Early-immersed (NZE) group: 20 NZE listeners who had ar-

rived in New Zealand before the age of 12 years old.
• Late-immersed (NZM) group: 19 Mandarin listeners who

had been immersed in New Zealand English for more than
one year after the age of 15.

• Non-immersed (CM) group: 19 Mandarin listeners residing
in Mainland China who had never been immersed in English-
speaking environments.

Participants listened to NZE speech from the SPANZ
BKB corpus [15], contaminated by multi-talker babble [16] or
speech-shaped noise (SSN) at varying SNRs (babble: 0, -3, -6
dB; SSN: -3, -6, -9 dB).

Figure 1 illustrates the linear prediction of the proportion
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Figure 1: Predicted proportion correct from linear mixed effect
model under different noise types in terms of immersion condi-
tion separated by algorithms. The error bars represent the 95%
confidence intervals.

correct of the participant groups separated by SE algorithms.
The results showed that the tested SE algorithms failed to im-
prove and rather degraded the speech intelligibility of all partic-
ipants in most cases. As expected, the NZE group always yields
significant higher intelligibility than the Mandarin groups. The
data also revealed that the intelligibility decreases as the age
of immersion increases, with the NZM group significantly out-
performing the CM group at higher SNR levels. However, this
advantage disappeared at lower SNR levels (-3 dB for babble
noise and -9 dB for SSN). The findings suggest two key issues:
First, current SE algorithms do not improve the speech intelligi-
bility for listeners under negative SNR conditions. Second, they
fail to narrow the perception gap between L1 and L2 listeners.

2.2. Research Question 2: Phonetic-Level Analysis

Based on the participant responses from Section 2.1, a de-
tailed phonetic analysis was conducted to explore error patterns.
Unlike most SE studies, that assess intelligibility solely on
word-level correctness, this study investigated phoneme-level
confusions. Errors were analysed by comparing the phonetic
components of the stimulus keywords and the participants’ re-
sponses. Key findings include:
• Consonant errors were dominated by dropped codas or on-

sets, likely due to noise masking where these phonemes were
treated as noise and suppressed by SE algorithms.

• The NZE group exhibited fewer phonetic errors compared to
the Mandarin groups for both vowels and consonants.

• Both Mandarin groups exhibited vowel confusions at-
tributable to their unfamiliarity with NZE vowels, including
the /e/-/I/, /æ/-/e/, and /3:/-/u:/ confusions [17, 18].

• NZM participants showed fewer vowel confusions than CM
participants, presumably due to immersion effects.

2.3. Research Question 3: Fundamental Frequency Manip-
ulation

Building on the phonetic findings, RQ3 explores phonetic-level
perception improvement strategies. Given that consonants were
primarily masked by noise and treated as artifacts by SE algo-
rithms, the focus shifted to vowel enhancement. The vowels
/ae/, /e/, /I/, and /i/ were selected as targets due to their frequent
confusion across all listener groups and their association with
NZE characteristics.

Considering that Mandarin is a tonal language and native
Mandarin speakers are sensitive to pitch change, while pitch,

or fundamental frequency (F0) is also an important factor in
speech perception, the research investigated whether pitch mod-
ification could enhance Mandarin listeners’ vowel identification
in noise. Since limited literature has investigated the effect of
F0 on Mandarin listeners’ perception in English, a subjective
test was conducted by modifying the F0 of /ae/ and /e/ with a
high-fidelity speech synthesiser, STRAIGHT [19], and added
with babble noise at different SNR levels (at 0 and -6 dB SNRs
and no noise). Both native NZE listeners and native Mandarin
(NM) listeners participated in vowel identification tasks involv-
ing /ae/, /e/, /I/, and /i/ vowels in hVd format.

The result showed no significant change in vowel identifica-
tion accuracy for the NZE group by changing the F0. However,
the NM group had a trend of accuracy improvement when the
F0 is lowered for /e/ by reducing the /e-i/ confusion when noise
is absent. Such a trend is statistically significant when the F0
is lowered by 4 semitones. This improvement was potentially
attributable to enhanced intrinsic F0 differences between vow-
els, allowing Mandarin listeners to better utilise vowel duration
cues for identification. The /ae-e/ confusion pair showed no im-
provement, likely due to similar intrinsic F0 and vowel duration
characteristics of the vowels. No significant trend was found for
noisy cases, likely due to the masking effect of the noise.

3. Current Work and Challenges
The research has progressed to its final stage: designing an SE
algorithm that incorporates Mandarin listeners’ perceptual char-
acteristics to make NZE speech more intelligible in noise for
them. Based on previous findings, the current approach involves
F0 adjustment to exaggerate intrinsic F0 differences.

However, identifying individual phonemes and determining
their intrinsic F0 ranges in noisy sentences at negative SNR lev-
els presents significant challenges. This preliminary algorithm
estimates the F0 of the whole speech and calculates the average.
Values above this average value will be raised and those below
will be reduced, thereby expanding the overall F0 range. Pitch
shifting is implemented by STRAIGHT used in Section 2.3.The
designed algorithm functions as a post-processing stage for any
SE algorithm output. However, several technical challenges oc-
curred during algorithm development:
• Reliable F0 estimation from the noisy speech
• Quality of speech resynthesis by STRAIGHT based on the

noisy speech
• Unnatural artifact sound caused by dramatic F0 changes,

which leads to intelligibility degradation.
To address the F0 estimation challenge, this preliminary design
assumes access to original F0 information (values and temporal
indices). For the artifact issue, a sigmoid function is applied
to smooth and naturalise the speech. The resynthesis quality
challenge remains unresolved and requires further investigation.

4. Conclusion
This PhD project investigates the possibility of developing a SE
method tailored to Mandarin L2 listeners of English. By sys-
tematically analysing the performance of current SE algorithms,
phonetic confusion patterns, and the role of pitch, this research
contributes to a deeper understanding of L2-specific perceptual
challenges and tried to propose a novel, perceptually motivated
enhancement method. Findings emphasise the limitations of
current SE approaches for L2 listeners and offer directions for
more inclusive and linguistically informed technologies.
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Abstract 

Three-dimentional volumetric magnetic resonance imaging 

(3D MRI) can be utilised to gain insight into individual 

anatomical vocal tract variation and between speaker variation. 

There is a lack of understanding of anatomical variation 

between populations of typical speakers and no understanding 

of atypical anatomical variation. With advances such as 3D 

MRI technology, we are able to apply geometric morphometric 

methods to data that goes beyond simplistic estimations of 

vocal tract shape, length and acoustic output amongst speakers. 

Understanding anatomical vocal tract variation and formally 

linking anatomy to acoustic measures is thus vital for forensic 

speech science, speaker identification and speech technologies 

and to ensure atypical speakers are not disadvantaged by 

current, modern-day technologies.  

Index Terms: volumetric magnetic resonance imaging (MRI), 

vocal tract anatomy, acoustic output, individual variation, 

atypical speakers, geometric morphometrics 

1. Research questions and motivation 

Acoustics of speech are fundamentally linked to the overall 

shape of the vocal tract, this is determined by both the structural 

shape of the vocal tract and by controlled articulatory 

movements [1]. With empirical studies representing the vocal 

tract as simplistic tubes [2], and others treating both the source 

and filter as separate entities [3], there is still much more to 

investigate when it comes to understanding how acoustics of 

speech are generated by the complex, three-dimensional vocal 

tract structure [4]. Whilst much work has previously focussed 

on two-dimensional real-time MRI - which does provide a rich 

source of information about vocal tract shaping and articulatory 

movements [5] - to truly understand the vocal tract anatomy, we 

need to observe individual anatomical differences using 3D 

MRI, since the vocal tract in itself is a 3D structure. By 

understanding anatomical variation across populations of 

typical speakers and mapping these anatomical structures to 

acoustic cues, it provides us with a foundation to explore 

atypical oral anatomies of individuals with speech disorders 

such as apraxia of speech (AOS). AOS is a speech disorder that 

is estimated to affect up to 4.4 per 100,000 people [6]. Speakers 

with AOS have difficulties with motor planning and 

programming of speech movements, resulting in sound 

distortions, segmental inaccuracy and vowel errors [7]. With 

ever-emerging advances in speech technologies, struggles that 

atypical speakers may face are unknown and overlooked. 

Typical speakers can behave poorly in automatic speaker 

recognition (ASR) systems [8], so we can infer that atypical 

speakers will be even more problematic for forensic speaker 

identification. Consequently, atypical speakers need to be better 

understood for forensic casework, due to such subjects being 

part of the general population as a whole. 

With this in mind, the project aims to address the following 

research questions: 

RQ1: How the vocal tract shape varies within the population of 

typical speakers? 

RQ2: How does vocal tract shape differ in specific populations 

of atypical speakers? 

RQ3: What are the implications of these findings for forensic 

speaker identification? 

2. Data and method 

The data obtained is 3D volumetric MRI scans of adult vocal 

tracts articulating different sustained vowel qualities with 

synchronous audio. The previously collected data comprises 

approximately 100 mixed-sex subjects, with the vast majority 

being obtained from the USC 75-Speaker Speech MRI 

Database and other public datasets [4, 9]. Other data of typical 

speakers includes unpublished MRI collected by researchers at 

the University of York. Exploration into atypical vocal tracts 

will involve approximately 66 adult speakers with AOS. This 

database of atypical speakers is currently being collected for a 

wider project by researchers at Macquarie University, Sydney. 

To quantify the vocal tract shape using MRI, two methods are 

utilised. The first method, which has already been undertaken 

for this project, details the vocal tract anatomy and length using 

a segmentation process in ITK-SNAP [10]. The vocal tract 

airway was manually segmented from the lips to the larynx, and 

an iterative bisection algorithm used to calculate the vocal tract 

length for each MRI observation, as displayed in Figure 1. An 

interpolated, smooth midline that represents airflow was then 

calculated from the anterior extent of the lips to the midline of 

the glottis for each of the segmentations. 

 

(a) vocal tract segmentation  
 Figure 1: Vocal tract airway segmentation of the neutral schwa 

vowel in ITK-SNAP (a), and with the addition of midpoints in 

which the vocal tract measurement is obtained (b) 

(b) segmentation midpoints 



The second methodological approach, which this project will 

soon explore, is based on geometric morphometrics (GMM). 

This is a method that is well established in other fields such as 

biology but has only recently been used to investigate vocal 

tract shape [11]. GMM uses landmarks to quantify and compare 

anatomical shapes. GMM is a much more suitable method to 

apply to larger datasets due to the segmentation process in ITK-

SNAP being a time-consuming and lengthy process. 

For analysis of any audio, acoustic measurements are obtained 

using Praat [12]. F1-F4 measurements are extracted from 

synchronous, denoised audio captured in the MRI scanner, or 

from synchronous audio captured in an anechoic chamber under 

‘MRI like’ conditions [13]. So far, two methods of extracting 

formant measurements have been exploited. Firstly, manual 

midpoint measurements have been taken for F1-F4. Secondly, 

a Praat script that extracts formant information for each vowel 

has been run on each token. Settings are manually adjusted for 

each vowel and each vowel requires an estimated inputted 

number for each formant value. The manual measurements 

previously obtained are rounded to the nearest 100 Hz and 

inputted into the Praat script as a rough guide as to where the 

expected formants will be. Measurements from literature were 

also used as an estimate to ensure accuracy, but this had very 

little effect on the output. Future work will involve the 

exploration of the Praat plugin FastTrack [14] to extract 

formant measurements. Using three formant measurement 

techniques will aid in finding the most accurate, reproducible 

and reliable method. 

3. Results so far 

Results that have been obtained so far are vocal tract length and 

acoustic measurements from two British English professional 

phoneticians (one male, one female). Subjects articulated six, 

held, isolated vowels [i, a, ɑ, ɔ, u, ə] in three conditions: neutral, 

lowered larynx and with additional lip rounding. These subjects 

form part of the population of typical speakers. By investigating 

vocal tract length in speakers in differing supralaryngeal 

settings and mapping these to acoustic resonances, it aids in the 

investigation of vocal tract shape and length variation amongst 

individuals. We can assume that rounding the lips and lowering 

the larynx will increase vocal tract length, which consequently 

lowers the resonant frequencies [2]. Despite this, to what extent 

the resonant frequencies decrease in each condition is yet to be 

explored. Average results are displayed in Table 1, 

demonstrating the average vocal tract length and acoustic 

output per subject and condition. By using 3D MRI, we can map 

these lengths – and other dimensions – directly to resonant 

frequencies in the speech signal.  

 

As expected, the average results across the six vowels for each 

condition display an increase in vocal tract length in the 

lengthening conditions. Oppositely, the formant measurements 

display a decrease in the lengthening conditions. Differences 

can be observed in Table 2. The percentage change indicates 

the change from the neutral condition to the lengthening 

condition for each subject.  

 

 

Table 2: Average percentage change from neutral condition 

to lengthening conditions 

 

Subject Condition VTL 

(%) 

F1 

(%) 

F2 

(%) 

F3 

(%) 

F4 

(%) 

R5252 

(male) 

Lip 

Rounding 

+9 -11 -16 -7 -2 

Lowered 

Larynx 

+5 -15 -15 -4 -3 

R5338 

(female) 

Lip 

Rounding 

+3 -17 -19 -4 -5 

Lowered 

larynx 

+4 -13 -19 -3 -4 

 

4. Future plans 

Immediate future work will entail using FastTrack as another 

method to obtain formant measurements to ensure accuracy and 

reliability. Future work will then involve applying GMM to the 

published and unpublished 3D MRI datasets of typical 

speakers. Upon exhausting the exploration of vocal tract 

variation in the population of typical speakers alongside the 

corresponding acoustic signal, atypical speakers with AOS will 

then be explored using the same method. Once the methods 

have been applied, variation between and within both 

populations can be investigated. 

5. Challenges 

With MRI data being expensive and time-consuming to obtain 

and collect, this project needs to exploit already published and 

unpublished datasets. Whilst the vast majority of data is 

consistent and comprises of overlapping vowel qualities in 

English, the data as a whole varies in which vowel qualities are 

used and consists of mostly British English, American English 

and Australian English speakers. Ideally, all data would consist 

of speakers with the same accent and include all the same vowel 

qualities. Despite this, due to the expense of MRI data 

collection, we can only utilise what data is accessible to us 

currently. 
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Abstract
This on-going doctoral thesis aims to advance voice disorders
screening in the context of German-language. To do so, it fo-
cuses on three key areas: 1) collecting three datasets with a total
of 175 patients for various voice disorders (organic and func-
tional disorders), 2) evaluating acoustic features robustness, 3)
quantifying speech symptoms such as breathiness and rough-
ness obtained from the GRBAS scale, a widely used scale for
assessing voice impairment. This technology could potentially
assist otolaryngologists to automatically screen for specific dis-
order manifestations during initial patient consultations.
Index Terms: voice disorders, speech technology, German lan-
guage, speech symptoms, feature robustness

1. Introduction
Voice disorders have a negative impact on the quality of life,
as the voice is essential for human communication and social
interaction [1]. These disorders are classified into two cate-
gories based on their underlying condition: organic and func-
tional. Organic voice disorders correspond to actual patho-
logical changes in the larynx or vocal folds [2], such as vo-
cal cords atrophy, chronic laryngitis, spasmodic dysphonia, or
laryngeal cancer, which leads to structural changes in the lar-
ynx. These disorders may also stem from neurological condi-
tions [3]. Examples are Multiple Sclerosis (MS), Parkinson’s
Disease (PD), and Amyothrophic Lateral Sclerosis (ALS). No-
tably, voice changes are one of the first symptoms to develop in
neurological conditions [4], making otolaryngologists the first
clinicians to encounter patients with these disorders. Functional
voice disorders arise from the misuse of the larynx without the
presence of any structural pathology [5]. Examples are muscle
tension dysphonia or vocal fatigue.

1.1. Motivation

In recent years, there has been an increasing interest in the
potential of speech-based machine learning (ML) to aid clin-
icians, such as otolaryngologists, in screening for voice dis-
orders [6, 7]. There have been numerous works exploring
ML systems to distinguish voice disorders–whether organic or
functional–from healthy speech, with promising results [8]. For
instance, some report accuracies up to 90% for detecting PD
[9] or around 80% for Alzheimer’s Disease (AD) [10], approx-
imately 80% for predicting chronic laryngitis [11], and around
70% to tell apart dysphonia from a healthy control speech [12].

However, most studies frame this as a binary classifica-
tion task, distinguishing a specific voice disorder from a healthy
control group. Fewer studies have addressed this task as three-
class or multi-class classification tasks, for example, aiming to

identify between Mild Cognitive Impairment (MCI), AD and
healthy speech [13] or analysing multiple diseases, as attempted
with the Saarbrücken Voice Database, which is a large-scale
speech dataset, containing data from over 2000 speakers and
71 different pathologies [14]. These multi-class studies have
shown less conclusive results as the ones focused on binary clas-
sification tasks [15]. Additionally, many acoustic features used
in voice disorder detection, such as eGeMAPS [16], were orig-
inally developed for other purposes and lack sufficient repeata-
bility. Their robustness across diverse recording conditions re-
mains unclear, which is a critical measurement impacting reli-
ability of results [17]. Consequently, despite recent advance-
ments, these approaches have not yet been translated into prac-
tical tools that otolaryngologists can utilise during initial patient
consultations to identify voice disorder manifestations [8].

To contribute in the development of these methods towards
a real-life application, we identify three key challenges: 1)
Data: Existing datasets are limited in both the number of speak-
ers and the range of disorders represented. Cross-dataset com-
parisons are challenging due to variations in recording condi-
tions and speech tasks. Standardising recording protocols is
critical for obtaining larger sample sizes and more disorders,
enabling more robust applications. 2) Features: Current fea-
tures used in voice disorders detection were primarily devel-
oped for tasks like speech emotion recognition, not specifically
for voice disorders. Their robustness need thorough evaluation
to ensure reliability in clinical applications. 3) Generalisa-
tion: Most modelling approaches focus on diagnosing specific
disorders, mostly through binary classification (disorder versus
healthy), overlooking multi-morbidity and the limitations of us-
ing speech alone for accurate differential diagnosis. We pro-
pose shifting toward symptom monitoring, such as predicting
each component from the GRBAS scale, to enhance the effec-
tiveness and generalisation of the modelling approaches. This
approach would also save time required to annotate the GRBAS
scale.

1.2. Research Questions

This doctoral thesis aims to advance voice disorder detection
using ML methods by addressing these challenges in the field.
The research questions are:
1) Which speech tasks are the most effective for collecting

speech data for voice disorders detection?
2) Which acoustic features are robust across varying recording

conditions for voice disorder assessment?
3) Can robust acoustic features predict symptom detection ob-

tained from the GRBAS scale and the Voice Handicap Index
for voice disorders without relying on definitive diagnostic
classifications?



2. Work Plan
The following outlines the key phases of the research project:

1) Data Collection Speech data from 55 German-speaking
ALS patients have already been collected at the Department
of Neurology, TUM University Hospital, Munich, Germany
and 50 Swiss-German-speaking MS patients were collected
at the Department of Neurology, Inselspital, Bern, Switzer-
land. We also plan to collect speech data from 70 German-
speaking patients visiting the Otolaryngology department at
the TUM University Hospital, Munich, Germany for rou-
tine check-ups related to any voice impairment symptoms.
These new patients may present with a wide range of voice
disorders. Ethics approval has been submitted, with data
collection scheduled to begin in September 2025. To ensure
consistency across data collection studies, we use standard-
ised speech tasks such a read speech, sustained utterances
and free speech tasks, and similar recording procedures in
the three data collection set ups. Microphones vary for each
dataset. Further, each patient completes the Voice Handicap
Index and other relevant questionnaires assessing the impact
of the speech impairment in their quality of life. An exam-
ple is the ALS-specific Quality of Life Instrument-Revised.
Speech samples will be rated on the GRBAS scale by a min-
imum of three expert evaluators, including speech-language
pathologists and otolaryngologists. This includes five com-
ponents: Grade – overall grade of hoarseness, Roughness,
Breathiness, Aesthenia – weakness, and Strain.

2) Feature Robustness Evaluation This phase involves eval-
uating the robustness of a huge variety of acoustic features
extracted under different recording conditions (e.g., varying
noise levels, and microphones). We also plan to artificially
introduce noise using augmentation and pulse analysis. The
goal is to ensure the reliability and generalisability of the
features across diverse real-world settings.

