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1. Background and Motivation
1.1. Audio-Visual Speech Recognition

Audio-Visual Speech Recognition (AVSR) systems exploit vi-
sual information from the speaker’s face, such as lip move-
ments, to enhance speech recognition. Traditional Automatic
Speech Recognition (ASR) systems rely solely on auditory
input, making them vulnerable to performance degradation
in noisy environments. By incorporating visual information,
AVSR systems offer enhanced robustness and reliability, espe-
cially under acoustically challenging conditions.

Recent advancements in deep learning, computer vision,
and speech technology have facilitated significant progress in
AVSR. These developments have led to sophisticated models
capable of learning complex multi-modal representations, en-
abling improved recognition accuracy. However, the extent to
which visual cues are effectively utilised by current AVSR sys-
tems remains unclear.

Furthermore, the evaluation of these recent, highly ad-
vanced architectures relies almost entirely on a single bench-
mark: LRS3-TED [1]. State-of-the-art methods are aggres-
sively optimised for this specific dataset, and hence we are now
witnessing severe performance saturation, with models achiev-
ing less than a 1% word error rate (WER) on clean speech and
less than 5% under O decibels (dB) of noise. Crucially, the
LRS3 test set is exceptionally small, comprising only 0.9 hours
of video against a 433-hour training set. This imbalance raises
a critical question: does this near-perfect performance indicate
a genuine ability to recognise audio-visual speech, or does it
merely reflect strong overfitting to the LRS3 distribution?

1.2. Research Questions

* RQ1: How can insights from human speech perception in-
form the development and improvement of AVSR systems?
¢ RQ2: How do AVSR systems generalise beyond the tradi-

tional benchmark?

2. Results to Date

2.1. Quantifying Visual Information

The effective Signal-to-Noise Ratio (SNR) gain [2, 3] is mea-
sured by the difference in SNR at which the AVSR WER equals
the reference WER for audio-only recognition at 10 dB. This
metric quantifies the benefit of the visual modality in reducing
WER compared to audio-only speech recognition across vari-
ous acoustic channel SNRs. However, with the development of
modern neural architectures, systems generally perform well at
10 dB, making SNR gains at this level less effective for assess-
ing performance in noisy environments. Therefore, this paper
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Figure 1: Performance of six models (three methods, both
audio-only and audio-visual) on LRS2 and LRS3 test sets un-
der different levels of pink noise.

proposes quantifying SNR gains with reference to the audio-
only WER at 0 dB.

Figure 1 shows the audio-only and audio-visual perfor-
mance of three methods (Auto-AVSR [4], AVEC [5] and AV-
RelScore [6]) across various SNR conditions on LRS2-BBC
[7] and LRS3-TED datasets [1]. The effective SNR gains were
measured compared to audio-only performance at 0 dB.

As reported in [2], both machines and humans achieved an
effective SNR gain of 6 dB when compared to audio-only per-
formance at 10 dB on the IBM ViaVoice audio-visual database.
Although all three methods here were tested on LRS2 and
LRS3, none reached this level of effective SNR gain when com-
pared at 10 dB.
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Figure 2: Distribution of all 7 factors on the LRS3 Test set and
MV2LRS3 set.

2.2. AVSR Generalisability

We construct a new evaluation set strictly matching the de-
mographic, acoustic and visual distributions of the LRS3 test
set. We derive this subset from a recently created, massive lip-
reading speech dataset, MultiVSR [8]. Specifically, we estab-
lish the LRS3 Test set as our reference distribution and utilise
MultiVSR as our candidate pool. Our primary objective is
to subsample this candidate pool to extract a distributionally
aligned evaluation set, which we term the MultiVSR2LRS3
(MV2LRS3). Figure 2 shows the distributions of 7 attributes
(duration, age, gender, skin tone, head pose, SNR and speech
rate) for both the LRS3 Test set and the MV2LRS3.