3) Modelling Speech Features for Symptom Monitoring In
this phase, we will employ regression and classification to
predict individual GRBAS scale components (grade, rough-
ness, breathiness, aesthenia and strain) to assess speech
symptoms. Additionally, we will model the Voice Handicap
Index and other similar questionnaires. Instead of focusing
on definitive diagnoses (e.g., ”patient has X”), our approach
emphasises supporting the detection of speech symptoms in
voice disorders (e.g., ”the patient exhibits a high degree of
breathiness”).

2.1. Challenges

The following methodological challenges arise from this work:
Limited dataset size and diversity: Even though we plan to
collect data from all patients coming to the otolaryngologists
department, this approach may not capture a wide range of dis-
orders, as common disorders are likely to predominate while
rare ones remain under-represented. This might limit the clin-
ical utility of this work. However, we try to tackle this chal-
lenge by focusing on predicting the GRBAS components and
questionnaires assessing the impact of the speech impairment
in their quality of life. This project is meant to take a step to-
ward voice disorder symptom detection. Future work should
expand data collection to include other languages and a broader
spectrum of disorders. Data variability: Since we are work-
ing with impaired cohorts, some patients might not be able to
fully complete the speech tasks, which might lead to data in-
consistency. Unfortunately, this is part of the data collection

process and we might not be able to avoid all of these cases,
rigorous quality control during data acquisition may minimise
such cases. Modelling complexity: Many disorders have over-
lapping symptoms, making symptom monitoring a more suit-
able approach than definitive diagnosis. However, we rely on
clinical scales that have a subjective nature, for example, the
GRBAS assessments are annotated by experts and the Voice
Handicap Index is self-assessed. This subjectivity may impact
correlation and modelling efforts. Finding more objective mea-
surements would need to be covered in future work.

3. Results and Discussion
Preliminary analyses have been conducted on the individual
datasets for MS and ALS speech. Initial findings for MS were
presented at [18], and for ALS can be found in [19]. For MS,
we achieved an Unweighted Average Recall (UAR) of 71% and
identified the Picture Description Task to contain the most in-
formation for MS detection compared to read speech tasks. For
ALS, we reported an UAR of 88% using sustained utterances.
These studies evaluated the efficacy of standard speech features
in detecting these disorders through binary classification tasks.
We also evaluated the performance of various standard speech
tasks for classifying these disorders by training separate models
for each task. We now aim to initiate cross-dataset and symptom
detection analyses, encompassing feature robustness evaluation
and modelling using speech data, questionnaires, and annotated
scores.

3.1. Main Contributions

Assessing the robustness of acoustic features in the context
of voice disorders is essential for the successful implementa-
tion of this technology. Without robust features, generalisa-
tion efforts are likely to fail. Furthermore, shifting from bi-
nary classification to symptom detection will provide better in-
sights in real-world settings, moving beyond controlled, artifi-
cial studies. Given that speech alone may not suffice for defini-
tive diagnoses, this research aims to contribute towards offering
more actionable information, supporting practical applications
in real-life scenarios. Additionally, the three datasets collected
and analysed in this doctoral thesis will provide new insights
on voice disorders for German-language and due to the stan-
dardised speech tasks, information on the effectiveness of each
speech task will also be available. Due to the sensitive nature of
the data and restrictions imposed by the ethics committee, these
datasets will unfortunately not be publicly available.

4. Conclusion
This paper presents an on-going doctoral thesis aimed at ad-
vancing voice disorder screening in German-language con-
texts. The research focuses on three key areas: collecting three
datasets in German-language for various voice disorders, in-
cluding both organic and functional types, evaluating acous-
tic features robustness, and prioritising symptom detection over
definitive disorder diagnosis.
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Abstract
This PhD project investigates how speech foundation models
can be adapted and interpreted for automatic speech recognition
(ASR) of South Tyrolean, a low-resource and non-standardized
regional dialect. The research is structured around three core
stages: (1) analyzing available dialectal resources and expand-
ing them through large-scale data collection, including web
scraping; (2) developing unsupervised phoneme-level align-
ment strategies using CTC decoding and recursive correction;
and (3) probing internal representations of self-supervised mod-
els to better understand their phonetic and structural knowledge.
The project also explores reference-less evaluation metrics
for scenarios where transcriptions are unavailable. Together,
these components aim to build linguistically informed, inter-
pretable ASR pipelines and contribute to inclusive, phoneme-
level speech processing for under-resourced varieties.
Index Terms: speech recognition, forced alignment, model in-
terpretability, low-resourced languages

1. Motivation and Research Question
This research addresses the growing need to extend automatic
speech recognition (ASR) technologies to low-resource linguis-
tic varieties, with a specific focus on regional dialects such as
South Tyrolean [1, 2]. South Tyrolean belongs to the Southern
Bavarian dialect continuum and exhibits a high degree of pho-
netic and lexical variation, shaped by both geographic fragmen-
tation and sustained multilingual contact [3]. These varieties
challenge conventional ASR models not only due to their inter-
nal variability, but also because they lack standardized orthogra-
phies and sufficient annotated training data. These constraints
call into question the assumptions behind dominant ASR ap-
proaches—namely, the availability of orthographic transcrip-
tions and large labeled corpora—and motivate a shift toward
phoneme-based modeling. Phonemes offer a more stable unit
for analysis and align more directly with the representations
learned by modern self-supervised speech models. The central
research question guiding this work is: How can we adapt and
interpret speech foundation models to support phoneme-level
ASR for under-resourced dialects in the absence of standard or-
thography and large annotated corpora? More broadly, this
project aims to investigate how linguistic variation is encoded
in multilingual speech models and how this knowledge can be
harnessed to build inclusive, interpretable ASR systems for di-
alectal speech.

2. Key Challenges
Working with South Tyrolean and other low-resourced lan-
guages presents a number of interconnected challenges, both

methodological and theoretical. The absence of a standard-
ized orthography makes it impractical to rely on conventional
ASR pipelines that assume word- or character-level transcrip-
tions. This necessitates a shift toward phoneme-level model-
ing; however, phonemic annotations are often scarce, noisy,
and inconsistent, which complicates both training and evalua-
tion in supervised settings. A second major challenge concerns
the interpretability of speech foundation models: understanding
what type of phonetic or linguistic knowledge is implicitly en-
coded across different layers and architectures remains difficult.
This task is particularly constrained by the lack of reliable time-
aligned phoneme boundaries in dialectal corpora, which are es-
sential for conducting fine-grained analysis of internal repre-
sentations. Without such alignment, probing model behavior at
the segmental level is infeasible, leaving foundational models
largely opaque—especially when applied to dialectal input that
diverges significantly from the training data. Finally, the lack of
curated dialectal corpora introduces a practical limitation: high-
quality, representative speech data in South Tyrolean is difficult
to obtain, and existing resources are limited in size, coverage,
and speaker diversity. This scarcity affects both the ability to
adapt models effectively and to evaluate them in a linguistically
meaningful way.

3. Methods and Work So Far
To address these challenges, we adopt a phoneme-based
approach that bypasses the need for standardized or-
thographic transcriptions using the multilingual model
facebook/wav2vec2-large-xlsr-531 [4]. While
collecting data for South Tyrolean, we simultaneously focus on
addressing stages 2 and 3 using available annotated corpora.

3.1. Data Collection and Preparation

While some existing resources are available, they were not
specifically designed for ASR task. Nevertheless, we lever-
age these resources and supplement them with additional data.
The AlpinLink corpus includes approximately three hours of
read sentences in Tyrolean dialects [5], while the Vinko dataset
provides isolated words in dialect [6]. To complement these
resources with more spontaneous speech, we conducted large-
scale web scraping of podcast.de, resulting in a collection
of approximately 340 hours of South Tyrolean audio. This
dataset significantly broadens the range of speakers and topics,
providing real-world, naturally occurring dialectal input.

1https://huggingface.co/facebook/
wav2vec2-large-xlsr-53



3.2. Forced Alignment and Evaluation

Precise temporal alignment is essential for probing the inter-
nal representations of speech models, yet such annotations are
rarely available in low-resource settings. While high-resource
languages benefit from tools like the Montreal Forced Aligner
(MFA) or torchaudio.functional.forced align
[7, 8], these require transcriptions—often unavailable for di-
alects like South Tyrolean. To overcome this, we pro-
pose unsupervised alignment strategies based on CTC out-
puts from wav2vec2-large-xlsr-53-espeak-cv-ft,
a model fine-tuned on phoneme-level transcriptions from Com-
mon Voice using eSpeak. We introduce recursive correc-
tion mechanisms that replace blank predictions using top-k
phoneme context, enabling phoneme-level alignment without
textual supervision. We evaluate our approach on TIMIT, which
provides gold-standard alignments. While it does not yet match
[7, 8] in accuracy, our method performs competitively without
relying on transcripts. Figure 1 illustrates the alignment im-
provements achieved through recursive refinement.

Figure 1: Comparison of phoneme alignments from different
decoding strategies on file SX34.wav.

3.3. Model Probing and Representation Analysis

To investigate how Wav2Vec2 encodes phonetic structure, we
conduct a series of probing experiments on its convolutional
feature encoder [9]. Specifically, we compare CNN layer acti-
vations with MFCC-based features by training SVM classifiers
to distinguish phonological categories, such as vowel frontness.
As shown in Figure 2 and Table 3, classification accuracy im-
proves across layers, peaking at Layer 5 (95.7%), and exceed-
ing performance obtained with MFCCs alone. To further quan-
tify the relationship between learned representations and tradi-
tional acoustic features, we compute mutual information (MI)
between MFCCs and CNN activations at each layer (Table 1).
The MI scores suggest that lower layers retain more phonetic
detail, with information degrading in deeper layers, indicating a
shift from acoustic to more abstract representations.

Layer 0 1 2 3 4 5 6

MI 0.0819 0.1040 0.0934 0.0390 0.0522 0.0078 0.0257

Table 1: Mutual Information between MFCCs and CNN activa-
tions at each layer.

Complementarily, we apply a Logit Lens [10, 11] to Whis-
per and experiment with removing upper encoder layers across
six low-resource languages in the FLEURS dataset [12]. Due
to the lack of phonetic transcriptions, Whisper was used as it

Figure 2: Accuracy trend

Feature C Kernel Gamma Decision Accuracy
Layer 0 5.0 rbf scale ovr 0.6797
Layer 1 4.0 rbf scale ovr 0.8790
Layer 2 3.0 rbf scale ovr 0.9218
Layer 3 1.0 poly scale ovr 0.9330
Layer 4 1.5 poly scale ovr 0.9385
Layer 5 2.5 rbf scale ovr 0.9572
Layer 6 3.0 rbf scale ovr 0.9479
MFCC 0.5 rbf scale ovr 0.9311
MFCC + F1 + F2 3.5 rbf scale ovr 0.9330

Figure 3: Best hyperparameters and accuracy scores for SVM
classifiers using different feature sets

CER results

Language Best Layer Last Layer CER Decrease

ky 100.2 % (24) 157.0 % 56.8 %
ceb 16.2 % (29) 36.7 % 20.5 %
ga 75.2 % (29) 89.2 % 14 %
jv 24.7 % (29) 35.0 % 10.3 %
kea 35.0 % (29) 35.7 % 0.7 %
ast 17.5 % (31) 17.6 % 0.1 %
ckb 50.9 % (32) 50.9 % 0.0 %

WER results

Language Best Layer Last Layer WER Decrease

ky 112.0 % (24) 210.0 % 98 %
ga 99.9 % (24) 121.4 % 21.5 %
ceb 51.7 % (29) 67.4 % 15.7 %
jv 75.3 % (29) 82.5 % 7.2 %
ckb 1.05 % (24) 1.13 % 0.8 %
kea 92.2 % (29) 92.6 % 0.4 %
ast 63.7 % (31) 64.0 % 0.3 %

Table 2: Early exiting results on FLEURS test set of low-
resource languages. Numbers in parentheses indicate best layer
as selected on dev set.

is character-based model. The results show that both CER and
WER improve in several languages when deeper layers are re-
moved, suggesting that lower or mid-level representations may
be more effective for dialectal generalization [13].

4. Conclusion and Next Steps
At this stage, we have laid the foundation for phoneme-based,
interpretable ASR in low-resource dialects by combining un-
supervised alignment, representation probing, and large-scale
dialectal data collection. Experiments on TIMIT, MFCC-
based probing, and logit lens analysis highlight both the po-
tential and the limits of current speech foundation models
for dialectal input. A key future direction is the develop-
ment of reference-less evaluation metrics, as transcriptions
are often unavailable in low-resource settings. We will ex-
plore confidence-based and model-internal alternatives—such
as logit-based scoring, CTC entropy, and mutual information
with phonetic features—building on recent work in ASR quality
estimation without ground truth [14, 15, 16]. Moving forward,
we aim to scale the alignment pipeline to the full South Tyrolean
dataset, refine these metrics, and use insights from model prob-
ing to support linguistically informed fine-tuning of pretrained
models.
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Abstract
Domain generalization is essential for ensuring robust per-

formance on unseen domains while preserving strong discrim-
inative capability on known ones. In real-world applications,
automatic speaker verification (ASV) and anti-spoofing sys-
tems often suffer performance degradation under domain mis-
match conditions. Prior work has introduced a relaxed instance
frequency-wise normalization (RFN) module that combines two
normalization techniques and is applied along the frequency
axis to mitigate instance-specific domain variations in audio
features. However, these approaches are typically built upon
standard convolutional neural networks that learn a single, de-
terministic set of weights, thereby failing to account for the un-
certainty inherent in out-of-distribution scenarios, particularly
when training data from the target domain is limited or un-
available. In contrast, this work proposes a novel probabilis-
tic framework based on variational Bayesian inference, which
incorporates uncertainty estimation into a subset of model pa-
rameters. By jointly modeling aleatoric and epistemic uncer-
tainties, the proposed approach enables more effective adapta-
tion to distributional shifts in speaker verification. This leads to
reduced overconfidence and better-calibrated predictions, both
of which are crucial for improving domain generalization in
real-world deployment scenarios. The proposed method is eval-
uated within two distinct frameworks: a ResNet-based archi-
tecture and a self-supervised learning (SSL) setup. Within the
ResNet framework, we introduce a Bayesian neural network to
model the frequency-wise normalization (RFN) weights along
the spectral dimension. This yields a novel, plug-and-play ex-
plicit normalization module, which we refer to as Bayesian
Weighted Relaxing Frequency-wise Normalization (BWRFN).
Index Terms: domain generalization, Bayesian learning,
speaker verification, anti-spoofing

1. Introduction
Automatic speaker verification (ASV) seeks to authenticate a
speaker’s identity by analyzing their voice [1]. It is widely ap-
plied in a variety of domains, particularly in biometric authen-
tication systems deployed on personal smart devices [2]. Re-
cently, motivated by the strong feature extraction capabilities of
deep neural networks (DNNs), a variety of deep learning-based
approaches for speaker recognition have been proposed [3].

However, ASV systems deployed in real-world scenarios
often suffer from performance degradation when domain mis-
matches arise between training and test conditions. These mis-
matches can be caused by various factors, such as differences in
recording devices, acoustic environments, audio channels, and
languages encountered in unknown domains. Moreover, ASV
systems remain vulnerable to unseen spoofing attacks, which

are frequently generated using novel algorithms not present dur-
ing the training phase [4, 5]. To mitigate these issues, domain
adaptation (DA) and domain generalization (DG) have emerged
as two primary strategies for addressing domain mismatch in
ASV [6].

Domain adaptation (DA) has been developed to address the
domain shift problem by transferring knowledge from a well-
labeled, resource-rich source domain to the target domain [7].
For instance, domain adversarial training aims to reduce domain
mismatch by projecting features from different domains into
a shared latent subspace [8], thereby mitigating domain vari-
ations across seen domains. Another approach, probabilistic
linear discriminant analysis (PLDA) adaptation, leverages un-
labeled in-domain data by first clustering the data and then re-
fining the parameters of out-of-domain models [9]. Correlation
Alignment (CORAL), a widely used backend method, further
mitigates domain mismatch by whitening source-domain fea-
tures and recoloring them using the covariance structure of the
target domain [10, 11].

In contrast, domain generalization focuses on learning
domain-invariant representations that remain robust to domain
shift without requiring adaptation to the target domains [12].
In ASV, various approaches have been proposed in recent
years to enhance generalization to unseen domains [13, 14].
More recently, a relaxed Instance Frequency-wise Normaliza-
tion (RFN) has been explicitly integrated into the model to elim-
inate instance-specific domain discrepancies in acoustic fea-
tures while minimizing the loss of useful discriminative infor-
mation [15].

However, previous methods remain susceptible to overfit-
ting and exhibit limited generalization performance, as the use
of deterministic model parameters during inference neglects
model uncertainty, which may lead to overfitting to the source
domain characteristics [16–18].

2. Research Question and Motivation
For many years, the majority of research in speech processing
has centered on enhancing model performance in matched do-
main settings, where training and evaluation data follow similar
distributions. Although such approaches have driven significant
advances in controlled environments, they often suffer from a
critical limitation: models tend to overfit to the source domain
and generalize poorly to unseen or mismatched conditions.

To address this limitation, the field has increasingly shifted
its focus toward domain generalization, which aims to improve
system robustness not only on seen (source) domains but also
on previously unseen (target) domains. A promising avenue
for achieving such generalization is Bayesian learning, a frame-
work that enables models to estimate uncertainty and exploit



it during both training and inference. These uncertainty esti-
mates, in particular, can help models detect domain shifts and
adapt more reliably to novel or mismatched input conditions.

Given this context, the central research questions of this
thesis are as follows:

1. Can we design a system that performs well on both seen and
unseen domains without access to target-domain data during
training?

2. Can we leverage uncertainty estimates to assess domain mis-
match and improve generalization to unseen domains?

3. Can we develop a Bayesian learning framework that exploits
posterior uncertainty under limited domain coverage, and ap-
ply it to enhance domain generalization for speaker verifica-
tion and anti-spoofing?

3. Methodologies
3.1. Relaxed Instance Frequency-wise Normalization

One previous approach to reducing this variability involves nor-
malizing the frequency components in a per-instance manner
using global statistics computed from the entire audio signal.
This method, introduced in [15], is referred to as “Instance
Frequency-wise Normalization (INF)”.

Given a mini-batch of N multichannel audio signals, its
audio characteristics in the frequency domain can be repre-
sented by a tensor x ∈ RN×C×F×T , where N , C, F , and
T are the mini-batch size, numbers of channels, frequency bins,
and frames, respectively. The Relaxed instance Frequency-wise
Normalization (RFN) [15] is calculated as follows:

F (x) = λLN(x) + (1− λ)IFN(x) ∈ RN×C×F×T , (1)

where the scalar λ ∈ [0, 1] denotes the degree of relaxation.

3.2. Bayesian Relaxed Instance Frequency-wise Normaliza-
tion

Eq. 1 interpolates between IFN and LN style normalization.
However, the degree of relaxation, λ, of individual frequency
bins are fixed and equal. We hypothesize that different fre-
quency bins have different levels of domain dependence and
should be weighted differently. We therefore extend RFN to
weighted RFN (or WRFN), as follows

F (x) =λLN(x)⊙ σ(w1) + (1− λ)IFN(x)⊙ σ(w2)

∈ RN×C×F×T ,
(2)

where w1,w2 ∈ RF are broadcast along the mini-batch, time
and channel axes, σ(·) is a sigmoid function that squashes the
weights to values between 0 and 1, WLN is weighted LN, and
WIFN is weighted IFN. We define w = [wT

1 ,w
T
2 ]

T, where T is
the transpose. Note that the frequency specific weights, λσ(w1)
and λσ(w2) generally does not sum to one. However, this can
to a large extent be compensated by the subsequent convolu-
tionary layer.

The weights in WRFN, w1 and w2, are deterministic and
learned from training data. Since the purpose of these weights
is to address domain variations and since there number of do-
mains in the training data is scarce, we hypothesize that the
weights will be prone to overfitting. To mitigate this, we im-
prove the robustness of the weighted RFN (Eq. 2) by modeling
the uncertainty in w with Bayesian techniques, which results in
Bayesian Weighted Relaxed Instance Frequency-wise Normal-
ization (BWRFN).

To account for uncertainty in w, we assume that the weight
vector is drawn from a prior distribution p(w). Let D =
{(xi, si)}Ni=1 denote the training set, considering of N ut-
terances, each spoken by one of the S speakers. The loss
can be designed by maximizing the variational lower bound
L(θ,µ,σ) as described in [19]:

L(θ,µ,σ) =

L1︷ ︸︸ ︷
N∑
i=1

Ew∼q(w) log pθ(si|xi,w)

−DKL(q(w)||p(w)). (3)

where pθ(si|xi,w) is the speaker probabilities given by soft-
max layer of the neural network and θ are the parameters of the
neural network (other than w). This loss can be optimized and
solved following [19].

During inference, the posterior predictive distribution:

ŷ =

∫
w

pθ∗(ŷ(z)|w)p(w|D) dw

= Ew∼p(w|D) [pθ∗(ŷ(z)|w)] ,

(4)

where ŷ(·) represents the embedding layer output, θ∗ is an op-
timal parameters of the neural network (other than w), and z is
the Mel-spectrogram of a new utterance.

4. Future Research Directions
In the next phase of my research, I plan to extend uncertainty
modeling to large language model (LLM)-based architectures
for speaker verification and anti-spoofing tasks. Specifically,
I will investigate how uncertainty estimation can be effectively
integrated into LLM-driven systems to enhance their robustness
under domain shift and out-of-distribution (OOD) conditions.

In parallel, I aim to explore strategies for augmenting neural
representations by introducing controlled perturbations or noise
during training. The objective is to increase the diversity of the
feature space and improve the model’s generalization capabil-
ities across varying domains—particularly in scenarios where
the target domain is unknown or significantly different from the
source.

Collectively, these directions are expected to contribute to
the development of more reliable and adaptable speaker ver-
ification systems capable of handling real-world distribution
shifts.

5. Main Contributions of My Research
The primary contributions of this research are summarized as
follows:

1. To the best of my knowledge, this is the first work applying a
Bayesian learning framework to model uncertainty in neural
networks for both speaker verification and anti-spoofing, im-
proving robustness under domain shift through confidence-
aware predictions.

2. Unlike methods requiring additional modules or parameters,
the proposed framework enhances performance without in-
troducing extra parameters, maintaining a lightweight design
suitable for real-world deployment.

3. This work advances domain generalization research in speech
processing under realistic mismatched conditions, offering
practical insights and techniques for uncertainty-aware, ro-
bust system design.
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Abstract 

Modern expressive TTS systems for adult speech can generate 
highly expressive speech when provided with a sufficient 

amount of training data. However, expressive TTS systems for 

children are often restricted and have been under-explored to 

date. Child TTS systems' challenges arise from the scarcity of 
training datasets, difficulties in accessing them publicly, and 

various issues associated with these datasets, including noisy 

data and indiscernible speech.  

This paper introduces an ongoing PhD thesis in which an 

expressive multi languages text-to-speech system for children 
is developed. This research first, introduces a high-quality 

expressive English child dataset. The dataset comprises 3 hours 

of speech collected from 25 children in grades ranging from 

third to fourth. grade. Next, we introduced Hungarian child 
speech corpus. The dataset comprises 8.3 hours of high-quality 

child speech from 62 speakers (4.5–5.5 years). Both datasets 

were developed to fill the gap caused by the lack of data and are 

available for research purposes. 

Finally, we propose an expressive Multi-Style Child TTS in 

low-resource settings. Our model stands as the first expressive 
TTS model designed specifically for children. It is a style-based 

generative model based on StyleTTS architecture. 

Index Terms: Index Terms: Text-To-Speech, Child TTS 

system, Expressive Child speech synthesis, dataset  

1. Introduction 

Although the success stories in style Text-To-Speech (TTS) and 
speech synthesis models for adults [1], [2], [3]], there remains 

a limitation in developing child TTS systems. Children 

represent a crucial user group for voice technology, a study has 

highlighted that, in the U.S. alone, approximately 12% of the 
users of AI speech assistants are under the age of 12 [4]. This 

significant portion of users underscores the importance of 

developing more expressive child-level TTS synthesis; 

however, this remains a challenge due to the limited availability 
of suitable training child datasets. 

Early efforts in child-TTS began several decades ago, primarily 

using concatenative and parametric approaches [5], [6]. Yet, 

these approaches often produced audio that sounded robotic. 
TTS-based deep learning algorithms have improved the quality 

of generated speech [7]. Their work is based on Tacotron2 [8] 

and the WaveRNN [9] vocoder. To improve the quality of 

synthesized child speech, the WaveRNN vocoder is fine-tuned 
on a child speech dataset. Despite these efforts, the synthesized 

audio still suffers from poor quality. A few studies on emotional 

child TTS have been dedicated to examining the emotions 

expressed in children's narratives [10], [11]. 

1.1. Motivation and research goals  

Expressive Child speech TTS systems have received limited 

attention in current studies, leading to a relative neglect of their 
development. Most of the TTS research focuses on synthesizing 

speech for adult people. Moreover, one of the biggest 

challenges in child speech synthesis domain is the scarcity of 

speech datasets. 

To this end, we propose two datasets available for research 

purposes, The first is an expressive child dataset, encompassing 
2 hours of speech gathered from 25 students in grades spanning 

from third to fourth grade. The new dataset containing 1200 

audio samples has been transcribed at the word level, 

comprising 4 classes of speech style. The second dataset is 
Hungarian child speech corpus. The dataset comprises 8.3 

hours of high-quality child speech from 62 speakers (4.5–5.5 

years).  

Our primary goal is to develop an expressive child TTS system 

for children with minimal training data. For this, we propose 
expressive text-to-speech (TTS) model for children. addressing 

a critical gap in the current landscape of TTS technologies. Our 

model stands as the first expressive TTS model designed 

specifically for children. It is a style-based generative model 

based on StyleTTS architecture. 

2. Results so far  

2.1. A Benchmark Dataset and Baseline for Expressive 

Child Synthesis  

For expressive child TTS, the first dataset in expressive-style 
English child speech was created. This dataset is a high-quality 

expressive speech dataset that covers four classes of expressive 

styles (sadness, excitement, happiness, and neutral). The dataset 

is comprising 3 hours of speech collected from 25 children in 
grades ranging from third to fourth grade. All audio files were 

decoded to and down sampled to mono wav format (sampling 

rate: 22.05 kHz, lin, 16 bit PCM quantization). We performed 

down sampling of the source signals of the audio channel of 
MP4 44.1 kHz in FLAC encoding. We removed all such silence 

regions, leaving only a small fraction at the beginning and end 

of the audio samples roughly 4 seconds.  

Table 1: Expressive English child dataset description. 

Dataset Statistics 

Number of POI 25 

Number of Utterances  1200 

Number of hours 2 

Number of filtered Videos 100 



Number of videos per POI 3 

Avg Number of utterances per POI 48 

Avg length of utterances [s] 6.71 

The key statistics of our dataset are described in Table 1. The 

gender distribution for our dataset is 52% and 48% for boys and 

girls respectively. The language is only American English. The 

percentage of styles is 30% sad, 35% excited, 15% happiness 

and 20%. neutral. The dataset is available for research purposes. 

To verify the effectiveness of our dataset, AutoVocoder models 

were trained and synthesized samples were generated. The 

models were trained on both LJSspeech large scale dataset and 

our dataset. Figure 1. shows a MUSHRA scores for each model.  

Figure 1: The MUSHRA scores for the Mean naturalness are 

presented for (a) Ground truth (b) Our model CTT_ 

AutoVocoder (c) LJSpeech_ AutoVocoder (d) Lower anchor, 

with the average results shown. A higher value indicates better 

overall quality. 

2.2. A Hybrid Pipeline for Constructing the HUKILC-CO 

Hungarian Child Speech Dataset 

we introduce HUKILC-CO, derived from the original HUKILC 

dataset, as the first Hungarian child speech corpus. We address 

key challenges including noisy environments, overlapping 

speech, and CHAT formatting—via a hybrid alignment pipeline 

integrating Rev AI’s ASR[12] and Batchalign2’s forced 

alignment [13]. We combined fuzzy text matching and temporal 

buffering to synchronize transcripts with audio, achieving 

precise utterance- and word-level alignment. The dataset 

comprises 8.35 hours of high-quality child speech from 62 

speakers (4.5–5.5years). Table 2 shows summary of our dataset  

Table 2: Summary of HUKILC-CO Dataset Splits.  

Split  # Spk. # Utt. Dur. (hrs) Avg. (s) 

Train 50 6,414 6.51 3.66 

Valid 5 687 0.69 3.61 

Test 7 1,029 1.08 3.80 

Sum 62 8,130 8.29 3.67 

2.3. ChildStyleTTS: An Expressive Text-to-Speech System 

for Children in Low Resource Settings  

We proposed ChildStyleTTS built upon StyleTTS[14], the first 

expressive text-to-speech (TTS) system for children. Our 

framework model is a non-autoregressive TTS model that 
produces speech with expressive tones. It leverages adaptive 

normalization as a style conditioning method to derive style 

embeddings from references.  

ChildStyleTTS trained on our Expressive dataset. The training 

process is divided into two stages: the first stage, where the 

model reconstructs the mel-spectrogram by learning to generate 

it from the given text, and the second stage, where all modules 

remain fixed except for duration and prosody predictors. These 

predictors are trained to estimate duration, pitch, and energy 

from the input text. We conditioned the proposed TTS model 

on a speaker encoder H/ASP[15] , which generates speaker 

embeddings that encode speaker identity information extracted 

from reference utterances. We compared our model with the 

Multi-Speaker Child TTS model [7] and CoquiTTS/Vits [16]. 

A transfer learning method is used to finetune the baseline 

models CoquiTTS /Vits and Multi-Speaker Child TTS. In this 

study, we randomly selected 30 text samples from the test set 

for evaluation. A total of 19 listeners, aged between 23 and 54 

years. According to the results, the preferences of listeners 

indicated that among the systems evaluated, the ChildStyleTTS 

model achieved a notably high mean similarity score of 68% 

relative to the ground truth. Figure 2. illustrates a MUSHRA 

scores for each model. 

 

Figure 2:  The MUSHRA scores for the Mean naturalness are 

presented for (a) Ground truth (b) CoquiTTS /Vits (c) 

ChildStyleTTS (d) Multi-speaker ChildTTS and (e) Lower 

anchor, with the average results 

3. Future work  

In future work, we further develop the ChildStyleTTS, we plan 

to expand the model's capabilities to support child speech in 

other languages (Hungrain and Turkish). This will help extend 

the applicability of ChildStyleTTS for global use, particularly 
in multilingual educational and assistive communication 

technologies.We will explore the utility of HUKILC-CO for 

training and evaluating TTS , We plan to benchmark state-of-

the-art models such as StyleTTS2[17] , XTTS [18], 
YourTTS[19] including both training from scratch and fine-

tuning approaches, to establish robust baselines for  both 

English and Hungarian child TTS. 
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1. Motivation
State-of-the-art Automatic Speech Recognition (ASR) systems
excel in transcribing standard read speech from native speak-
ers of high-resourced languages like English and Mandarin [1].
Many of these systems have been developed as multilingual
speech foundation models capable of handling multiple tasks
aside from ASR, such as speech translation, language identifica-
tion, and even text-to-speech [2, 3]. Despite this, they still strug-
gle with inclusivity, meaning underrepresented speaker groups,
such as children, the elderly, or non-natives [4, 5], as well as
different speech styles [6] and lower-resourced languages [3],
are often overlooked due to data and research limitations. How-
ever, how can ASR research further develop to be inclusive and
generalizable across different populations, languages, and reg-
isters? One facet related to inclusivity and generalisability is
quality. Ideally, high quality needs to be achieved for a wide
range of use cases. However, defining quality is difficult as it
is not a one-dimensional, trivial concept, but rather it encom-
passes different aspects and can be adjusted according to the
intended application of the ASR model.

One aspect is data quality. Data would be considered ”of
high quality” if it contains complete labels and metadata that
can provide a comprehensive overview of the dataset as a whole.
Currently, this is not the case for the majority of corpora avail-
able, which further hinders ASR research and understanding of
its behaviour. Another aspect is the methodology and choos-
ing the right components in the training pipeline to ensure the
highest model performance and quality. Various methodologi-
cal approaches can be observed in the literature, but there are
not enough studies that compare them in the context of speech
foundation models and inclusivity. Lastly, evaluation is one of
the most important aspects as it is the main measure of quality.
Crafting the right evaluation protocol can reveal many insights
about the choices for the other two aspects, which in turn will
ensure the highest quality possible of ASR models.

Therefore, it is vital to define and assess the quality in the
context of these facets to gain a better understanding of the be-
haviour of ASR, particularly of large-scale speech foundation
models. The research question I will address during my doctoral
programme is the following: How can the quality of Speech
Foundation Models be assessed in the context of Inclusive
Dutch Automatic Speech Recognition? The next chapter will
provide the outline of how I will approach this question.

2. Project outline
There are three major concepts that I intend to study in the con-
text of quality and which will represent the chapters of my dis-
sertation:

2.1. Data Quality through Data Selection

In this chapter, I will attempt to understand the effects of data
curation on model performance. By data selection, I refer to
the process of sampling subsets from a large corpus to extract
only the speech segments relevant to the use cases of the ASR
system. The use cases I will investigate will be low-resource,
such as speech from children, the elderly, non-natives, people
with dialects, etc. Data curation is severely understudied and,
throughout my PhD, I hope to underline its importance in de-
veloping high-quality, inclusive ASR models. The next planned
study will be placed within this chapter and will look at three
methods of child speech training data selection: random se-
lection, metadata-based selection (selecting data from specific
areas of the dataset based on the metadata fields and informa-
tion available), and using a classifier to identify segments of
child speech. These experiments will be conducted on several
datasets: a large archive of 81,000 hours with scarce metadata
available, as well as a smaller dataset, JASMIN-CGN[7], which
contains child speech. The latter corpus will be described within
the first study chapter. In terms of the classifier, an off-the-shelf
solution will be used, based on the wav2vec 2.0 architecture1.

2.2. Training Methodology and Model Quality

Within this chapter, I will review several state-of-the-art ap-
proaches to training large-scale models in the context of qual-
ity. There are different aspects through which this can be
approached: the model itself, the pre-processing steps, the
feature extractor, the output tokens, or the overarching train-
ing pipeline. Through suitable architecture and methodology
choices, inefficiency can be greatly reduced and high quality
can be guaranteed. Thus, emphasizing correct architectural
choices within this chapter will hopefully lead to better designs
of high-quality speech foundation models and better-targeted
ASR systems.

2.3. Quality in Evaluation

The last chapter will cover evaluation as extensively as possi-
ble. Conducting a proper evaluation of speech foundation mod-
els will ensure our results are valid, comparable, and reflect the
performance of the systems in more realistic scenarios. Much
of the development of speech foundation models does not use
comprehensive and detailed evaluations, which is further em-
phasized by later studies that reveal their poor performance un-
der low-resource conditions. To progress the design of robust
evaluation protocols, the potential studies under this chapter
would include assessing the relevancy of certain metrics, data
selection for evaluation, as well as frameworks to standardise

1https://huggingface.co/bookbot/wav2vec2-adult-child-cls



the evaluation step of ASR, such as benchmarking. I have con-
ducted my first study within this chapter by benchmarking var-
ious open-source, state-of-the-art speech foundation models for
different use cases of Dutch, which will be extensively covered
in the next section.

3. Discussion of First Study
For my first study, I investigated the performance of the latest
open-source speech foundation models available for different
Dutch speech conditions. My approach involved a more stan-
dardised method of evaluation called benchmarking, through
which I ensured transparency of the evaluation and compara-
bility of the results. The investigated models were Whisper [3],
XLS-R [8], and MMS [2], with the baseline being Kaldi NL [9],
a Dutch ASR model developed using the Kaldi toolkit [10]. The
datasets used are JASMIN-CGN [7], a Dutch corpus of children,
elderly, and non-native speech, N-Best (not reported here) [11],
a dataset of broadcast news and telephone conversations, and
COPAS [12], a corpus which contains both healthy and patho-
logical speech. Metrics used include Word Error Rate (WER),
Real-Time Factor (RTF), and memory usage. The latter two are
not reported in this paper.

Table 1: WER scores for read *D*utch and *F*lemish in
JASMIN-CGN. C=Children, T=Teenagers, NNC=Non-Native
Children, NNA=Non-Native Adults, E=Elderly. Best results are
highlighted in bold.

Model DC DT NNC NNA DE

Kaldi NL 28.1% 16.2% 43.6% 45.3% 20.9%
Whisper v2 20.3% 11.3% 29.9% 30.6% 13.7%
Whisper v3 28.1% 25.2% 50.9% 62.6% 27.6%
XLS-R 22.4% 13.3% 33.8% 36.1% 17.2%
MMS-1b-102 31.6% 20.3% 54.2% 55.1% 23.9%
MMS-1b-all 28.9% 20.0% 50.1% 54.0% 28.3%
Model FC FT NNC NNA FE

Kaldi NL 59.2% 33.5% 51.3% 43.3% 24.7%
Whisper v2 42.4% 11.7% 19.9% 21.0% 16.7%
Whisper v3 57.2% 30.6% 44.4% 41.1% 38.7%
XLS-R 47.4% 13.3% 30.1% 26.8% 16.4%
MMS-1b-102 55.3% 22.4% 43.0% 37.0% 23.0%
MMS-1b-all 49.2% 21.8% 34.9% 35.8% 22.3%

Results for JASMIN-CGN can be seen in Table 1. Looking
at the WER scores, large differences can be seen between the
different speaker groups, with native teenagers having the low-
est score (11.3%) and non-native adults having the highest score
(30.6%) for Whisper large-v2. Differences can also be noticed
between models, with Whisper large-v3 performing the worst
on average and Whisper large-v2 performing the best.

Table 2: WER scores for COPAS. N=Normal/healthy speech,
D=Dysarthria, H=Hearing impairment, L=Laryngectomy,
C=Cleft palate, V=Voice disorder. Best results are highlighted
in bold.

Model N D H L C V

Kaldi NL 47.4% 78.0% 78.7% 86.8% 94.8% 56.3%
Whisper v2 15.6% 44.7% 51.8% 44.8% 64.0% 30.3%
Whisper v3 20.1% 49.4% 46.3% 52.7% 69.6% 29.5%
XLS-R 38.3% 64.7% 70.5% 73.7% 96.7% 50.4%
MMS-1b-102 39.3% 71.5% 76.4% 80.5% 96.5% 50.4%
MMS-1b-all 34.4% 65.8% 75.3% 77.4% 97.1% 56.7%

The results for COPAS are presented in Table 2. The differ-
ences in WER are even larger than in the case of JASMIN-CGN.
Pathological speakers suffer from reduced ASR performance
with scores ranging from 29.5% to 64%, which far exceed the
WER obtained for healthy speakers. Healthy speech scores the
lowest WER for Whisper large-v2 with a score of 15.6%.

Overall, these results show that there are biases present for
speech foundation models, with some speaker groups exhibiting
a stronger bias than others. The results provide a solid starting
point for my research that aims to ultimately improve not only
quality, but also inclusivity and generalisability of speech foun-
dation models.

4. Potential Challenges
One of the causes of underrepresented speaker and speech
groups having low performance is the lack of data available.
I expect the lack of audio data to be a potential issue in my re-
search, which might limit the breadth of my studies. Working
with speech foundation models, particularly training them from
scratch, can also generate problems. Pre-training foundation
models would be part of my second chapter about methodology.
However, my doctoral programme is funded by a project that
works towards creating a speech foundation model for Dutch,
which would reduce the potential of issues arising due to a lack
of hardware resources, data preprocessing, and so forth.

Another challenge could be the difficulty of designing a
sensible evaluation that is as transparent as possible for speech
foundation models. Explicitly, tailoring the evaluation to the
various conditions that I want to assess could increase the com-
plexity of designing the evaluation. There are many factors to
consider when conducting an evaluation of ASR models, which
can affect the interpretability and robustness of the results, thus
leading to researchers and users being misled in terms of tran-
scription expectations if done improperly. At the same time, a
considerable amount of time would have to be spent to carefully
design an evaluation that makes sense and is methodologically
robust, such that quality can be correctly assessed.

5. Expected Contributions
I expect to contribute towards building higher-quality speech
foundation models and ASR systems from the different per-
spectives mentioned in this paper. Through a smart selection
of training data, I expect to generate more inclusive and bal-
anced transcriptions and reduce the practice of utilizing all the
data available, which would harm the environment and hinder
the development speed. Through a review of suitable method-
ologies, I expect to contribute towards more conscious choices
that are tailored for the goals set by researchers. Improving the
evaluation quality would lead to higher transparency and robust-
ness of the obtained results, as well as a better understanding
of model behaviour. The outcomes would not be restricted to
Dutch only, but would also extend beyond and translate easily
to other languages.
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1. Research questions and motivation
This project focuses on the approaches to handle code-
switching and code-mixing in speech involving Ukrainian and
Russian, in the domain of Broadcast News (BN), including po-
litical debates, news reports, meetings, street interviews, among
others. Ukrainian is still an under-researched language in the
context of ASR [1, 2, 3, 4]. A key challenge is the frequent
code-switching and code-mixing between Ukrainian and Rus-
sian [5, 6], with speakers often alternating between the two
languages. This multilingual context, along with the presence
of dialectal variation in both Ukrainian and Russian, makes
acoustic and language modeling more challenging. Despite its
widespread occurrence in natural speech, this phenomenon has
received limited attention in ASR research [7, 8, 9]. Improving
ASR for Ukrainian, especially under these multilingual condi-
tions, could significantly advance language technologies in the
region.