We select five state-of-the-art models representing the rapid
architectural evolution of AVSR over recent years. These en-
compass fully-supervised end-to-end models, self-supervised
models fine-tuned on LRS3, and the latest architectures inte-
grating speech foundation models and Large Language Mod-
els. They are AV-HuBERT [9], Auto-AVSR [4], USR [10],
Whisper-Flamingo [11] and Llama-AVSR [12].

Figure 3 shows the relationship between WER on the
MV2LRS3 and the LRS3 Test set. We observe that the perfor-
mance degradation can be approximated by a linear function:

WERMmvarrss = 104 x WERprss + 8.1 ¢))

The steep slope of 10.4 demonstrates a high degree of sen-
sitivity; small performance variations on the LRS3 benchmark
are amplified around tenfold on the MV2LRS3 set. We can
compare this to established generalisability literature for image
classification and VSR [13, 14], where linear fit slopes typically
range between 1.0 and 2.0. In contrast, our observed slope of
10.4 is substantially steeper than theirs.
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Figure 3: Model performance on LRS3 Test vs. MV2LRS3 set.

To understand how these architectures process distinct
streams of information, we tested their performance across
different modality settings. We evaluated the models on the
MV2LRS3 set using audio-visual (AV), audio-only (AO), and
video-only (VO) inputs. Table 1 reveals an unexpected trend:
for several SOTA models, adding visual data actually harms
performance on the MV2LRS3 set. Llama-AVSR, Whisper-
Flamingo, and USR all achieve lower WERSs in the audio-only
setting compared to the audio-visual setting.

Table 1: WER (%) of the audio-visual, audio-only, and video-
only models on the LRS3 Test set and the MV2LRS3 set.

Unified LRS3 MV2LRS3
model ~ v 40 VO AV AO VO
AV-HUBERT v 15 20 341 235 236 65.1

Model

Auto-AVSR 095 099 19.1 14.0 164 455
USR v 1.1 1.2 223 215 21.0 579
Whisper-F. 0.86 0.85 - 18.6 16.6 -

Llama-AVSR 0.77 0.81 24.0 165 153 815

3. Plans for the Future

Based on previous research, current AVSR systems do not
utilise visual information optimally. Specifically, they lack
the human ability to adaptively shift focus between modalities
based on the environment. In the next stage, I will focus on the
following question: How can we train AVSR systems to know
when to shift attention between different modalities? The ini-
tial step will be to build a baseline system with simple dynamic
modality fusion, using an existing model. I will then investigate
how much the models actually focus on each modality, both
with and without this dynamic fusion.

4. Main Contributions

Our main contributions are as follows:

¢ Quantify the visual information in end-to-end AVSR systems.

* Conduct the first systematic assessment of generalisability in
these AVSR systems.

¢ Introduce the MV2LRS3 dataset for the community to bench-
mark AVSR models.
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Abstract

Audio fingerprinting techniques have seen widespread adoption
in the field of content based music retrieval. This paper provides
an overview of an ongoing joint academic and industrial PhD
thesis that explores how audio fingerprinting methods, specif-
ically self-supervised neural fingerprinting, can be applied to
solve various problems in voice communication services such as
enhancing network security, optimizing network performance,
and improving the efficiency of data annotation processes for
industry-specific speech data.

Index Terms: voice communication, telephony, audio finger-
printing, robocalls, data annotation

1. Introduction

Audio fingerprinting techniques identify an audio file based on
its content and are trained to be robust to degradations that can
affect the content such as background noise, reverb, lossy com-
pression, altered playback rate, and similar [1, 2, 3, 4, 5, 6].
They have seen widespread adoption in music retrieval and have
been successfully applied to song identification, detecting copy-
rights, deleting duplicated contents, monitoring broadcasts, and
tracking advertisements [3]. Even though they are called audio
fingerprinting methods, applications are usually limited to mu-
sic, while those that operate in the domain of speech have seen
limited attention [7, 8, 9].