The core goals of this research consist of four main tasks:
(i) collecting current information and creating linguistic re-
sources; (ii) developing transcription guidelines for Ukrainian
speech, including code-switching and code-mixing; (iii) creat-
ing validation tests to evaluate ASR performance; and (iv) inte-
grating these elements into ASR systems and conducting bench-
marking.

2. Key challenges
Adapting an ASR system for the Ukrainian language is com-
plex due to several linguistic and technological challenges. One
major challenge is that Ukrainian speakers frequently switch
between Ukrainian and Russian during conversation [5, 6], ei-
ther by alternating between the two languages (code-switching)
or mixing elements of both within a single sentence (code-
mixing). For instance, code-mixing can occur in sentences
like “Vona pishla na rabotu ranishe,” where the Russian word
“rabotu” (work) appears in Ukrainian sentence.

These phenomena are particularly common in the
Ukrainian language, occurring regularly in contexts such as po-
litical debates and news broadcasts. As a result, ASR systems
face increased complexity when processing bilingual or mixed-
language speech.

Similarly, while ASR systems tend to perform well with
planned speech, their accuracy typically declines when dealing
with spontaneous speech, which includes disfluencies such as
repetitions, pauses, lengthenings, and other speech disruptions
[10, 11, 12, 13]. In recent years, researchers have begun to de-
velop ASR models that include disfluencies, which have im-
proved the recognition and processing of spontaneous speech
[14, 15, 16]. In the case of Ukrainian, studies have shown that
incorporating Filled Pauses (FPs) (e.g., uh, uhm) can enhance
ASR performance, as these were reported as being the most

common type of disfluency in Ukrainian speech [17, 18]. How-
ever, research on FPs in Ukraine remains limited [19, 17, 18],
particularly with respect to their acoustic properties and poten-
tial integration into ASR systems. Therefore, this research also
aims to explore the FPs types present in Ukrainian, to incor-
porate them into the ASR system, and compare them to those
already described and studied for Russian.

A key challenge in adapting ASR systems for Ukrainian is
the limited resources of text and speech data to train the required
models, specifically data that captures real-world usage. In
particular, code-switching and code-mixing between Ukrainian
and Russian, common in everyday spoken communication, are
poorly represented in existing resources.

2.1. Phonetic challenges

Frequent switching between Ukrainian and Russian, two
closely related Slavic languages, presents a major challenge
for ASR systems, which must recognize and process both lan-
guages, sometimes within a single utterance.

The Russian spoken by Ukrainian speakers differs from na-
tive Russian in several phonetic aspects. For example, while
all Russian consonant phonemes are present in Ukrainian, six
Ukrainian consonant phonemes have no equivalent in Russian
[5]: /H/, /dz/, /dZ/, /Zj/, /tsj/, and /tS/. Additionally, the Ukrainian
voiced glottal fricative /H/ and the Russian voiced velar plosive
[g] share the same written form. Ukrainian speakers often re-
place the Russian [g] with the Ukrainian [H] in pronunciation,
which gives their Russian speech a noticeable accent [5].

Finally, a key difference involves the frequency of the front
open-mid vowel [E] after a palatalized consonant (e.g., Russian
word ["ljEs] (‘forest’)). This vowel in that position is quite rare
in Ukrainian but common in Russian.

2.2. Filled pauses

Since research has shown that incorporating FPs can improve
ASR performance, and they have been described as the most
common type of disfluency in Ukrainian [17, 18], we propose
including them in the ASR system to increase recognition ac-
curacy. Furthermore, given their frequency and spontaneous
nature, FPs may serve as native linguistic markers that assist
in the identification or analysis of code-switching and code-
mixing phenomena. Our hypothesis is that FPs could function
as cues that signal transitions or hesitation points where lan-
guage alternation is more likely to occur. However, this area
remains underexplored in Ukrainian, and there is no established
typology of FPs in this language.

Therefore, our initial goal was to explore FPs present in
Ukrainian speech, focusing on their occurrence across three do-
mains: Broadcast News (BN), Political Interviews (PI), and
Guest Interviews (GI). For this, we used a sample of 4 hours



Table 1: Types and rate of filled pauses (overall and in BN do-
main).

Type Overall BN Domain
No. of FPs % of FPs No. of FPs % of FPs

%a 265 54.0 276 56.91
%I 177 36.0 164 33.81
%m 27 5.5 12 2.47
%e 6 1.2 3 0.62

%am 5 1.0 16 3.3
%u 4 0.8 – –

%mna 2 0.4 – –
%na 2 0.4 3 0.62
%au 1 0.2 1 0.21
%mI 1 0.2 – –
%nI 1 0.2 – –
%nja 1 0.2 2 0.41
%aj – – 2 0.41
%av – – 2 0.41
%jaj – – 1 0.21
%ej – – 1 0.21

%om – – 1 0.21
%ma – – 1 0.21

of publicly available data. Subsequently, we focused on FPs
occurring specifically within the BN domain, using 5 hours of
sample data, since this is the target domain for our ASR system.
The results are demonstrated in Table 1, using the percentage
sign (%) as a marker to indicate FP.

2.3. Strategies for bilingual speech recognition

Another major challenge are phonetic inventories in bilingual
speech. Currently, there are multiple strategies for dealing with
the phonetic differences between languages that involve code-
switching and code-mixing [20, 21, 22]. These include mono-
lingual approaches, in which separate phonetic alphabets, vo-
cabularies, and text corpora are created for each language, and
mixed approaches, where resources are integrated into a sin-
gle unified system. The effectiveness of these strategies re-
mains an open question, particularly for Ukrainian. For exam-
ple, [20] used a multilingual strategy - Grapheme-to-Phoneme
(G2P) models from Russian, Belarusian, German, and English.
The approach involved mapping Ukrainian graphemes to those
of related languages. Russian and Belarusian languages demon-
strated the best results.

Additionally, [5] has investigated the use of interlingual
systems to address code-switching using a Large Vocabulary
Continuous Speech Recognition (LVCSR) approach. These
studies have examined different phonetic inventory configura-
tions and found that even slight phonetic additions, such as in-
corporating the Russian [jE], can improve recognition accuracy
in speech involving code-switching and code-mixing.

Furthermore, [21] explored the creation of separate ASR
models for both Russian and Ukrainian, as well as unified mod-
els that shared acoustic, pronunciation, and language models.
Their findings indicated that ASR systems based on Ukrainian
models consistently outperformed those based on Russian, re-
gardless of whether they were used in separate or unified con-
figurations. This reinforces the importance of understanding the
specific phonetic and orthographic characteristics of Ukrainian
to develop a robust ASR system for this language.

A similar challenge has been addressed in other languages,
such as Mandarin-English code-switching, as shown in the
ASRU 2019 Code-Switching Challenge [7]. The study demon-
strated that both traditional hybrid and end-to-end ASR sys-
tems can benefit from unified modeling approaches, the inte-
gration of artificial code-switched text, and data augmentation
techniques such as spec-augment. These methods significantly
improved recognition accuracy and the strategy may be relevant

for Ukrainian as well.

3. Expected results

This research aims to adapt an ASR system capable of process-
ing Ukrainian BN content and handling spontaneous speech, in-
cluding instances of code-switching and code-mixing with Rus-
sian. One of the primary outcomes will be the creation of lin-
guistic resources for Ukrainian, which include phonetic inven-
tories, pronunciation rules, and disfluency patterns, particularly
FPs. These resources will serve as the foundation for develop-
ing robust acoustic, pronunciation, and language models. Addi-
tionally, a manually created golden set of transcribed broadcast
news segments will be created to support the evaluation and
benchmarking of ASR performance under realistic conditions
involving spontaneous and mixed-language speech.

The project will integrate these resources into ASR systems
and evaluate performance using standard metrics such as WER,
precision, F-measure, and processing time [23].

4. Plans for the future

The future steps of this project are divided into several key
phases focused on adapting an ASR system for the Ukrainian
language. Initially, linguistic data, covering phonetic, phono-
logical, and grammatical features, as well as code-switching
and code-mixing with Russian, will be collected from public
corpora, including broadcast news and journalistic content.

To ensure the quality of the training data, detailed transcrip-
tion guidelines will be developed for Ukrainian speech. These
guidelines will outline standardized procedures for transcribing
various speech phenomena, including disfluencies, such as FPs,
repetitions, prolongations, inter alia, and the accurate represen-
tation of code-switching and code-mixing instances. By apply-
ing these consistent rules, the transcriptions will then serve as
an input for the extraction of linguistic patterns to build statis-
ticals models. Text data from articles and newspapers will be
used to build a language model, while audio data from news
broadcasts will support the development of an acoustic model.

A Russian ASR system will be adapted to Ukrainian us-
ing a monolingual approach, with the potential for multilin-
gual integration later. Since this is an adaptation process, the
phone set used in the Russian system will be aligned with that
of Ukrainian, with necessary adjustments made to account for
phonological differences between the two languages.

Finally, we will explore different ASR systems available in
the industry to determine which best fits the use case of rec-
ognizing code-switching speech in Ukrainian. Although WER
will serve as the main performance indicator, additional fac-
tors such as processing time will also be considered to provide
a comprehensive evaluation. Based on the results, the most ap-
propriate solution will be selected and further refined to improve
system accuracy.

5. Main contributions of the research

This research aims to advance the study of ASR for Ukrainian
and to contribute to multilingual ASR development. By explor-
ing strategies for handling code-switching and evaluating indus-
try ASR solutions, we aim to improve recognition of linguisti-
cally complex Ukrainian speech and to technological advance-
ment for Ukrainian and related languages.
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Overview 

Turn-taking is a vital part of human conversation, but it is still 

unclear what role utterance-final speech melody plays in 

relation to our ability to swiftly and smoothly switch between 

interlocutors. The PhD-project presented here, which is still at 

an early stage, sets out to work on this puzzle by first 

investigating the function of final boundary tones in a corpus of 

task-oriented, spontaneous Dutch dialogue, and then carrying 

out follow-up experiments, for example using eye-tracking. 

Index Terms: turn-taking, final boundary tones, turn 

projection, intonation, dialogue, short gaps 

1. Background and motivation 

1.1. Turn-taking in conversation 

Turn-taking is a fundamental and universal [1] aspect of human 

conversation, where interlocutors typically switch back and 

forth between speaker and listener roles in a remarkably smooth 

and accurately timed manner. As is frequently quoted from 

Sacks and colleagues’ seminal paper [2], turn-transitions in 

conversation are characterised by very little gap and overlap 

between consecutive speakers, where “[o]verwhelmingly, one 

party talks at a time” (p. 700). This does not mean that these 

rules are never violated, but rather that the violations 

themselves can be communicatively meaningful [3], e.g. a 

delayed response could communicate reluctance. The speed of 

human turn-taking is in stark contrast with spoken dialogue 

systems, which have traditionally relied on silence thresholds 

to detect turn-ends [4]. Since pauses within speakers’ turns are 

often longer than pauses between turns [see e.g., 1], silence is a 

rather poor end-of-turn indicator, which advocates for including 

turn-taking cues in end-of-turn prediction [4]. 

Successful and swift turn-taking in human conversation 

relies on a complex interplay of cues, e.g. verbal cues at the 

syntactic, semantic, as well as pragmatic level, prosodic cues 

such as pauses, speech melody, loudness and voice quality, but 

also e.g., breathing, gestures or gaze. The aim of this research 

is to clarify the precise function and contribution of utterance-

final intonation in signalling turn-taking in Dutch, specifically 

whether – and if so, under which conditions – it can function as 

an independent cue. 

1.2. Utterance-final intonation and the timing problem 

The intonation of an utterance consists of the sequence of pitch 

variations over the course of that utterance. In Dutch, intonation 

serves primarily to mark information structure: new or 

important information is highlighted with pitch accents, i.e. 

conspicuous pitch changes that are often peak-shaped, while the 

beginnings and endings of utterances have boundary tones. 

Final boundary tones can be either low (Transcription of Dutch 

Intonation (ToDI): L%, characteristic of statements, suggesting 

finality), high (H%, characteristic of e.g. echo questions), or 

level (%, signalling incompleteness). 

On the one hand, it seems that boundary tones play a role in 

the turn-taking system of Dutch, especially by signalling turn-

keeping. Earlier work on Dutch intonation by Caspers [6], [7] 

has found support for the idea that the level final boundary tone 

following a high pitch accent (H* %) is used by speakers to 

indicate that they want to keep the floor. This turn-keeping cue 

can be characterised as comma intonation. It has been proposed 

that the high final boundary tone may similarly be used to signal 

continuation (in contours such as H*L H% and H* H%) and 

thus functions as a turn-keeping cue [7], [8], [9], [10]. Since 

H% also functions as a turn-yielding cue when signalling 

questions (e.g., declarative questions like “You saw him?”), the 

question of its relevance in the turn-taking system is still open. 

On the other hand, it appears that these meanings associated 

with utterance-final speech melody cannot play a role in helping 

listeners anticipate the turn-end in order to plan their response, 

since final boundary tones may be too late in the speech signal. 

Between-speaker gaps in natural dialogue, for instance in 

telephone conversations, have been measured to last 0-200 ms 

on average [1], [11], [12]. This is extremely short, given that 

laboratory studies have found that it takes about 600-1500 ms 

to prepare an utterance [13], [14]. To attain such short response 

latencies, speakers need to plan new utterances in advance, 

concurrently with the previous speaker’s incoming turn. Indeed, 

Bögels and colleagues, among others, have found support for 

early planning. They presented participants with questions in 

which they manipulated the moment at which the gist became 

clear, which yielded faster responses for those questions where 

the critical information was given earlier [15]. 

This raises the question of what role is left for utterance-

final intonation, since 200 ms gaps would not be possible if 

utterance planning would only start at the realisation of final 

boundary tones, which typically falls on the utterance-final 

syllable. How can we reconcile these contradicting datapoints? 

It seems that there are four possible scenarios, that need not be 

mutually exclusive. First, final boundary tones may not play a 

role in the turn-taking system, contrary to the findings of e.g. 

Caspers [7], but in line with e.g. De Ruiter and colleagues [16]. 

They found that the lexicosyntactic content of an utterance was 

“necessary (and possibly sufficient) for projecting the moment 

of its completion,” whereas the intonational contour was 

“perhaps surprisingly … neither necessary nor sufficient for 

end-of-turn projection” (p. 515). If there is still a role for 

utterance-final speech melody in turn-taking, it may be limited 

to cases that are otherwise ambiguous. 

Second, rather than aiding the anticipation of a turn-end for 

the sake of early utterance planning, boundary tones may in fact 

function as “turn-final go-signals” that help listeners to 

accurately time their response which they have already planned. 



Barthel et al. (2017) support this idea with data from an eye-

tracking study where both the presence of early lexical cues and 

of late intonation cues yielded shorter response times, but the 

intonation cues did not seem to affect the timing of utterance 

planning. Then, boundary tones may still be useful to turn-

taking simply by marking the location of the turn-end. 

Third, there are indications that the reported 200 ms average 

gap durations paint a skewed picture of the timing of real turn-

changes. Corps et al. [17] argue that the short inter-speaker gaps 

may be “overrated”, since the relevant studies did not 

sufficiently distinguish between real turns (responding to the 

content of the preceding turn) and other “segments” such as 

backchannels (e.g. okay, yes, hm-hmm), and parallel talk 

(continuations of the same speaker’s previous turn). Thus, as 

Heldner and Edlund [11] also argue, a considerable proportion 

of turn-changes have longer gaps which may allow more space 

for reaction to prosodic cues such as boundary tones. 

A fourth scenario is that boundary tones are not as confined 

to the final syllable as has often been assumed, such that an 

impending turn-end would become perceivable earlier on in the 

speech melody. It is currently unclear which of these 

interpretations best describe the real functioning of boundary 

tones, and there is a methodological challenge in reconciling 

generalisability with the highly varied nature of conversation. 

2. Aims, methods and challenges 

2.1. Research question and hypotheses 

The goal of this PhD-project is to find out of whether utterance-

final intonation in Dutch can play an independent role in 

signalling turn-taking in conversation, i.e., whether boundary 

tones can signal turn-yielding or turn-holding in their own right 

under some conditions, or whether their role in turn-taking is 

redundant. To this end at least the following hypotheses will be 

tested in the corpus study described below, controlling for other 

expected relevant cues to turn-taking: 

H1. There is a strong correlation between the utterance final 

level boundary tone (%) and turn-keeping  

H2. There is no direct relationship between low boundary 

tones (L%) and turn-keeping or turn-yielding 

H3. (a) There is no general relationship between the high 

boundary tone (H%) and turn-keeping or turn-yielding, but (b) 

when H% functions as an independent turn-yielding cue, there 

will be a longer gap (> 200 ms) between consecutive speakers 

than at other turn-changes. 

2.2. Methods and challenges 

This research will consist of two complementary 

methodological phases, starting with a detailed corpus study 

aimed at the aforementioned hypotheses, which will lead to 

follow-up experiments To limit the number of possible 

variables at play, we will investigate only the auditory domain, 

comparable with telephone calls. The auditory analyses, 

annotations, and manipulations will be carried out in Praat [18]. 

A corpus of Dutch-language Map Task dialogues – guided 

spontaneous conversations – will be annotated at various levels 

in order to flesh out the role of speech melody in relation to 

other potential cues to turn-taking. This will allow us to see 

whether, and when, there is an independent role for intonation. 

In a Map Task dialogue, participants need to cooperate verbally 

to reproduce the route given on the one participant’s map on the 

other participant’s map, and minor differences between the 

maps elicit more varied turn-taking behaviour. The eight 

annotated dialogues analysed by Caspers [7] will be checked 

and supplemented, and an additional eight dialogues will be 

added to the corpus and annotated from scratch. The existing 

annotations comprise inter-pausal units (IPU) – i.e., 

consecutive stretches of speech by the same speaker, separated 

by either silent gaps larger than 100 ms, or speaker changes (see 

also [7], [19]) – as well as transcriptions of utterance-final 

intonation using ToDI, syntactic completion points, and turn-

transition types (change, hold, simultaneous start, interruption, 

and backchannel). A challenge is how to deal with 

backchannels and parallel talk in relation to turn-taking. 

The main challenge for the corpus study is to find 

systematic ways to handle the varied and often context-bound 

nature of spontaneous conversation. I am currently looking into 

using large language models to perform text classification on 

the orthographic transcriptions, to label each IPU in terms of its 

how likely it is followed by either a turn change or hold. Hereby 

accounting for the possible syntactic, semantic and pragmatic 

turn-changing cues, the role of intonation should become more 

clear. Additionally, I am considering analysing the f0-contours 

in a more data-driven way via cluster analysis [20]. 

In trying to exclude as many potential other cues to turn-

taking as possible, instances where intonation is really the only 

relevant turn-taking cue may turn out to be sparse due to the 

limited scale of the corpus. If more corpus data will need to be 

analysed, there are challenges in streamlining and further 

automatising the labour-intensive annotation process. Another 

challenge in the current corpus data is that the recordings were 

not made with separated speaker channels, limiting possibilities 

for analysing intonation of overlapping speech.  

The precise design of the experiments will depend in part 

on the findings of the corpus study. Nevertheless, the projected 

plan is to conduct an eye-tracking and reaction time experiment 

using programmed avatars and prosodically manipulated 

speech, inspired by [21] and [22]. In a next-speaker decision 

task, participants will listen to a dialogue between two avatars 

on a screen, and click on the speaker they expect to talk next 

when the audio stops. The timing of gaze-shifts from one to the 

other avatar can then inform us as to when turn-taking cues 

become available to listeners, and reaction times can teach us 

about the prototypicality of certain turn-holding and turn-

yielding configurations. The biggest challenge in designing 

suitable follow-up experiments seems to be ensuring sufficient 

experimental control, whilst maintaining maximum similarity 

to natural conversation.  

3. Looking ahead 

I look forward to being able to present some initial results of the 

corpus study at the Doctoral Consortium. Although I do not yet 

have results to present here, I hope to gain a more nuanced and 

deepened understanding of the possible function of melodic 

cues in guiding turn-taking in conversation through this PhD-

research. Even if utterance-final speech melody only proves to 

be an independent cue in very limited cases, Skantze [4] argues 

that it may still prove useful to conversational systems. “Since 

conversational systems do not have the same 

computational/cognitive constraints and might not have to 

prepare the response in advance to the same extent as humans, 

they could make use of turn-final cues to a larger extent” (p. 