The doctoral thesis lies in the overlap between academia
and industry; it considers the applications of audio fingerprint-
ing (primarily speech fingerprinting) via self-supervised neural
fingerprinting methods with the goal of enhancing voice com-
munication services, specifically telephony-based services.

1.1. Research questions

Among others, the thesis addresses the following research ques-

tions:

1. Can audio fingerprinting methods trained on music data gen-
eralize well to speech retrieval tasks and be successfully ap-
plied to downstream speech-related tasks?

2. Can audio fingerprinting methods be used to enhance voice
communication services in terms of network security and net-
work performance (reliability)?

3. Can audio fingerprinting methods be used to improve the ef-
ficiency of speech data annotation processes?

2. Motivation and Applications

Voice communication is part of everyday modern life. With
more than 96% of the global population covered by a mobile
broadband connection and more than 9.2 billion mobile-cellular

subscriptions in the world, the telephone network remains the
largest network for human communication globally [10]. It is
therefore important to ensure that the network is reliable, se-
cure, and unbiased for all its users irrespective of their gender,
ethnicity, or other demographic characteristics.

2.1. Enhancing network security

The US Federal Trade Commission (FTC) has reported that in
2025 more than 2.6 million complaints were filed, of which
61.2% were robocalls (automated prerecorded or Al generated
calls) [11]. Robocalls are also the top priority of the US Fed-
eral Communications Commission (FCC) [12]. Incidents are
candidly not limited to the US, with incidents of robocalls and
telephony fraud reported across the entire globe [13].

Most robocalls are mass orchestrated campaigns, with the
FTC estimating mass campaigns to contribute to about 64% of
all robocalls [14]. Detecting robocalls in real time has been
approached in three major paradigms: (1) transcribing the call
and using text-based classification [15, 16], (2) classification
using audio input or joint audio-text input [17, 18], and (3) de-
ploying virtual Al assistants that intercept and filter calls before
forwarding them to the callee [19, 20, 21].

This thesis presents a new approach; exploiting the high
reuse rate of mass robocalls and thereby shifting detection from
inference-heavy classification to low-cost audio fingerprinting.
The proposed framework uses a GNN-encoder [4] to create au-
dio embeddings of robocalls that are robust to noise and other
audio degradations, while maintaining high sensitivity. The pro-
posed framework carries several advantages compared to exist-
ing approaches; it is multilingual and independent of underlying
language, it is light-weight and can perform in real-time with-
out strong hardware demands, it is inherently robust to numer-
ous audio degradations that can occur in practice, and it is non-
intrusive i.e. it does not intercept and delay the call, it simply
operates in the background. Early findings show an accuracy
of 93.9%, which is close to that of existing state-of-the-art so-
lutions [18, 17, 20], while still providing the aforementioned
advantages.

2.2. Improving network performance

The International Telecommunication Union Standardization
Sector (ITU-T) defined the answer seizure ratio (ASR) as the
ratio of successfully established telephone calls and one of the
key metrics for monitoring network performance within its rec-
ommendations E.411 [22] and E.425 [23]. Recent work [24, 25]
has shown that this metric can be improved using internal sig-
naling, for example, if a connection was not established it can
be retried using another gateway which might improve the ASR.
In [24, 25], the authors argued that sometimes telecommunica-
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Table 1: Comparison of audio fingerprinting retrieval rates be-
tween music and speech data.

Background noise

5dB 10dB 15dB 20dB
audfprint 33.6+54 | 51.7£5.7 | 64.2+£55 | 729+5.1
Speech  GraFPrint 59.9+5.6 | 76.5+£4.8 | 84.4+4.1 | 88.4+3.8
PTC 35.9+54 | 50.7£5.7 | 67.1£54 | 82.9+4.2
audfprint 63.4+54 | 76.2+£49 | 85.3+4.3 | 89.1+3.8
Music  GraFPrint [4] 98.3 99.3 99.6 99.9
PTC [6] 93.9 97.1 97.8 /

tion service providers (TSPs) use audio instructions to encode
information instead of proper SIP/SS7 signaling codes.

The thesis proposes using audio fingerprinting to quickly
identify any received audio instructions instead of signaling
codes. The difficulties that arise with this approach is that iden-
tification must be performed in real-time and it must be compu-
tationally efficient, as TSPs often operate at very large scales.
The thesis shows why this approach is more efficient, robust,
and scalable compared to transcribing the instructions in order
to determine concrete actions.

2.3. Data diversification

A recent study [26] has found that neural codecs exhibit a small-
to-medium disparity between the quality of transcoded audio
depending on language, while traditional telephony codecs are
significantly more biased towards male speech compared to fe-
male speech, with the estimated audio quality of transcoded fe-
male voices being more than a standard deviation apart from
transcoded male voices. Aside from the obvious quality drop
that this introduces against female users, it can have severe
repercussions for other common telephony applications, as
more than 77% of virtual assistants are female-voiced [27].

The thesis argues that the speech technology used in the
telephone network can (and candidly already does) introduce
biases. Since most industry applications are based on la-
beled/annotated data (more than 95% of industry machine
learning is based on supervised data [28]), ensuring that data
annotation processes are efficient and encapsulate sufficiently
diverse data is of paramount interest to reduce such biases.

In [29], the authors show how audio fingerprinting tech-
niques can help diversify data annotation processes. Due to
limited space, this paper only presents a visualization of this
result. In Figure la, audio embeddings were computed using
the popular wav2vec2.0-base model [30] of the VCTK speech
corpus [31]. Figure 1b shows embeddings of the same dataset,
computed using a neural fingerprinting method [6]. The authors
of [29] further show that embeddings of the same speaker tend
to form clusters in the latent embedding space when using the
neural fingerprinting as the encoder. Using this observation, the
paper describes how a technique from image processing — far-
thest point sampling [32], can be used to diversify the data. This
makes the data annotation process more efficient, ensuring that
a small number of annotated samples provides a better and more
diverse representation of the data.

3. Challenges

The thesis is concerned with applying audio fingerprinting to
real industrial problems within the telecommunications domain.
Identified challenges and difficulties:

* It is difficult to present results that can be reproduced or ver-
ified since data is sometimes subject to GDPR regulations or

(a) wav2vec 2.0-base (95M) (b) Conformer small (1.5M)
Figure 1: +-SNE [33] visualization of embeddings generated by
wav2vec 2.0 [30] and the small pretrained conformer [6].

other legal constraints.

* Unlike automatic speech recognition or speech emotion de-
tection, the problems are not well-known which limits aca-
demic interest and the availability of related work and litera-
ture.

» This paper presented a few applications of audio fingerprint-
ing with the goal of enhancing telecommunication services.
Although the applications have in common the use of audio
fingerprinting techniques applied to speech content in a fast,
real-time, and scalable way, the applications themselves are
not too related. This makes framing the contributions and
research questions of the thesis more difficult.

* Audio fingerprinting is not optimized for speech. All novel,
state-of-the-art neural fingerprinting models [3, 5, 4, 6] were
trained on music data [34]. A recent paper [35] investi-
gates this disparity of the performance of audio fingerprinting
methods on speech vs. music, shared in Table 1. The conse-
quences of this disparity is that practical results on speech
data are often of subpar quality, requiring additional fine-
tuning and adaptation of fingerprinting methods.

* It is difficult to find appropriate publication venues. Related
work is often dependent on audio/music processing venues,
the work is being applied to telecommunication/cyber-
security related venues, while the data and technical contri-
butions are mostly made in speech related venues.