10). Uncovering patterns in the use of boundary tones may then 

be informative for improving the interactive functioning of 

dialogue systems, i.e., helping robots know who’s next. 
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1. Research Questions and Motivation
This dissertation investigates how two prosodic features in
Mandarin Chinese—neutral tone and rhotacization—are pro-
duced and perceived by native speakers and second language
(L2) learners. Both features are prominent in Beijing Mandarin
but are less commonly used in Taiwan Mandarin. This study ad-
dresses four main questions: (1) How do native speakers from
Beijing use neutral tone in production? (2) How are neutral tone
and rhotacization perceived across different listener groups, par-
ticularly among Beijing and Taiwan speakers? (3) How do L2
learners produce and interpret these socially meaningful fea-
tures? (4) How do factors such as language awareness, attitude,
and exposure influence learners’ acquisition of sociolinguistic
variation?

This project is motivated by three main gaps in the current
literature. First, sociolinguistic study of variation and change
has a long-standing bias towards speech communities in West-
ern and especially Anglophone societies, leaving variation in
non-Western societies and languages such as Mandarin rela-
tively underexplored [1, 2, 3, 4]. Second, while previous stud-
ies have examined how various social factors influence the use
of specific variables in Mandarin, such as neutral tone (NT)
[5, 6, 7, 8, 9, 10, 11], the social meanings of these variables,
especially in cross-regional contexts, remain largely unexam-
ined. Third, L2 learners’ ability to acquire and interpret socially
meaningful variation remains poorly understood, even as soci-
olinguistic competence becomes increasingly central to second
language pedagogy and research [12, 13, 14, 15, 16]. Research
on L2 learners’ sociolinguistic competence in Mandarin Chi-
nese remains especially limited.

2. Methodology
The dissertation comprises three studies. The first examines
production patterns of neutral tone among 36 native Beijing
speakers (20 female, aged 25–45), using sociolinguistic inter-
views that included conversational speech, a word list, and a
passage-reading task. It is important to note that Mandarin neu-
tral tone words fall into three categories: obligatory, optional,
and forbidden. The word list included 48 optional and 44 for-
bidden neutral tone words, while the passage reading task con-
tained 14 optional and 27 forbidden items. The conversational
section included background questions, daily life topics, and 15
questions specifically designed to measure participants’ orien-
tation towards Beijing. This study provides empirical evidence
of ongoing change in the use of neutral tone in contemporary
Beijing and explores how social factors such as speakers’ place
orientation and speech style shape linguistic behavior.

The second study uses a web-based matched-guise percep-
tion experiment involving 96 listeners (40 from Beijing, 56 from

Taiwan). Four talkers (1 male 1 female from both northern and
southern China) recorded two paragraphs (one targeting neu-
tral tone, the other rhotacization) in three guises: natural speech
and two manipulated versions with different realizations of the
target variables. Target words were extracted and resynthesized
into natural speech using Praat [17], resulting in 16 stimuli. Lis-
teners rated each recording on traits such as femininity, likabil-
ity, intelligence, and personality, and completed a background
questionnaire. This experiment investigates the social meanings
indexed by neutral tone and rhotacization, and examines how
speaker accent, speaker gender, and listener background shape
these perceptions.

The third study, currently being launched, will investigate
advanced L2 learners of Mandarin through both production
and perception tasks. Participants will complete sociolinguis-
tic interviews, matched-guise perception tasks, and background
questionnaires assessing language attitudes, awareness, and ex-
posure. This component will allow me to evaluate how learn-
ers acquire not only the linguistic forms, but also their social
meanings, providing insights into how learners integrate into
new linguistic communities and construct identity through lan-
guage use.

3. Results So Far
In experiement 1, two native Mandarin-speaking coders labeled
neutral tone usage as 0 (neutral tone) and 1 (full tone) across
speech types. To assess speakers’ place orientation, the same
two raters scored their responses to 15 target questions using
a 5-point scale (1 = lowest, 5 = highest). Each speaker’s final
place orientation score was calculated as the average of both
raters’ scores across all 15 items. Scores ranged from 2.60 to
4.46, with a median of 3.27.

Linear mixed-effects modeling revealed several significant
effects. First, speech style has a significant effect: native Bei-
jingers used significantly less neutral tone in passage reading
and word list reading than in free or conversational speech
(p < 0.001). Second, neutral tone type also played a signficant
role: neutral tone was realized significantly less often in forbid-
den neutral tone words compared to optional ones (p < 0.001).
Obligatory items were excluded from the analysis, as they are
expected to be neutralized in nearly all cases. Third, a signif-
icant effect of place orientation was observed (p = 0.017):
speakers with a stronger orientation toward Beijing produced
more neutral tone overall. Compared to [10], who reported
nearly categorical use of neutral tone, the current study found
decreased usage—averaging 70.2% for women and 72.8% for
men—indicating a potential sound change in progress. Inter-
estingly, gender had no significant effect on neutral tone usage,
contrasting with patterns often found in English sociolinguis-



tic research, where women often lead linguistic change (e.g.,
[18, 19, 20]).

Preliminary results from Experiment 2 reveal regional dif-
ferences in NT perception and complex interactions among
speaker gender, speaker accent, listener gender, and NT realiza-
tion. Across all listeners, female talkers were rated as more fem-
inine, gentle, and likable. Among Beijing listeners, non-neutral
tone speech was perceived as more accented (p < 0.001), and
NT use positively influenced perceptions of cuteness and re-
duced accentedness, especially for northern-accented talkers.
In contrast, Taiwan listeners associated non-NT speech with
higher intelligence (p < 0.05) and marginally higher likability
(p = 0.055), and rated southern-accented NT as more accented
(p < 0.01). Male Taiwan listeners showed stronger preferences
for non-NT speech, while female listeners did not. Analyses of
NT-related judgments such as perceived education and regional
origin are ongoing, and analysis of rhotacization is forthcoming.

4. Plans for the Future
Ongoing analysis of the perception data will examine how
listeners infer speakers’ region, education level, occupation,
and other social characteristics based on variation in neutral
tone and how they perceive rhotacization. These analyses will
deepen our understanding of the social meanings of these vari-
ables in Mandarin and how such meanings vary by region and
interact with other factors such as listener gender and speaker
accent.

The third experiment has recently been finalized and is
ready for data collection. We aim to recruit approximately
30 advanced-level L2 learners of Mandarin. Data collection
is planned for completion in October, and analysis will begin
shortly thereafter.

5. Main Challenges
This research presents both methodological and theoretical
challenges. Methodologically, participant recruitment has
proven difficult, with L2 participants posing an even greater
challenge. A small L2 sample could limit the statistical power
of the third experiment. Additionally, it is important to ensure
that learner participants have acquired the target features; oth-
erwise, their production data may lack meaningful variation for
analysis. Ensuring the familiarity of word list and passage items
is another challenge in designing production tasks for L2 speak-
ers.

Theoretically, this project addresses sociolinguistic varia-
tion in Mandarin Chinese, a relatively underdeveloped area even
among native speakers, offering limited prior research for ref-
erence. Moreover, by examining how L2 learners navigate
socially meaningful variation, the study challenges traditional
models of L2 phonological acquisition that prioritize grammat-
ical accuracy over socially appropriate usage.

6. Main Contributions
This dissertation makes several important contributions. It of-
fers one of the first comprehensive sociophonetic accounts of
neutral tone and rhotacization in Mandarin across regional and
learner groups, documenting both synchronic variation and pos-
sible change in progress. It demonstrates how these features
function as socially meaningful variables, with distinct index-
ical values across listener groups. It extends sociolinguistic
inquiry beyond English and Indo-European languages, con-

tributing to a more typologically diverse understanding of lan-
guage variation and perception. It advances research in L2
sociolinguistics by examining how learners acquire and eval-
uate variation in a tonal language, including the role of study
abroad in shaping sociolinguistic competence. It also provides
a replicable methodological model—combining sociolinguistic
interviews and perception experiments—for future research on
language variation and social meaning across speaker/listener
groups.
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Abstract
Synthetic speech has advanced significantly in recent years.
However, its quality assessment still relies heavily on subjec-
tive human evaluation, which is costly, scarce, and often biased.
This thesis aims to address these challenges to minimize hu-
man intervention while improving automatic quality prediction
of synthetic speech across languages and domains. Specifically,
we investigate: (i) methods to minimize human intervention and
enhance the automatic prediction of speech quality using ac-
tive learning, (ii) how to automate the continuous improvement
of performance and generalization in quality predictors across
diverse languages and domains, (iii) ways to model individual
listener perception of quality, and (iv) the identification of syn-
thetic speech issues revealed by challenging text characteris-
tics. Through these research directions, we aim to build more
efficient, generalizable, and scalable approaches for synthetic
speech quality evaluation.
Index Terms: Synthesis speech quality assessment, MOS pre-
diction, Active learning

1. Motivations & Research Questions
Synthetic speech has made significant progress in recent years.
As these systems evolve, the need for its assessment is present.
Traditionally, the evaluation of synthetic speech relies on hu-
man perception, most commonly through Mean Opinion Score
(MOS) ratings. While MOS is widely used due to its simplicity
and interpretability, it comes with several limitations and con-
troverses [1, 2, 3, 4]. Human annotations are inherently sub-
jective, prone to biases, and highly variable depending on the
context, listener demographics, and experimental setup. More-
over, the process of collecting MOS ratings is time-consuming
and expensive, which makes it difficult to scale, especially when
dealing with multiple languages, domains, or synthesis meth-
ods. To address these issues, automatic quality prediction mod-
els have been proposed in the literature [5, 6, 7]. The need
to evaluate synthetic speech has sparked interest in develop-
ing automatic quality prediction models. One recent interest
is the VoiceMOS Challenge [8, 9], which aims to promote the
development of models capable of generalising quality predic-
tion across different languages, speakers and synthesis systems.
Nevertheless, building effective predictors remains a difficult
task. The models often require large-scale annotated datasets
to reach competitive performance levels. This dependency on
costly human-labeled data poses significant challenges, espe-
cially when scaling to multiple languages or new application
domains. These systems aim to estimate perceived synthetic
speech quality with minimal human intervention. As a result,
the generalization and practical deployment of these models are
still constrained by the limited availability of reliable annota-
tions. In this context, active learning emerges as a promising so-

lution [10] in other fields. By intelligently selecting the most in-
formative samples for annotation, active learning aims to reduce
the amount of labeled data needed while maintaining or even
improving model performance [11]. Applied to the domain of
synthetic speech quality assessment, active learning could help
alleviate the dependence on costly human evaluations, facilitate
the creation of diverse and effective datasets, and ultimately en-
hance the generalization capabilities of quality prediction mod-
els across languages and domains. This thesis addresses these
challenges through the following research questions:
RQ1 : how can human intervention be minimized to improve
the automatic prediction of synthetic speech quality across di-
verse contexts (languages, domains), by using an active learning
approach ?
RQ2 : how can we design an automated loop for synthetic
speech evaluation and dataset enrichment that enhances predic-
tor generalization?
RQ3 : how can we model individual differences in perceived
quality of synthetic speech?
RQ4 : how can a quality predictor be used to systematically
identify the textual features that induce failure modes in Text-
to-Speech systems (TTS)?

2. Experiments Conducted
To address RQ1, we conducted a first study aiming to improve
the generalization of a synthetic speech quality predictor using
active learning. In this context, active learning refers to the iter-
ative training paradigm where a model selects the most informa-
tive samples to be annotated, based on selection criteria based
on uncertainty and diversity. This process is designed to re-
duce labeling costs while maximizing model performance. In
our incremental active learning framework, we start with a pre-
trained baseline model and, at each iteration, select new samples
from the unlabeled pool using uncertainty-based and diversity-
based strategies. The selected samples are then annotated and
added to the training data, progressively refining the model over
multiple iterations. In this first study, active learning is used to
generalize the automatic predictor across two distinct scenarios:
(i) cross-domain adaptation, generalizing the model to a differ-
ent domain than the one it was trained on, using the SOMOS
corpus [12]; and (ii) cross-lingual adaptation, transferring the
model to a different language (French), using the Blizzard Chal-
lenge 2023 (BC 2023) corpus[13]. Here, cross-lingual refers to
the challenge of generalizing model performance from one lan-
guage (e.g., English) to another (e.g., French). For this purpose,
we employed one of the well-established baselines from the lit-
erature: SSL-MOS [14], which combines Wav2Vec 2.0 (W2V2)
[15] with an additional hidden layer to predict the MOS. We
evaluated using utterance-level Spearman’s Rank Correlation



Coefficient (SRCC), widely used for MOS prediction [8]. Our

Figure 1: Evaluation of uncertainty strategies in active learning
with SRCC metric in utterance-level (y-axis) for each iteration
(x-axis).

observations shown in Figure 1 revealed contrasting behaviors
depending on the task and the selected strategy. Here we present
the strategies that yielded interesting results: perturbation noise,
which measures uncertainty by adding white noise to the au-
dio to see if it confuses the model, and MC dropout, which es-
timates uncertainty by performing multiple stochastic forward
passes. For cross-domain adaptation (i), the perturbation noise
strategy, an uncertainty-based strategy, proved to be the most
effective. From the second iteration onward, this approach out-
performed random selection in terms of SRCC at the utterance
level. In contrast, the MC Dropout strategy, an uncertainty-
based approach, did not yield significant improvements in this
scenario. Conversely, in the cross-lingual adaptation (ii), the
MC Dropout strategy was more successful, achieving better
SRCC performance than random selection. In contrast, the per-
turbation noise approach failed to capture meaningful uncer-
tainty in this setting, resulting in performance degradation. In
order to refine the active learning strategies, we analyze the dis-
tribution of the selected data from active learning process for
a good performance of the predictor with two criteria : MOS
and duration. It was observed that perturbation noise selects
longer, high-MOS samples, boosting cross-domain adaptation.
MC Dropout keeps a balanced selection, helping cross-lingual
transfer. The analysis of the distribution of the selected data
from active learning process could also give the information to
enrich the dataset.

3. Current Insights and Challenges
While our work on RQ1 focuses on minimizing human inter-
vention through active learning strategies to select the most in-
formative samples for annotation, it still reveals several chal-
lenges. Notably, even with active learning, human annotation
remains a bottleneck, motivating further automation. This be-
comes particularly challenging in scenarios where a new syn-
thesis system is developed for a low-resource language, and
no prior annotations are available. As a result, it motivates
the development of a more autonomous quality evaluation sys-
tem RQ2. Figure 2 presents an overview of this proposed au-
tonomous learning loop for synthetic speech quality prediction.
This next research question explores how to fully automate the
loop of synthetic speech evaluation and dataset enrichment, en-
abling continuous improvement of the model without relying
on manual labeling. In this direction, we examined whether

alternative metrics (Figure 2 (1.2)), such as the bona fide prob-
ability from a DeepFake detection model [16], could serve as
a proxy for perceptual quality, offering an alternative to MOS.
Prior work in fake audio detection [17] shows that MOS scores
can help differentiate real from fake speech. Consistently, we
observed a correlation between MOS and bona fide probability,
particularly in the French corpus (BC 2023). This insight en-
ables automatic sample selection and evaluation, fostering con-
tinuous model improvement.

Figure 2: Overview of the automated improvement process for
the speech quality predictor in RQ2. A fixed pool of TTS sys-
tems generates utterances from selected (text, system, speaker)
triplets chosen via active learning (3) to maximize predictor
training efficiency (2) using alternative metrics (1.2).

4. Future Work Plan
The next phase of our work focuses on automating the continu-
ous improvement of synthetic speech quality prediction RQ2.
This objective builds upon our earlier findings and aims to
move from human-supervised (Figure 2 (1.0)) active learning
toward a fully self-sustaining evaluation loop (Figure 2 (1.2)).
To achieve this, we will first continue developing and refining
active learning strategies capable of identifying which types of
samples are most beneficial for enriching the training dataset.
These strategies will generate structured queries that specify
target characteristics such as text content, TTS system type, and
speaker identity to guide TTS systems (Figure 2 (3)) in synthe-
sizing informative samples that are added to the training dataset.
Evaluation of these strategies will consider not only their im-
pact on model performance but also the nature of the selected
data (e.g., duration, linguistic diversity). In parallel, enabling
automation requires a way to annotate new data without human
intervention. For this, we will explore the use of alternative
metrics (Figure 2 (1.2)) such as prediction loss as an indicator
of perceptual quality, which could replace or reduce the need
for manual MOS labels. Furthermore, we could study phonetic
measures that might be potentially related to speech naturalness.

We aim to extend the quality prediction system to model
individual listener perception (Figure 2 (1.1)). By capturing
how specific raters evaluate synthetic speech, we hope to de-
velop more personalized and perceptually aligned quality pre-
dictors (e.g. native vs non-native). This directly relates to RQ3,
which investigates how individual differences in quality percep-
tion can be modeled using information derived from human an-
notations. Such personalized models may help us better under-
stand subjectivity in speech evaluation and improve prediction
alignment with listener expectations.

In addition, RQ4 focuses on using our generalized quality
predictor as a tool to diagnose weaknesses in TTS systems. By
analyzing which texts consistently receive low predicted quality
scores, we aim to identify the characteristics of text that are
most challenging for synthesis. This information could then be
used to guide targeted training or adaptation of TTS systems.



5. Acknowledgements
This project has received funding from the European Union’s
Horizon 2020 research and innovation programme under the
Marie Skłodowska-Curie grant agreement No. 101007666.
This work was granted access to the HPC resources of IDRIS
under the allocation 2025-AD011014876R2 made by GENCI.

6. References
[1] E. Cooper, S. L. Maguer, E. Klabbers, and J. Yamagishi, “Good

practices for evaluation of synthesized speech,” arXiv preprint
arXiv:2503.03250, 2025.

[2] A. Kirkland, S. Mehta, H. Lameris, G. E. Henter, E. Szekely, and
J. Gustafson, “Stuck in the mos pit: A critical analysis of mos test
methodology in tts evaluation,” in 12th ISCA Speech Synthesis
Workshop (SSW2023), 2023, pp. 41–47.

[3] S. Le Maguer, S. King, and N. Harte, “The limits of the mean
opinion score for speech synthesis evaluation,” Computer Speech
Language, vol. 84, p. 101577, 2024.

[4] J. Camp, T. Kenter, L. Finkelstein, and R. Clark, “Mos vs. ab:
Evaluating text-to-speech systems reliably using clustered stan-
dard errors,” 08 2023, pp. 1090–1094.

[5] Z. Qi, X. Hu, W. Zhou, S. Li, H. Wu, J. Lu, and X. Xu, “LE-SSL-
MOS: Self-Supervised Learning MOS Prediction with Listener
Enhancement,” in 2023 IEEE Automatic Speech Recognition and
Understanding Workshop (ASRU), 2023, pp. 1–6.

[6] H. Wang, S. Zhao, X. Zheng, and Y. Qin, “RAMP: Retrieval-
Augmented MOS Prediction via Confidence-based Dynamic
Weighting,” in Interspeech, 2023, p. 1095–1099.

[7] W.-C. Huang, E. Cooper, and T. Toda, “MOS-Bench: Benchmark-
ing Generalization Abilities of Subjective Speech Quality Assess-
ment Models,” arXiv preprint arXiv:2411.03715, 2024.

[8] E. Cooper, W.-C. Huang, Y. Tsao, H.-M. Wang, T. Toda, and
J. Yamagishi, “The Voicemos Challenge 2023 : Zero-Shot Sub-
jective Speech Quality Prediction for Multiple Domains,” in 2023
IEEE Automatic Speech Recognition and Understanding Work-
shop (ASRU), 2023, pp. 1–7.

[9] W.-C. Huang, E. Cooper, Y. Tsao, H.-M. Wang, T. Toda, and J. Ya-
magishi, “The VoiceMOS Challenge 2022,” in Interspeech, 2022,
pp. 4536–4540.

[10] E. Surzhikova and J. Proppe, “regAL: Python Package for Active
Learning of Regression Problems,” 2024.

[11] D. Li, Z. Wang, Y. Chen, R. Jiang, W. Ding, and M. Okumura,
“A Survey on Deep Active Learning: Recent Advances and New
Frontiers,” IEEE Transactions on Neural Networks and Learning
Systems, pp. 1–21, 2024.

[12] G. Maniati, A. Vioni, N. Ellinas, K. Nikitaras, K. Klapsas, J. S.
Sung, G. Jho, A. Chalamandaris, and P. Tsiakoulis, “SOMOS:
The Samsung Open MOS Dataset for the Evaluation of Neural
Text-to-Speech Synthesis,” in Interspeech, 2022, pp. 2388–239.

[13] O. Perrotin, B. Stephenson, S. Gerber, and G. Bailly, “The Bliz-
zard Challenge 2023,” in 18th Blizzard Challenge Workshop,
2023, pp. 1–27.

[14] E. Cooper, W.-C. Huang, T. Toda, and J. Yamagishi, “Generaliza-
tion Ability of MOS Prediction Networks,” ICASSP 2022 - 2022
IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), pp. 8442–8446, 2021.

[15] A. Baevski, Y. Zhou, A. Mohamed, and M. Auli, “wav2vec 2.0:
A Framework for Self-Supervised Learning of Speech Represen-
tations,” in Advances in Neural Information Processing Systems,
vol. 33, 2020, pp. 12 449–12 460.

[16] J. weon Jung, H.-S. Heo, H. Tak, H. jin Shim, J. S. Chung, B.-J.
Lee, H.-J. Yu, and N. Evans, “Aasist: Audio anti-spoofing using
integrated spectro-temporal graph attention networks,” 2021.

[17] W. Zhou, Z. Yang, C. Chu, S. Li, R. Dabre, Y. Zhao, and K. Tat-
suya, “Mos-fad: Improving fake audio detection via automatic
mean opinion score prediction,” in ICASSP 2024 - 2024 IEEE In-
ternational Conference on Acoustics, Speech and Signal Process-
ing (ICASSP), 2024, pp. 876–880.



ORAL PRESENTATION  ·  16 OF 16 No. 16 / 21

Enhancing Ultrasound Tongue Imaging
Based Articulation-to-Speech Synthesis

Ibrahim Ibrahimov
Budapest University of Technology and Economics, Hungary

11th Doctoral Consortium · Interspeech 2025 64



Enhancing Ultrasound Tongue Imaging Based Articulation-to-Speech
Synthesis

Ibrahim Ibrahimov1

1Department of Telecommunications and Artificial Intelligence, Budapest University of Technology
and Economics, Hungary

ibrahim@tmit.bme.hu

Abstract
Within the research scope of Silent Speech Interfaces, a

process known as articulation-to-speech synthesis targets the
conversion of movements of articulatory parts (e.g., tongue) that
are actively utilized in speech production into audible speech.
To capture tongue motion during speech, utilizing ultrasound
tongue imaging technique became popular in research due to
its non-invasive and cost-efficient structure. However, this
method has its own limitations (e.g., data scarcity, noisy
image results, speaker and session dependency) which hinder
the development of the synthesis process. In my doctorate
research, I aim to propose innovative solutions towards
more robust, session-independent, direct ultrasound-to-speech
synthesis system. To make this goal possible, I base my works
on three research directions: eliminating session dependency,
creating a universal (speaker and language independent)
process, improving utilized neural network techniques. In this
paper, I present the recent works and their results followed by
observed limitations and future directions.
Index Terms: articulation-to-speech synthesis, ultrasound
tongue imaging

1. Introduction and Motivation
The tongue plays a central role in speech production,
contributing significantly to the articulation of both consonants
and vowels [1]. Ultrasound tongue imaging (UTI) has
become a valuable tool in speech research, offering real-time,
high-resolution, and ultra-fast imaging of tongue motion
in two dimensions, with ongoing developments towards
three-dimensional capabilities [2, 3]. As a data acquisition
technique, UTI produces sequences of 2D images, commonly
referred to as ultrasound tongue image frames (UTIF), which
capture the dynamic articulatory movements during speech.

Articulation-to-speech synthesis (ATS) using UTIF has
been researched by employing mainly two different approaches.
The first involves converting UTIF data into text, followed by
applying a text-to-speech (TTS) system to generate the final
acoustic output [4, 5]. While conceptually straightforward,
this pipeline introduces significant latency and computational
demands, making it less suitable for real-time applications. On
the other hand, so-called ”direct synthesis” approach, relies
on the fundamental principle that the movement of tongue
during speech production is intricately linked to the acoustic
speech signal [6]. In this approach, UTIF features are directly
mapped to an intermediate representation of acoustic features
(e.g., mel-spectrogram), which are then used by a vocoder
to synthesize speech [7, 8]. In the literature, the term
articulatory-to-acoustic mapping (AAM) is sometimes used to
describe the entire ATS process. However, in the context of this

research, AAM specifically refers to the component of the direct
synthesis approach that performs the mapping from articulatory
input (UTIF) to acoustic features, prior to the vocoding stage.

Despite the progress made in utilizing UTIF for ATS
using ”direct synthesis” approach, several limitations persist
that hinder its broader application and performance [9]. UTI
is a speaker-dependent technique because of the diversity
in tongue shapes, sizes, and anatomical variations among
individuals and this poses a challenge for creating a generalized
ultrasound-to-speech (UTS) system. Additionally, session
dependency is a significant barrier. Even for the same
speaker, variations in transducer placement, head posture,
and probe pressure causes trouble to keep the consistency
in limited open-access dataset. Current AAM strategies
predominantly rely on convolutional layers (e.g. 2D-CNN [8,
10], 3D-CNN [11, 12]). While effective to a degree, these
architectures have limited capacity to capture the complex
spatiotemporal dependencies in tongue motion.

In response to these limitations, my doctoral research
aims to develop a more robust and practical direct
ultrasound-to-speech synthesis system that can function reliably
across different recording sessions, speakers, and languages.
The ultimate goal is to enable a real-time, speaker-independent,
and language-flexible speech synthesis system that could, in
the long term, support assistive communication technologies
for individuals with speech impairments. To achieve this,
my work is structured around three key research directions:
(1) eliminating session dependency to ensure consistent
performance across different data acquisition scenarios; (2)
designing universal models that generalize across speakers and
languages; and (3) improving neural network architectures and
training strategies for more accurate and efficient AAM.

2. Contributions and Results
Towards the goal of my research, we adopt the ”direct
synthesis” approach, wherein the original UTIF data - initially
at a resolution of 64x842 and subsequently downsampled
via bicubic interpolation to 64x128 - is mapped to an
80-dimensional mel-spectrogram representation of the
corresponding audio signal. As of now, speaker-specific
models are trained to generate mel-spectrograms, which then
are fed to neural vocoder to synthesize speech as the output of
UTS systems. In this section, brief report is provided about our
research until now followed by the obtained results.

2.1. Data augmentation methods on UTIF for UTS

Knowing the fact that in openly accessible UTIF datasets
(UltraSuite-TaL80 [13]), each speaker has very small amount
of recordings (150-240 utterances), data scarcity becomes a



drawback for training a CNN-based neural network for AAM.
To address this issue, data augmentation techniques are often
utilized to increase the quantity of training data available.
We have developed six distinct augmentation methods tailed
for UTIF. After training speaker-specific 2D-CNN models
for generating mel-spectrograms, WaveGlow neural vocoder
was utilized for synthesizing speech [14]. The efficacy of
each approach for UTS systems was evaluated by measuring
Mean-Squared Error (MSE) between generated and original
mel-spectrograms as well as Mel-Cepstral Distortion (MCD)
between synthesized and original speech. According to
obtained results of the objective metrics, employing a specific
data augmentation technique can effectively improve the
generalization of a 2D-CNN-based AAM model.

2.2. Dynamic Time Warping towards cross-speaker UTS

We explored the integration of Dynamic Time Warping
(DTW) alignment in the context of cross-speaker UTS towards
eliminating speaker dependency. The DTW is performed on the
speech signals, which is in synchrony with UTIF. The alignment
of UTIF is done based on the calculated DTW distance. We
tested cross-speaker UTS systems for four subjects from the
UltraSuite-TaL dataset. Using aligned ultrasound data, we
did ATS experiments consisting of 2D-CNN based AAM and
WaveGlow vocoder with each speaker pair, and compared the
MSE and MCD metrics. We found that for two speakers,
the DTW-aligned input ultrasound images resulted in lower
errors than using the original ultrasound data of the same
speaker, indicating that anatomical differences or speckle noise
in ultrasound images are an important factor. Overall, the
results underlined the potential of DTW as a valuable tool in
enhancing UTS towards cross-speaker application.

2.3. Investigation of ”known” limitations of UTS system

The limitations of UTI technique towards UTS has been shown
in context of previous works in the field, however to clearly state
problems, we have tried to answer below research questions in
our previous works.

We know that UTI provides noisy UTIF but what is the best
possible representation of tongue shape that can be captured
using ultrasound imaging? - For answering this, the cartesian
coordinate results of DeepLabCut pose estimation software [15,
16] on original UTIF were used to regenerate tongue images.
These regenerated images were also utilized for developing
UTS systems. The objective metrics (MSE, MCD) were utilized
to compare regenerated and original UTIF performance in UTS
system using 2D-CNN based AAM. According to the obtained
results, making less noisy UTIF by regenerating it reduced the
captured differences among the frames which caused drawback
in the AAM stage of UTS which ended to generate less-detailed
mel-spectrograms.

Addressing the open question of language dependency in
UTS systems, we investigated how the performance of UTS
system gets affected by utilizing different language than the
language on which the models are trained. A dedicated
bilingual (Azerbaijani and English) ultrasound tongue image
and audio dataset was recorded to facilitate this analysis. A
2D-CNN AAM and a HiFi-GAN vocoder were employed for
developing speaker-specific UTS systems [17]. Based on the
objective evaluation using MSE and MCD metrics, we found
that our quite standard UTS system is language-dependent both
on AAM and vocoding stages. This underscores the necessity
of considering linguistic context and individual pronunciation
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Figure 1: Schematic diagram of the ultrasound-to-speech
system pipeline. Training set with development set flows
through the solid arrow, while test set flows through the dashed
arrow after the training phase was done.

patterns in the development of UTS systems
To find an answer to the assumption in the field of UTS

about silent articulation is the same as normal articulation, in
our previous study, we investigated how silent and whispered
speech deteriorates the quality of the synthesized speech
samples. For this aim, we trained speaker-dependent 2D-CNN
based AAM on UTIF, which were recorded during normal
(audible) speech, then we synthesized speech samples from
recordings of normal, hyper-articulated and normal articulated
silent speaking styles. We found that synthesized speech
using HiFi-GAN vocoder for these silent ”speaking” styles is
significantly less intelligible than for audible speech, suggesting
a difference in the articulatory movements, which should be
considered when training silent speech restoration models.

2.4. Conformer-based UTS system

In our research, for the first time, we implemented
convolution-augmented transformer (i.e. conformer [18])
block for the UTIF-to-mel mapping step as a part of the
ultrasound-to-speech conversion task (please see Figure 1
for full pipeline). From a performance perspective the
conformer model has been shown to be parameter-efficient,
while effectively learning both local and global dependencies
in sequential data like UTIF. In this work, we also explored
a more complex architecture by adding bidirectional LSTMs
(bi-LSTM) into our ‘Conformer base’ structure. For both
UTI-to-mel mapping approaches, we generated the synthesized
speech samples using the HiFi-GAN neural vocoder and
compared the results to 2D-CNN based AAM. MUSHRA
listening test revealed that Conformer with bi-LSTM provided
better perceptual quality, while Conformer Base matched
the performance of the baseline along with a three times
faster training time due to its simpler architecture. These
findings suggest that Conformer-based models, especially the
Conformer with bi-LSTM, offer a promising alternative to
CNNs for ultrasound-to-speech conversion.

3. Future work
Future work will focus on several key directions to further
improve the robustness, generalizability, and practicality of
UTS systems. First, we plan to investigate the use of
diffusion models for the AAM component. Addressing session
dependency remains a critical challenge; to this end, we
aim to develop strategies that enhance system stability across
recording sessions without the need for extensive retraining. In
parallel, we will evaluate the effectiveness of various neural
vocoders to identify those best suited for UTS applications.
Furthermore, we aim to remove intermediate levels and
predefined acoustic targets from the UTS system.
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A. Markó, “Ultrasound-based articulatory-to-acoustic mapping
with waveglow speech synthesis,” in Interspeech 2020, 2020, pp.
2727–2731.

[9] Z. Xia, R. Yuan, Y. Cao, T. Sun, Y. Xiong, and K. Xu,
“A systematic review of the application of machine learning
techniques to ultrasound tongue imaging analysis,” The Journal of
the Acoustical Society of America, vol. 156, no. 3, pp. 1796–1819,
09 2024. [Online]. Available: https://doi.org/10.1121/10.0028610
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[11] L. Tóth and A. H. Shandiz, “3d convolutional neural networks
for ultrasound-based silent speech interfaces,” in Artificial
Intelligence and Soft Computing: 19th International Conference,
ICAISC 2020, Zakopane, Poland, October 12-14, 2020,
Proceedings, Part I 19. Springer, 2020, pp. 159–169.
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1. Motivation
This work investigates the growing vulnerability of anti-
spoofing systems to human-like spoofed speech generated by
modern text-to-speech (TTS) and voice conversion (VC) mod-
els. While prior research has explored various spoofing tech-
niques and generation models, it often overlooks the nuanced
and diverse nature of real human speech, particularly emotional
variation. Our experiments show that recent synthesis mod-
els can produce speech that, while not always convincing to
human listeners, is natural enough to deceive state-of-the-art
anti-spoofing systems. We demonstrate that attackers can ex-
ploit this by launching emotion-targeted attacks, significantly
increasing the likelihood of bypassing existing defenses. This
reveals a critical gap in current approaches. The objective of
this research is to analyze these vulnerabilities and to develop
more robust models capable of detecting and withstanding emo-
tionally expressive, human-like spoofing attacks.

2. Introduction
Speech anti-spoofing focuses on detecting spoofed audio gen-
erated through replay attacks, speech synthesis, and voice con-
version techniques [1]. Among these, attacks based on TTS
and VC systems are of particular concern. This is due to re-
cent advancements in speech synthesis that enable the genera-
tion of human-like, emotionally expressive speech using TTS
and VC methods. Such capabilities raise the risk of misuse, in-
cluding the deception of biometric verification systems and the
spread of misinformation through non-consensual voice imper-
sonation [1, 2].

State-of-the-art speech synthesis systems are increasingly
capable of generating expressive speech, capturing a wide range
of emotions with high fidelity [3–8]. While such synthetic
speech may not consistently deceive human listeners, our find-
ings indicate that it is often sufficient to bypass current anti-
spoofing systems. Moreover, zero-shot TTS models [9–11] can
generate emotionally rich speech from only a few seconds of
reference audio, making it easier and more accessible for ad-
versaries to craft convincing spoofing attacks. Although state-
of-the-art anti-spoofing models [12, 13] achieve strong perfor-
mance on neutral synthetic speech, their detection accuracy de-
grades significantly when evaluated on emotionally expressive
spoofed speech. These findings underscore the need for anti-
spoofing systems that are robust to emotion-targeted attacks and
more effective at detecting human-like synthetic speech.

Challenges like ASVspoof [14] and the Audio Deep Syn-
thesis Detection (ADD) Challenge [15, 16] have fostered
progress in this domain by supporting the creation of bench-
mark datasets including ASVspoof 2019, 2021, and 2024
[17–19]. However, these corpora do not account for emotional

variability, leaving a critical gap in addressing emotion-driven
spoofing.

Current anti-spoofing approaches include end-to-end mod-
els like RawNet2 [12] and AASIST [13], as well as self-
supervised learning (SSL) models [20–23], which operate di-
rectly on raw waveforms and eliminate the need for hand-
crafted features. Alternatively, some methods combine hand-
crafted features with supervised classifiers, such as LCNN [24],
ASSERT [25], and ResNet34 [26]. However, these models
have predominantly been trained and evaluated on ASVspoof
datasets [17–19], which largely comprise emotionally neutral
speech. As a result, their robustness to emotionally expres-
sive spoofed speech remains underexplored. This highlights the
need for a dedicated dataset containing emotionally expressive
synthetic speech, which can serve both as a benchmark for eval-
uating model performance under emotion-targeted attacks and
as a foundation for developing more robust anti-spoofing meth-
ods.

3. Emotion Vs Anti-spoofing
3.1. Dataset

Emotion-targeted spoofing attacks represent a potentially seri-
ous yet underexplored threat to the reliability of current anti-
spoofing systems. Due to the lack of datasets that capture
emotional variability in synthetic speech and to show the im-
pact empirically, we introduced EmoSpoof-TTS. It is a dataset
specifically developed to facilitate the study of emotion-targeted
attacks. It comprises spoofed speech synthesized using three
state-of-the-art zero-shot TTS models: StyleTTS2 [9], F5-
TTS [10], and CosyVoice [11], all capable of generating high-
quality, emotionally expressive speech from minimal reference
input. The dataset spans four emotional categories: Happiness,
Anger, Sadness, and Neutral, and includes 36,000 spoofed ut-
terances from 10 speakers (5 male and 5 female) across the
three TTS models. These are paired with 12,000 bona fide ut-
terances drawn from the ESD dataset. EmoSpoof-TTS serves as
an essential resource for empirically demonstrating and analyz-
ing the vulnerability of state-of-the-art anti-spoofing systems to
emotion-targeted synthetic speech.

3.2. Analysis

We use the pre-trained anti-spoofing model RawNet2 [12],
trained on the ASVspoof 2019 training and development par-
titions, for our analysis. To examine the impact of emotion-
targeted attacks on anti-spoofing systems, we first evaluate
RawNet2 on ASVspoof datasets that lack emotional variabil-
ity. Table 1 reports the Equal Error Rates (EERs) for the Logi-
cal Access (LA) track of ASVspoof 2019 and 2021, as well as



Track 1 of ASVspoof 2024. As shown, RawNet2 performs well
on ASVspoof 2019 and 2021, with relatively low EERs. How-
ever, its performance deteriorates considerably on ASVspoof
2024, a more recent dataset, highlighting the model’s limited
generalization to newer and more sophisticated spoofing tech-
niques.

Table 1: Performance of Pre-Trained RawNet2 model on test-
set of Traditional Datasets (EER%)

Test Dataset
Model ASVspoof 2019 ASVspoof 2021 ASVspoof 2024

RawNet2 4.60 14.73 40.67

We then evaluated the pre-trained RawNet2 model on
EmoSpoof-TTS, using spoof samples from four speakers while
maintaining speaker consistency across all three TTS models.

Table 2: Performance of Pre-Trained RawNet2 model on
EmoSpoof-TTS (EER%)

EmoSpoof-TTS
TTS Model HAS Neutral Happy Angry Sad Overall
StyleTTS2 44.03 39.00 45.00 35.17 46.75 43.06

F5-TTS 42.97 38.08 38.42 39.42 47.25 41.92

CosyVoice 42.44 42.17 39.58 39.75 47.50 42.65

The evaluation presented in Table 2 provides insights into
the vulnerabilities of the pre-trained RawNet2 model when ex-
posed to high-quality, emotionally expressive synthetic speech.
The model struggles to detect fake samples from EmoSpoof-
TTS, with EER values higher than those for the ASVspoof 2024
dataset across all TTS models. The EER for HAS across all
three models is consistently higher than for Neutral. For in-
stance, the EER for HAS in the case of StyleTTS2 is 44.03%,
whereas for Neutral, it is 39%. This indicates lower con-
fidence of the anti-spoofing model in distinguishing between
spoofed and bona-fide speech when it is exposed to fake emo-
tional speech. These results reinforce our claim that SOTA anti-
spoofing models, despite performing well on traditional datasets
like ASVspoof 2019 and ASVspoof 2021, struggle with speech
samples from recent emotionally expressive TTS models, espe-
cially when handling emotional speech, making them unreliable
in such scenarios. Additionally, our analysis reveals that EER
values vary across emotion categories; for instance StyleTTS2,
the EER for Happiness is 45.00%, for Sadness is 46.75%, and
for Anger is 35.17%. This highlights the unreliable nature of
spoof detection across emotion and generation models and it is
vulnerable to emotion-targeted attacks.

3.3. Proposed Model

To improve performance on emotionally expressive synthetic
speech, we propose the Gated Ensemble Method (GEM). GEM
integrates multiple emotion-specialized anti-spoofing models
with a Speech Emotion Recognition (SER) model that func-
tions as a gating mechanism. This design allows the system
to selectively prioritize decision of the most appropriate model
based on the detected emotional content of the input. By do-
ing so, GEM enhances detection performance for high-quality,
emotionally expressive speech and helps reduce performance
disparities across different emotions. Our method is tailored

specifically to address the challenges posed by emotion-targeted
spoofing attacks. Experimental results show that GEM outper-
forms the baseline model when evaluated on the EmoSpoof-
TTS dataset.