4. Summary

This paper presented an overview of an ongoing academic PhD
motivated by industry applications of neural fingerprinting for
enhancing voice communication services. Future work should
address the quality of neural fingerprinting techniques applied
to the speech domain and address the challenges presented in
this paper, such as adapting the work for academic publishing
and ensuring accessible data for easy reproduction of results.
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Abstract

Recent advancements in speech enhancement leverage both
audio and visual information to overcome prior performance
limitations in audio-only methods. Multimodal solutions have
the potential to transform the way in which the deaf and hard-of-
hearing communities use hearing-assistive devices; however the
use of the visual modality introduces additional critical privacy
concerns that remain largely unaddressed. We address this by
investigating a set of privacy-preserving techniques throughout
the machine learning lifecycle, at data collection, in the trained
model’s representations, and at deployment, with an evaluation
of the visual privacy each affords. In doing so, we hope to un-
derstand how audio-visual hearing aids can be developed safely
for their users and society.

Index Terms: speech enhancement, audio-visual, multimodal,
privacy, hearing aids

1. Introduction

Over 1.5 billion people across the globe are currently affected
by hearing loss to some degree, with this number expected to
rise to 2.5 billion by 2050 [1]. Despite this, the uptake of
hearing assistive devices is estimated to be at approximately
11% [2], largely due to the poor performance of commer-
cially available hearing aids in noisy environments [3]. Nat-
ural hearing perception is inherently multimodal, with listen-
ers making use of congruent visual cues to suppress interfer-
ing noise and focus on the target speech in complex sound
environments [4]. It is therefore a natural progression to in-
corporate a similar, cognitively-inspired approach into hearing
aids for performance improvements. Audio-visual speech en-
hancement (AV-SE) models have been shown to outperform tra-
ditional audio-only (AO) methods, particularly in challenging
sound environments [5, 6, 7]. Before these models can be de-
ployed at scale, however, there are a number of critical privacy
concerns introduced by use of the visual stream that remain
largely unaddressed in existing research. This thesis investi-
gates the additional visual privacy cost introduced, and strate-
gies to mitigate it across the system.

1.1. Contributions

This thesis aims to investigate the additional visual privacy cost
at three points in an AV-SE system, throughout the machine
learning lifecycle, at deployment (completed), at data collec-
tion (ongoing) and in the model’s representations (future work).
The overarching research questions are:

RQ1: Can the visual data collected at deployment be reduced
while maintaining enhancement performance?

RQ2: Can real visual biometric data in training be reduced

or replaced with synthetic data without degrading enhancement
performance?

RQ3: What identifiable visual information persists in an AV-
SE model’s learned representations, and how exposed is it to
attack?

1.2. Related Work

In recent years there have been increasing concerns regarding
the idea of pervasive surveillance, and attitudes towards wear-
able smart glasses are largely negative [8, 9], particularly among
those who do not use such devices [10] and when the devices are
used in social interactions [11]. Wearers of smart glasses have
indicated they feel responsible for preserving bystander pri-
vacy, and may refrain from wearing the devices when concerned
about bystander attitude [12]. Additionally, the European Data
Protection Supervisor has recommended that for smart glasses
to comply with UK regulations, data minimisation should be ap-
plied, and the design must embed the principles of privacy-by-
design, which requires privacy to be proactively implemented
throughout the processing lifecycle and applied as the default
in a user-centric manner transparent to all stakeholders [13, 14].
By implementing privacy-preserving techniques as the default
in AV hearing aids, it may be possible to abide by regulation
and alleviate wearer concerns, allowing widespread uptake and
usage of the devices.