4. Future Work

As discussed in the previous section, current anti-spoofing mod-
els struggle to detect emotionally expressive synthetic speech.
These limitations are evident even with recent datasets such as
ASVspoof 2024, which feature advanced TTS models. Inter-
estingly, humans often outperform machines in identifying real
speech, while machines tend to perform slightly better at de-
tecting fake speech [27]. This suggests that if machines could
better understand or model real speech in the way humans do,
their performance in detecting fake speech might improve sig-
nificantly.

Humans are known to rely on subtle cues that are often un-
derutilized or overlooked by current anti-spoofing models. I aim
to explore which specific aspects enable humans to generalize
better across both emotional and non-emotional real speech, and
investigate how such perceptual strategies can be integrated into
anti-spoofing models.

As part of this research direction, I plan to conduct a human
perception study focused on emotionally expressive speech to
compare human and machine performance more systematically.
This study will provide further insights into how humans iden-
tify authenticity and how models could benefit from learning
similar representations.

My broader objective is to design models that not only im-
prove performance on datasets like EmoSpoof-TTS but also
generalize well to diverse spoofing scenarios. I am particularly
interested in three key research directions:

• Human-inspired model design: Incorporating human percep-
tion of audio into machine to improve model robustness.

• Multilingual and accented speech: Investigating vulnerabili-
ties and robustness across different languages and accents in
anti-spoofing.

• Audio-visual integration: Exploring the fusion of audio and
visual modalities to enhance detection performance in multi-
modal settings.

5. Conclusion

This work presented our investigation into the vulnerability
of anti-spoofing models to emotionally expressive synthetic
speech. We introduced EmoSpoof-TTS to study this prob-
lem and showed that models like RawNet2 fail under emotion-
targeted attacks. To address this, we proposed the Gated En-
semble Method (GEM), which improves robustness by leverag-
ing emotion-based gating. Moving forward, I aim to explore
human-inspired modeling, multilingual and accented speech,
and audio-visual integration to build more generalizable and
perceptually aligned anti-spoofing systems. In addition, I plan
to conduct human perception studies on emotionally expressive
fake speech to better understand the cues humans rely on when
identifying deepfakes. These insights will guide the develop-
ment of models that “listen” more like humans. Ultimately, our
goal is to bridge the gap between machine and human percep-
tion in spoof detection.
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Abstract
Since the 1960s, speech researchers have proposed various
quantitative models for the generation of fundamental fre-
quency (F0) contours in an effort to describe the mechanisms
underlying vocal fold tension control during speech. Although
it is widely acknowledged that F0 timing interacts with the
temporal organization of syllables within an utterance, most of
these models focus exclusively on F0, abstracting away its re-
lationship with syllables and typically treating syllable duration
as fixed. The aim of this study is to advance such models by
capturing the interplay between syllable duration and F0 during
the realization of informational and contrastive narrow focus in
Brazilian Portuguese (BP). Specifically, we propose to extend
Barbosa’s coupled-oscillator model of speech rhythm by inte-
grating an F0 generation mechanism that interacts with the ex-
isting syllabic production oscillatory system, making the model
capable of emulating the coordination between F0 and syllable
duration under narrow focus in this language.
Index Terms: prosody, intonation, dynamical systems, Brazil-
ian Portuguese, narrow focus

1. Previous works
Since Öhman’s pioneering work [1], speech researchers have
sought to model the control processes underlying fundamental
frequency (F0) production [2, 3, 4, 5, 6]. These models describe
time-varying F0 during speech as the output of a control system
responsive to communicative functions.

The most well-known model is Fujisaki’s [6], which posits
two types of input commands: phrase commands (impulses)
and accent commands (step functions). These correspond to
the two main functions of prosody: phrasing (grouping words
into higher-level units) and prominence (enhancing the salience
of certain words). The F0 contour results from superimposing
the system’s responses — critically damped second-order lin-
ear systems — to these commands and producing a proportional
change in a logarithmic curve, representing F0 declination.

Recently, this approach has begun to attract the attention of
linguists seeking to address two key related problems: (i) how
phonological units — such as the autosegmental-metrical (AM)
tones H and L [7, 8]— are “phonetically implemented” in time
by the vocal tract; (ii) while linguists increasingly recognize
the role of continuous prosodic variation in conveying linguistic
information, the computational nature of phonological theories
limits their capacity to account for such gradient phenomena. In
response, new models have been proposed as dynamical coun-
terparts to intonational theories [2, 3]. These models tend to be
local in scope, aiming to capture the intonation of only the por-
tion associated with an underlying tonal target. An exception
is PENTA [9, 5], which adopts a local approach to modeling

global utterance melody by positing that every syllable has an
underlying pitch target. Each syllable’s F0 curve is a solution of
a critically damped second-order linear system. The system’s fi-
nal state at the end of one syllable serves as the initial condition
for the next one, and the concatenation of the solution curves
yields the utterance’s overall melody.

Although these models have successfully emulated F0 un-
der the conditions for which they were designed, none accounts
for the interaction between F0 and the temporal dynamics of
syllable production. While most assume some kind of tempo-
ral relationship between F0 and syllables, they do not explicitly
model this relationship. Instead, they focus solely on F0 and,
for the sake of simplicity, treat syllable duration as fixed. As
a result, temporal aspects of syllable production, such as syl-
lable duration and speech rate, are excluded — even as input
parameters.

In this doctoral research, the goal is to advance previous
quantitative models of F0 by developing a model, applied to
Brazilian Portuguese, that accounts for F0 production coupled
with the dynamics of syllable production. Specifically, within
a dynamical systems framework, the model should address the
following three questions:
• How is F0 coordinated with syllables?
• How does variation in syllable duration influence F0?
• How does F0 movement affect syllable duration?

2. The coupled-oscillators model
This research builds upon an existing model of syllable produc-
tion dynamics, Barbosa’s coupled-oscillator model of speech
rhythm [10, 11, 12], with the goal of extending it by incorporat-
ing a melody-generation component.

Barbosa’s model posits that speech is temporally structured
in terms of vowel onsets and proposes a planning mechanism
that anticipates the timing of upcoming vowel onsets, with the
interval between two adjacent vowel onsets defining a syllable-
sized unit — referred to as the VV unit.

The mechanism comprises two coupled oscillators. The
first, the syllabic oscillator, marks the temporal distribution of
vowel onsets. Each oscillatory cycle corresponds to one VV
unit, and its frequency typically hovers around 5 Hz. Hierar-
chically, it imposes the syllabic structure on segmental gestures
[13]. The second oscillator, the phrase-stress oscillator, marks
the temporal distribution of prosodic phrases, with a frequency
around 1 Hz. The two oscillators represent competing organiz-
ing forces: the syllabic oscillator promotes regularity and co-
hesion at the syllabic level (around 5 Hz), whereas the phrase-
stress oscillator imposes regularity and cohesion at the phrasal
level (around 1 Hz). The dynamical interaction of these oppos-
ing forces give rise to the complex patterns of syllable duration



along the utterance. Specifically, the phrase-stress oscillator ex-
erts an exponential decelerating force on the syllabic oscillator,
causing the period of the syllabic oscillations to increase expo-
nentially over the course of the phrase-stress cycle. At the end
of this cycle, a reset occurs, and the exponential deceleration be-
gins again. The magnitude of the decelerating force is propor-
tional to the prominence strength intended by the speaker. Con-
sequently, the coupling between the phrase-stress and syllabic
oscillators serves as the mechanism underlying the prosodic re-
alization of phrasing and prominence.

Barbosa’s coupled-oscillators model is currently imple-
mented as a discrete-time dynamical system. The discrete time
dimension corresponds to the sequence of syllables in the utter-
ance, and a difference equation governs the change ∆T in the
period T of the syllabic oscillator, as influenced by the phrase-
stress oscillator, from one syllable to the next.

3. What I have done so far
To inform my modeling decisions, I collected experimental data
on the production of narrow focus [14] in Brazilian Portuguese
— both informational and contrastive — across varying speech
rates. I chose to focus on narrow focus realization because it
is a prosodically marked function with stable and salient acous-
tic correlates, typically involving modifications to both F0 and
syllable duration. Eight participants took part in the experiment,
which used a standard question–answer paradigm for focus elic-
itation. The recordings were transcribed and segmented into
phones, syllables, and words. I am currently in the analysis
phase. While I have outlined preliminary ideas for the mod-
eling stage, the formal development of the model has not yet
begun.

4. Key challenges
4.1. How to analyze the data?

The first challenge is to determine which types of measurements
and techniques are most appropriate for investigating how F0

aligns with syllables and how F0 movements interact with syl-
lable duration. Regarding alignment, my hypothesis is that pitch
targets (see next challenge) are consistently aligned with vowel
onsets. To test this hypothesis, I plan to identify critical points
— such as local maxima, minima, and inflection points — in
the F0 contour as well as in its first and second derivatives. I
will then measure the distance between these points and several
syllable-related landmarks: vowel onset, midpoint, and offset;
and phonological syllable onset, midpoint, and offset. I will try
not only to determine which of these distances tends to be short-
est, but more importantly, to identify which exhibits the least
variance, as lower variance would indicate greater temporal sta-
bility. As for the interaction between F0 and syllabic duration, I
intend to examine correlations between the magnitude of the F0

critical points and syllable duration. I am also doing qualitative
examinations of the F0 curves to investigate what happens to the
shape of F0 movements when the syllable is significantly short-
ened or lengthened. I will also look at potential correlations
between F0 and syllable duration curves [15].

4.2. What is the target?

The second challenge in analyzing and modeling F0 is to deter-
mine what constitutes the unit of melodic action (a pitch ges-
ture) [16, 17] — that is, the unit corresponding to an intended
communicative articulatory action by the speaker. This chal-

lenge translates into how linguistic information is mathemati-
cally represented in the model. For instance, AM theory posits
that there are two basic melodic actions: reaching a relatively
high pitch level (H tone) or a low pitch level (L tone) [8]. Pitch
rises and falls are considered incidental by-products of sequenc-
ing L and H tones (or vice versa). AM-based models tend to
represent H and L tones as point-attractors [2, 3]. The PENTA
model, by contrast, assumes that pitch targets are best repre-
sented as linear functions with varying slope and intercept [9].
The speaker’s task is then to asymptotically approach these tar-
get lines through the control of F0.

4.3. Integration of discrete-time and continuous-time dy-
namical systems

Perhaps the most significant challenge in this research is the
temporal mismatch between F0 and syllable duration: they do
not operate on the same time scale. Syllables are discrete units,
and a sequence of syllables yields a discrete sequence of dura-
tions. For this reason, discrete-time systems — defined by dif-
ference equations where time varies over Z —, are well-suited
to capturing the temporal evolution of syllable duration across
an utterance. In contrast, vocal fold tension varies continuously
over time. For this reason, most models of F0 production dy-
namics employ differential equations, where the independent
variable t varies over R.

One possible strategy to address this temporal incompati-
bility is to abandon the discrete characterization of syllables by
redefining them in terms of continuous acoustic (e.g., the peri-
odic energy envelope) or articulatory (e.g., jaw opening) vari-
ables. Another strategy — one which I do not intend to pursue
— is to downsample the F0 contour to match the syllabic time
scale. Instead, I plan to adopt a third approach: to represent syl-
lable timing as a continuous function, such as an impulse train
or a periodic oscillatory function. The specific mathematical
implementation of this strategy remains an open question and
will be the focus of my ongoing work.

5. Plans for the future
I am currently analyzing the experimental data to investigate
how speakers simultaneously control and coordinate F0 and syl-
lable duration to encode narrow focus. These results, together
with existing literature on prosodic production, will form the
basis for defining the model’s assumptions. I envision a dynam-
ical model defined by a set of ordinary differential equations, in
which the two dependent variables are F0(t), representing the
F0, and T (t), representing the period of the syllabic oscillator
cycle at time t. These two variables will be coupled, meaning
that each functions as a time-varying parameter in the differen-
tial equations governing the other.

The model will be tested and refined using natural speech
data. The experimental dataset will be split into two non-
overlapping subsets: training and testing. The training subset
will be used to estimate model parameters for simulating narrow
focus in Brazilian Portuguese. These parameters will then be
applied to generate F0 contours for the utterances in the testing
subset, which are distinct from those used for training to avoid
overfitting. Model accuracy will be evaluated through at least
three methods: (i) visual comparison of generated and original
F0 contours; (ii) quantitative measures of fit, such as root mean
square error and Pearson correlation; and (iii) perceptual judg-
ments of the naturalness of the synthesized contours by human
listeners.
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1. Introduction
Speech is a multifaceted form of human communication. We
communicate not only through words, but also use variations in
tone, rhythm, pause, emphasis, and emotion. Human-machine
interaction is becoming common, as we can see in recent audio
chat models and virtual assistant services. Natural interaction in
such settings requires the replication of complex expressions.

Text-to-speech (TTS) model architectures have advanced
over time. Most neural TTS models have an Encoder-Decoder
architecture, often with an additional vocoder [1]. Conventional
TTS models primarily make use of Mel spectrograms as rep-
resentations. With recent developments in data compression
[2, 3], TTS architectures that use discrete audio codes as rep-
resentation have become the go-to choice for producing natural
sounding speech.

Although modern TTS systems exhibit impressive natural
sounding speech, these systems struggle with providing detailed
control over dimensions that impact speech synthesis, such as
the identity of the speaker and the emotion expressed. Prior
work reveals only moderate success due to the challenge of ex-
pressive feature disentanglement and the necessity of feature
extraction in order to do so [4, 5, 6, 7, 8, 9]. Recent studies
integrate audio samples to achieve more natural style genera-
tion [10]. Models like VALL-E [11, 12] demonstrate impressive
voice cloning capabilities with just 3-seconds of audio prompt.
Prompting techniques also enable the model to transfer not only
the identity of the speaker but also style, pace, and acoustic
environment conditions. Even though current models present
promising results in controllability, they still lack fine-grained
control over speech segments, and rely on very large datasets
compared to earlier model architectures.

2. Motivation & Research Questions
While recent TTS systems have made impressive improvements
in naturalness and voice cloning with short audio samples, they
typically lack fine-grained control over various dimensions of
speech synthesis. Prompt-based conditioning methods trans-
fer speaker identity along with other aspects of speech such as
acoustic background, rhythm, and emotion [13]. These meth-
ods are limited in providing users with selective control over
individual dimensions of speech characteristics.

Our recent research on emotion alignment between text and
speech has revealed that even emotion values extracted by state-
of-the-art (SOTA) models show limited alignment between text
emotion and speech emotion beyond the Valence dimension
[14]. We found that the genre of content is also an impor-
tant factor that affects alignment. This misalignment highlights
that models cannot effectively capture and disentangle com-
plex features, emphasizing the need for more nuanced disen-

tanglement approaches, hence more sophisticated conditioning
of TTS models for controllable emotional speech generation.

By advancing our theoretical understanding of how differ-
ent speech dimensions can be effectively disentangled and inde-
pendently controlled, we aim to develop TTS systems that offer
both natural sounding results and precise control over expres-
sive characteristics. Such advances would benefit applications
ranging from accessibility tools to creative content production,
while also making sophisticated speech synthesis more accessi-
ble to languages and domains with limited resources.

We address the following research questions.
• How can we develop text-to-speech systems that effectively

disentangle and independently control multiple expressive di-
mensions of speech?

• What architectural and conditioning mechanisms enable fine-
grained control over the full spectrum of prosodic and stylis-
tic elements in neural text-to-speech systems?

• How can contextual information and multimodal signals be
leveraged to create more naturally expressive and control-
lable speech synthesis?

3. Key Challenges
We have identified four key challenges that currently limit
progress in controllable and expressive speech synthesis.

First, many cutting-edge models don’t share their code or
detailed training procedures, which hinders reproducibility and
slows down collective progress in the field. This challenge is
compounded by the fact that these models are often trained on
a massive scale, requiring computational resources that are out
of reach for many researchers. This disparity creates a divide
in the research community, potentially limiting the diversity of
voices and ideas that contribute to TTS technology. We ob-
serve a trend in recent TTS models with similar architectures
(operating on discrete audio codes) using increasingly larger
datasets. Massive black-box models may achieve impressive re-
sults through scaling, but often at the cost of interpretability and
targeted control (and training cost). We believe that more effi-
cient approaches focusing on the principled disentanglement of
speech attributes could not only reduce resource requirements
but also enhance controllable systems that understand the com-
ponents of expressive speech rather than merely mimicking it.

Second, the field continues to face a trade-off between nat-
uralness and controllability [13]. Many systems that offer de-
tailed control parameters produce speech that sounds mechani-
cal or artificial, while the most natural-sounding systems often
lack interpretable control mechanisms. This suggests a need for
novel architectures and training approaches that can maintain
naturalness while providing interpretable, fine-grained control
over speech synthesis.



Third, the lack of high-quality, fine-grained annotations
hinders the development of disentangled speech synthesis.
Many TTS systems use measurements such as pitch, energy,
or keyword-based annotations such as personality/style traits.
These are solid choices, but are not yet sufficiently defined. For
example, context-dependent features are often used to represent
speaker identity. While the features tied strongly to speaker
identity such as mean pitch values generally used as style of
speech [15].

Finally, the evaluation of model training procedure and gen-
erated speech remains one of the major bottlenecks for the de-
velopment of TTS systems. The manual evaluation of synthe-
sized speech requires carefully set-up experiments with human
annotators. When it comes to the annotation of subtle differ-
ences, even human annotators struggle to follow instructions
during evaluation. This creates additional difficulty in assess-
ment of the methods and models.

4. Discussion of results
We faced significant challenges in our initial research trajectory
due to the limited availability of code resources for recent TTS
architectures. This constraint hindered our ability to reproduce
recent advancements and build on top of these developments.
Therefore we spent considerable effort to investigate and im-
plement discrete code-based architectures. This foundational
work provided several important benefits.

1. Comprehensive understanding of transformer-based TTS ar-
chitectures.

2. Building a robust training and experimental framework.
3. Creation of adaptable baseline models for testing novel ap-

proaches. As an example of this capability, we successfully
implemented the architectural design of Battenberg et al. [16]
within our discrete code-based TTS model.

Building on this technical foundation, we have formulated
experiments investigating the use of surrounding contextual in-
formation to enhance emotionally coherent speech synthesis.
Our hypothesis was that controlling expressivity of speech us-
ing surrounding textual content to guide the generation process
could produce more natural and contextually coherent synthe-
sized speech. However, prior to full-implementation, we con-
ducted a systematic cross-modal analysis of emotional align-
ment between text and speech in podcasts, audiobooks, and
TED talks. This study revealed crucial insights: while LLMs
are good at recognizing emotions from situational text [17], the
alignment with speech emotions is limited to the Valence di-
mension. Additionally, the genre of the text is an important
moderator for the alignment. Furthermore, increasing context
did not improve the alignment (See Table 1).

These findings highlight a critical insight for TTS research:
the development of emotionally expressive speech synthesis
systems cannot rely solely on the to be spoken textual input for
comprehensive emotional control.

5. Future Plans & Expected Contributions
Our planned investigations focus on two complementary re-
search directions: disentangling speaker identity and style, and
improving emotional coherence through latent state modeling.

First, we aim to disentangle speaker identity and speaking
style by introducing two distinct natural language descriptions
as conditioning signals. To support this distinction we propose a
novel depth-dependent gating mechanism, with different fusion

Table 1: Correlation between contextual text-based and speech-
based emotion prediction on Libriheavy dataset

Arousal Dominance Valence

llama3.3:70b .416 (.016) .175 (.054) .700 (.006)

llama3.1:70b .427 (.021) .015 (.025) .697 (.016)

phi3:14b .392 (.080) .108 (.064) .591 (.066)

gemma2:9b .450 (.015) .297 (.026) .641 (.023)

llama3.1:8b .473 (.064) .119 (.117) .642 (.040)

qwen2:7b .267 (.067) .064 (.044) .679 (.016)

openchat:7b .320 (.099) .006 (.037) .591 (.089)

gemma:7b .230 (.052) .144 (.100) .549 (.053)

ratios applied at different layers of the model architecture. This
approach is inspired by human perception processes, where
style recognition typically precedes speaker identification [18].
Consequently, our model design will emphasize style condition-
ing representations in earlier layers while progressively increas-
ing the influence of speaker identity in deeper layers. Through
this research, we aim to contribute to a novel framework for dis-
entangling and independently controlling speaker identity and
speech style through separate natural language prompts. Ad-
ditionally, we will address the prevalent misconception in cur-
rent literature where speaker identity and speech style are of-
ten mixed. We clarify that speaker identity encompasses sta-
ble, context-independent features (such as pitch range, gender,
age), while speech style relates to dynamic, context-dependent
attributes (like emphasis, emotional expression). Distinction is
important for accurate modeling and annotation.

In our second line of investigation, we propose a model for
contextually coherent emotional speech synthesis based on la-
tent state tracking. Rather than relying on extensive contextual
history or reference speech samples as input, we propose repre-
senting the speaker’s emotional state as a continuously evolving
multi-dimensional latent vector that encapsulates affective qual-
ities while minimizing computational requirements.

By encoding emotional context as a compact latent repre-
sentation that evolves with each utterance, the system can main-
tain psychological continuity while significantly reducing com-
putational demands. The latent state vector, updated through
attention mechanisms similar to those in state tracking research
[19], provides a more cognitively plausible model of emotional
evolution in human speech [20]. This framework enables more
nuanced transitions than discrete category-based approaches,
potentially improving both the naturalness and computational
efficiency of expressive speech synthesis systems. Through this
research, we expect to contribute both theoretical insights into
the representation of emotional states in speech and practical
advances in creating more coherent and natural-sounding ex-
pressive TTS systems.

6. Conclusion
We presented challenges and limitations in the field of con-
trollable text-to-speech systems. We described the preliminary
results from our initial study and future directions to address
aforementioned challenges under the scope of Controllability
and Disentanglement in Expressive TTS. These directions aim
to advance TTS systems offering both naturalness and fine-
grained expressive control while reducing computational de-
mands through principled feature disentanglement.
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Abstract
For my doctoral work, I am trying to develop a novel sequence-
to-sequence-based direct speech translation framework capable
of translating speech from one Indian language to another with-
out relying on any intermediate text representation. Through
bypassing the traditional ASR-MT-TTS pipeline, the proposed
work tries to streamline the translation process and reduce cu-
mulative errors. Recent advances in deep learning have demon-
strated that direct speech translation can outperform conven-
tional cascaded systems in both efficiency and translation qual-
ity.
Index Terms: Speech-to-speech translation, Indian languages,
deep learning, low-resource languages, multilingual corpora

1. Introduction
Speech-to-Speech Translation (S2ST) is a crucial research do-
main as it bridges linguistic gaps to facilitate clear and effective
communication across diverse language speakers globally. In
a world rich with voice, tone, and emotion, converting speech
from one language into speech of another without detouring
through text isn’t just innovation, it’s a revolution. The cur-
rent state of S2ST is marked by significant advancements due
to deep learning technologies [1] [2]. Presently, cascade(or in-
direct) speech-to-speech translation as shown in figure 1, which
involves converting speech to text, translating the text, and then
synthesizing it back into speech, is a common approach [3].
This approach produces good performance because it benefits
from the maturity of text-based translation technologies and has
extensive training datasets available. However, cascade S2ST
approach faces several limitations. Among many, the multi-step
process faces difficulty in handling speech nuances such as tone,
emotion, and cultural context may also be lost when translat-
ing through intermediate textual representations [4]. Therefore,
recent developments focus on end-to-end models that trans-
late speech from one language directly into another without in-
termediate text representation [5]. Direct translation methods
also have many challenges, primarily due to unavailability of
datasets in the form of language pairs. They also struggle with
maintaining the emotional and prosodic features of the original
speech [4]. However, ongoing research and improvements in
neural network architectures and training datasets continue to
push the boundaries of what S2ST systems can achieve.

2. Related Works
Recently, there has been significant advances in the direct S2ST
models [1,2,5-8]. Jia et al. [6] introduced Translatotron 2,
a neural direct speech-to-speech translation model that can be
trained end-to-end and exhibited significant improvement upon

its predecessor, Translatotron. The model integrated a speech
encoder, a linguistic decoder, an acoustic synthesizer, and a sin-
gle attention module to facilitate high translation and speech
generation quality. Translatotron 2 achieved performance com-
parable to cascade systems while improving speech naturalness.
Lee et. al. [7] presented a novel approach to direct speech-
to-speech translation (S2ST) by utilizing discrete speech units.
The authors employed a self-supervised discrete speech encoder
and a sequence-to-sequence speech-to-unit translation model to
enhance performance without reliance on text transcripts. There
are many other recent studies on direct S2ST technologies that
produced promising results [8]. Nguyen el at. [9] presents an
effective method to generate a large amount of synthetic S2ST
data from unlabeled text corpora, it offers a practical method
of making use of the enormous amount of unlabeled text that is
currently available in a variety of languages.

3. Key Challenges

In existing speech translation systems, speech is first con-
verted into text in the source language through automatic speech
recognition (ASR), then translated into the target language via
machine translation (MT), and finally synthesized back into
speech using text-to-speech (TTS) models. While this pipeline
has been useful, it introduces multiple sources of error at each
stage, such as misrecognitions in ASR, incorrect translations
in MT, and unnatural speech synthesis in TTS. Furthermore,
these systems fail to capture critical aspects of communication,
such as emotional tone, rhythm, and speaker intent, resulting
in robotic and contextually inadequate translations. Speech-to-
speech translation currently relies on a multi-step process (ASR
→ MT → TTS) that introduces errors at each stage, reduc-
ing translation accuracy. Intermediate text-based systems fail
to capture important aspects of speech. Eliminating the text-
based step can improve accuracy and preserve prosodic nu-
ances, but this approach requires advanced models and high
quality parallel speech datasets. The main challenges include
creating diverse datasets and developing pre-trained models ca-
pable of handling direct speech translation, particularly for low
resource Indian languages. Languages with limited labeled
data, like many Indic languages, face difficulties in developing
accurate speech translation models due to the scarcity of paral-
lel speech datasets which hinders the development of effective
speech translation models. Addressing these challenges is criti-
cal for developing robust, inclusive, and scalable S2ST models.
Initially, we would focus on Indian languages that are native to
the authors (i.e. Hindi and Urdu), as it would make the data
collection and its analysis easier.



4. Motivation
Many end to end speech translation models have been devel-
oped in recent years on foreign languages typically Spanish -
English. No End-to-End model has yet been designed for any
Indian language in India. India is linguistically a rich country.
There are 22 languages listed in the 8th schedule of the Indian
constitution, belonging to 4 different language families. These
languages have a collective speaker base of 1.2B, spread across
742 districts in India [10]. This motivates me to pursue re-
search on direct speech translation in Indian languages to bridge
the communication gap across diverse linguistic communities.
India’s rich multilingualism demands efficient translation tools
to preserve cultural identity, enhance access to knowledge, and
promote inclusivity. This research could revolutionize educa-
tion, governance, and social interaction, fostering national unity
and global engagement.

5. Research Questions
Among the many challenges to build a direct S2ST model, one
is the compilation of vast and diverse datasets [4] to train mod-
els effectively across various languages, accents, and dialects.
The scope of the problem is even bigger in a country like In-
dia, which is home to a vast array of languages and dialects,
with over 20 officially recognized languages and hundreds of
dialects[ 10]. The diversity makes it difficult to gather sufficient
training data for each language, which is essential for develop-
ing robust direct S2ST models. The major research questions
are as follows:
• How can the existing S2ST models be extended to other lan-

guage pairs?
• Can the existing standards and best practices of collecting

speech dataset be adopted for the diverse Indian context?
• Can we use pre-trained models which are trained on other

language pairs (English-Spanish). In the case of Indian lan-
guages, would pre-trained S2ST models perform better or
newly developed model from scratch?

• Can we train on synthetic data and test on real data. In that
case we can create small dataset for testing purpose only.his
is the original sentence.

6. Proposed Plan
Aligarh Muslim University (AMU), one of India’s largest and
most prestigious residential universities, accommodates nearly
25,000 students in its on-campus hostels. This academic envi-
ronment is enriched by the linguistic and cultural diversity of
its student body. While English is widely used for academic
communication, the majority of students come from Hindi and
Urdu-speaking regions, particularly from states such as Uttar
Pradesh, Bihar, Jharkhand, Madhya Pradesh, and Uttarakhand.
In addition, AMU hosts a significant number of students from
linguistically diverse states like Jammu & Kashmir, West Ben-
gal, Assam, and Kerala. This confluence of regional languages,
cultures, and dialects makes AMU a microcosm of India’s mul-
tilingual society—often referred to as a ”mini-India.” Recog-
nizing this unique setting, our research team was inspired to
curate a rich and diverse speech dataset aimed at building and
evaluating direct speech-to-speech translation (S2ST) models,
with a particular focus on addressing the challenges of Indian
language translation. We are currently reviewing existing liter-
ature related to S2ST. We have written a review paper on direct
speech translation that critically evaluates various approaches,

highlights their trade-offs, and discusses future directions for
enhancing real-time multilingual communication. The paper is
available on arXiv:https://arxiv.org/abs/2503.04799 . Moreover,
we have developed a website https://dr-recorder.onrender.com/
to collect speech samples for Hindi-English language pair from
bilingual speakers of Hindi-speaking regions. We have already
identified around 50 speakers and have collected more than
1,500 samples (sample rate is 44.1 kHz and file type is .wav),
which includes ≈ 4 hours of real speech data. The duration of
each sample ranges from as short as ≈ 1 second to as long as
≈ 69 seconds, with an average of ≈ 9 seconds. The Hindi-
English text pairs which the speakers record are taken from
Bharat Parallel Corpus Collection (BPCC)[10]. Following pre-
vious works [11], our target is to create a dataset of at least
120,000 speech samples for the first release within a time frame
of 6-12 months. After collecting a decent amount of dataset, we
would first try to implement existing pre-trained direct S2ST
models and compare their performance with cascade models
(may take around 8-12 months). It would be interesting to ob-
serve how pre-trained models, such as Spanish-English direct
S2ST model, will perform for Hindi-English scenario as Hindi
and Spanish sound very different. We have also planned to de-
velop our own model from scratch, if the performance of pre-
trained models is not satisfactory. We plan to extend this work
to the Urdu language as well, since most students/teachers at
our institute come from Hindi/Urdu heartland and are fluent in
Hindi, English, and Urdu. We also plan to expand the dataset to
include other Indian languages.

7. Thesis Contribution
Our primary purpose is to create a corpus of Indian languages
for direct S2ST system. Moreover, the dataset can add value
to existing Speech-to-Text and Text-to-Speech translation sys-
tems as well and can serve as a test benchmark for indirect or
direct S2ST models. In the long run, our goal is to create a
speech data hub for direct S2ST systems for the Indian lan-
guages pairs the speakers of which are easily available within
University. Overall, we are focusing on enhancing multilingual
speech translation research for Indian languages which can en-
able better communication across diverse linguistic communi-
ties in India and abroad. Our work will help the development of
local voice assistants, language learning, and accessibility tools
and will enrich the research arena of speech translation for In-
dian languages. The major contributions of the thesis can be
summarized as follows:
• Addressing challenges associated with developing direct

S2ST systems for Indian languages.
• Creating a corpus of Indian languages for direct S2ST sys-

tems.
• Developing and training end-to-end models on the parallel

speech corpora for direct speech translation.
• Enhancing multilingual speech translation research for In-

dian languages.
• Enabling development of local voice assistants, accessibility

tools etc.
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Abstract1

With the rapid development of deep learning and generative AI,2

it has become increasingly easy to create or manipulate syn-3

thetic media. Even inexperienced users can now generate highly4

realistic content with minimal effort. While this progress brings5

exciting opportunities, it also introduces significant risks, par-6

ticularly when these technologies are misused for malicious7

purposes such as spreading misinformation or compromising8

security systems. To mitigate these threats, we emphasize the9

need for:10

• Robust deepfake detection models.11

• Fairness-aware and explainability-driven training strategies12

to understand and mitigate performance disparities.13

Index Terms: speech synthesis, robustness, interpretability,14

spoofing countermeasures15

1. Introduction16

Recent progress in generative artificial intelligence has signif-17

icantly transformed the field of ultra-realistic speech synthe-18

sis. Advances in state-of-the-art text-to-speech (TTS) and voice19

conversion (VC) technologies have made it feasible to produce20

speech outputs that closely mimic natural human utterances [1].21

Moreover, the emergence of large language models (LLMs) in22

audio and speech generation workflows has further elevated the23

potential of creating complex speech signals with high fidelity24

and nuance [2, 3, 4].25

Despite these encouraging advancements, they have also in-26

troduced significant challenges. The increasing accessibility of27

tools capable of generating highly realistic speech has raised28

concerns about their misuse by malicious actors [5]. These tech-29

nologies are being exploited to disseminate misinformation, in-30

cite hate speech, and even support acts of terrorism—activities31

that pose a direct threat to societal trust and the integrity of32

public discourse [6]. Synthetic speech has also become a tool33

for financial fraud; a recent survey reported voice-cloning at-34

tempts have affected approximately 7.7% of individuals, includ-35

ing high-profile cases of CEOs in the United Kingdom [7].36

Current countermeasures predominantly rely on data-37

driven, black-box models fine-tuned on labeled examples of38

genuine versus fake audio. While these models often achieve39

high in-domain accuracy, they frequently fail to generalize to40

unseen attack algorithms or novel acoustic conditions. More-41

over, they provide little insight into how decisions are made42

or why errors occur, especially across different demographic43

groups, limiting transparency and user trust [8, 9].44

To address these challenges, this work proposes speech45

deepfake countermeasures that are both robust and distribution-46

ally fair. We structure our contributions along two complemen-47

Figure 1: Overview of the proposed BiCrossMamba-ST Frame-
work.

tary directions: 48

Robustness: Building deepfake detection models that 49

fuse experts’ observations with modeling architectures such as 50

Transformers [10], Mamba [11]. 51

Fairness and Explainability: Evaluating and mitigating 52

disparities in model performance across demographic, linguis- 53

tic, and environmental subgroups, while providing structured 54

diagnostics to understand under which conditions the model is 55

likely to succeed or fail. 56

2. Research Problem I: Robustness 57

2.1. Research Question 58

How can we design deepfake-detection architectures that in- 59

tegrate experts’ observations to capture deepfake artifacts and 60

generalize to diverse audio modalities? 61

2.2. Motivation 62

While recent deepfake detection models have made progress 63

using large-scale self-supervised learning (SSL) and end-to- 64

end training pipelines, many fail to explicitly incorporate well- 65

established expert observations into their design. Not using 66

such insights during model development can limit robustness 67

and generalization. For instance, spoofing artifacts often appear 68

as localized distortions in both spectral and temporal domains 69

[12, 13], yet many models process the signal globally. Simi- 70

larly, hand-crafted features like CQCCs [14], which are data- 71

independent and sensitive to synthesis artifacts, are often ig- 72

nored with SSL models. Designing models that integrate these 73

expert cues can lead to more effective and generalizable deep- 74

fake detection systems. 75

2.3. Major contributions 76

2.3.1. BiCrossMamba-ST 77

To effectively capture localized deepfake artifacts, which of- 78

ten appear in specific spectral bands or temporal intervals, we 79

propose BiCrossMamba-ST as shown in Figure 1, a spectro- 80

temporal architecture designed with expert-inspired modular- 81



ity. The model begins by applying a 2D-attention map over en-82

coder features to highlight critical regions in the time–frequency83

space. These attended features are then passed through two par-84

allel bidirectional Mamba blocks, each specialized to model ei-85

ther spectral or temporal dependencies. To unify the insights86

from both branches, we introduce a mutual cross-attention87

mechanism that enables effective information exchange be-88

tween the spectral and temporal representations. Compared to89

traditional Graph Attention Networks (GATs), which rely on90

graph pooling to select the most informative nodes, Mamba’s91

internal selection mechanism offers a more efficient alterna-92

tive, it dynamically controls which input elements contribute93

to the hidden state at each time step, thereby filtering out irrele-94

vant temporal and spectral features and emphasizing discrim-95

inative cues critical for deepfake detection. BiCrossMamba-96

ST achieves significant performance improvements, a 67.74%97

and 26.3% relative Equal Error Rate (ERR) gain over previ-98

ous SOTA models AASIST [15] on LA21 [16] and DF21 [17]99

benchmarks, respectively, and a 6.80% improvement over SE-100

Rawformer [18] on DF21.101

2.3.2. Multi-View Hybrid Fusion102

Hybrid models that integrate both SSL representations and tra-103

ditional handcrafted spectral features (SF) have demonstrated104

efficacy in various tasks, including ASR [19] and speaker verifi-105

cation [20], as well as recently in spoofing detection [21]. Hand-106

crafted features such as MFCCs, which offer data-independence107

and task-robust features and are sensitive to synthetic artifacts,108

can enhance overall system robustness when combined with109

SSL features. We investigate the effectiveness of three widely110

used spectral features—MFCC, LFCC, and CFCC—when com-111

bined with SSL representations learned (Wav2Vec2.0 XLSR-112

53). Among different combination and fusion techniques,113

Cross-Attention (SSL → SF) with CQCC yields the best over-114

all performance, achieving the lowest average EER of 6.80%115

and outperforming all fusion systems on DF21 and ITW [22]116

with EERs of 2.71% and 6.03%, respectively. All examined fu-117

sion approaches exploit additional spectral cues to outperform118

the baseline using only SSL features. The strong performance119

of Cross-Attention (SSL → SF) can be attributed to the abil-120

ity of cross-attention to dynamically learn which components of121

the spectral features are most relevant when conditioned on the122

richer SSL representations. By attending selectively to comple-123

mentary cues in the handcrafted features, the model effectively124

enhances discriminative capacity in challenging scenarios.125

3. Research Problem II: Fairness and126

Explainability127

3.1. Research Question128

How can we train deepfake detectors so that their decisions are129

transparent, that is, we can pinpoint exactly which cues the130

model relied on, and at the same time remove unwanted de-131

pendencies on non-generalizable factors such as language or132

speaker gender?133

3.2. Motivation134

Prior research in speaker and speech verification has shown135

that model performance can improve when identity-related or136

language-dependent features are explicitly removed [23, 24]137

which can reduce domain mismatch and improve cross-lingual138

generalization, especially when transferring models between139

speakers of different linguistic backgrounds. In the context 140

of deepfake detection, recent work such as FairSSD [25] has 141

highlighted that detection models often rely unintentionally on 142

speaker demographics such as age and gender—attributes not 143

causally related to whether speech is real or fake. This depen- 144

dency can introduce bias. These findings motivate the need for 145

detection systems that are not only accurate but also fair and 146

explainable. 147

3.3. Major contributions 148

Table 1: EER (%) of standard SSL-based fine-tuning vs. our
method on MLAAD multilingual test sets.

Model MLAAD-DE MLAAD-AR MLAAD-UK

Wav2Vec2.0 16.43 10.70 12.55
Our Method 14.52 11.96 9.25

We propose a two-stage strategy aimed at improving the in- 149

terpretability and fairness of deepfake detection models by ex- 150

plicitly separating content from manipulation-related informa- 151

tion. 152

The first stage focuses solely on modeling speech con- 153

tent. We train a content encoder–decoder pipeline using only 154

real speech data, with inputs from a pretrained self-supervised 155

model (e.g., Wav2Vec 2.0). The training objective is speech 156

reconstruction, allowing the encoder to learn linguistic and 157

speaker identity features without exposure to spoofed audio. 158

This ensures that the learned content embeddings are disen- 159

tangled from any deepfake artifacts. In the second stage, the 160

content encoder is frozen. We introduce deepfake detector, 161

trained jointly using both real and fake data. The goal is to iden- 162

tify content-agnostic spoofing-related features. An orthogonal- 163

ity constraint is enforced between the content and deepfake de- 164

tector embeddings to ensure that artifact representations do not 165

retain language, identity, or other irrelevant attributes captured 166

in the first stage. This promotes fairness and reduces model bias 167

toward content-specific cues. 168

We evaluate the proposed approach on a multilingual ver- 169

sion of the MLAAD dataset [26]. Both baseline and our model 170

are trained only on the English subset. As shown in Table 1, 171

our method shows improved generalization on non-English test 172

sets, confirming reduced reliance on language-specific features. 173

4. Potential Future Directions 174

Most deepfake detectors treat the problem as binary artifact 175

classification, learning to spot data-dependent fake cues that dif- 176

fer by attack method. This makes them brittle: new spoofing 177

techniques can evade detection. In contrast, genuine speech ex- 178

hibits stable, content-driven patterns—consistent phonetic tran- 179

sitions, prosodic contours, and style–content couplings—that 180

hold across speakers, languages, and recording conditions. By 181

modeling what real speech is, we can flag any deviation leading 182

to more generalizable and explainable detectors. 183

Can we detect deepfakes by measuring the mismatch be- 184

tween linguistic content (phonetic and semantic patterns) and 185

vocal style (prosody, speaker identity, emotion), exploiting the 186

fact that genuine speech maintains consistent content–style de- 187

pendencies that are disrupted in synthetic audio? 188
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