Visual privacy-enhancing techniques from adjacent fields
such as biometrics [15], assisted living [16], and wearable
devices [17] are largely inadequate for AV-HAs. Obfusca-
tion techniques such as image filtering or face de-identification
are often applied post-data collection and may degrade perfor-
mance [18]. Location-based solutions that prevent data cap-
ture in “sensitive” environments [19], may conflict with con-
texts in which the visual modality is most needed. Intervention
methods such as gesture-based solutions [20] or wearable ad-
versarial devices [21] disrupt the initial collection of data but
inappropriately place the burden of privacy preservation solely
on bystanders who may not even be aware of the presence
of a camera. Within AV-SE, the predominant visual privacy-
preserving measures focus on protecting speaker identity by
modifying data representations. The use of lip-landmark flow
features has been proposed due to the inability to reconstruct
the face from this input [6], or using compressed visual images,
in which speaker identity is largely removed from the visual
modality [22]. Existing visual privacy techniques are therefore
either applied insufficiently throughout the processing pipeline,
degrade the performance gains the visual modality was intro-
duced to provide or shift the burden onto bystanders, leaving
the privacy cost of the visual modality in AV-SE largely unad-
dressed across the system as a whole. We treat visual privacy



as a challenge arising at multiple stages of the system and ad-
dress each point, at deployment, data collection and the model’s
learned representations.

1.3. Challenges

There are a number of challenges when considering privacy for
audio-visual speech enhancement. Firstly, privacy and perfor-
mance are often in direct tension with no single correct op-
erating point. The visual information is both the factor that
increases performance, and introduces privacy concerns, and
considering a balance between the two is use-case dependent.
Additionally, privacy perceptions are wide-ranging and often
context-dependent [23]. AV-HAs will be deployed across un-
bounded environments, and bystanders will have their own pri-
vacy perceptions formed based on their experiences. Further-
more, these visual privacy gains can only be assessed by testing
against specific attacks, which cannot rule out unforeseen or
stronger adversaries.

2. Thesis Outline

The work in Section 2.1 has been completed, Section 2.2 de-
scribes ongoing work and Section 2.3 outlines research that will
be completed in the final year of the degree.

2.1. Modality-Centric Privacy using Back-off

Problem Statement: Privacy-preservation solutions should be
easily understandable by users and those that interact with
the technology in order to increase trust [24]. In natural hu-
man interlocutor interaction, listeners make use of visual cues
more heavily in challenging environments of multiple interfer-
ing speakers or lower signal-to-noise ratios (SNRs) [25]. Tradi-
tional cryptographic data minimisation techniques are challeng-
ing for end users due to a lack of real-world analogies that can
be used to form correct mental models, and users often do not
trust the claim that privacy-enhancing technologies protect their
privacy [26]. By replicating interlocutor interaction, a concept
for which users have a natural mental model, we may be able to
design a trustworthy data minimisation method for AV-SE.
Method: We design a hard-switching model as a feasibility
study to investigate whether an AV-SE model can replicate nat-
ural interlocutor interaction while increasing visual privacy by
reducing the quantity of visual data captured by the sensor. We
introduce a back-off strategy for a streaming scenario that con-
trols which input modality is used by the AV-SE framework and
when. When the short-time objective intelligibility (STOI) [27]
is within 95% of the maximum intelligibility obtained by an AV-
model, the algorithm may back off to use the audio-only model,
thereby increasing visual privacy through visual data minimi-
sation. We additionally define and quantify visual privacy by
considering how frequently the model uses audio-visual input.
The back-off model is evaluated in 4 constant SNR scenes, and
3 fluctuating scenes to simulate real-world environments.
Results & Conclusion: In our analysis, we observe that when
using a back-off strategy, we can maintain STOI within 95% of
the maximum intelligibility with a 58.7% increase in visual pri-
vacy (relative to the audio-visual model) when averaged across
all SNR conditions. In challenging, lower SNRs the model can
rely more heavily on audio-visual input to selectively enhance
the target voice, and at higher SNRs, the model can adaptively
switch to audio-only input without significantly reducing STOI
while increasing visual privacy.

2.2. Synthetic Data Augmentation

Problem statement: Training AV-SE models requires large-
scale AV corpora of real speakers, raising privacy concerns re-
garding the collection and storage of sensitive, biometric infor-
mation. Augmenting training data with synthetic samples has
been shown effective in automatic speech recognition [28] and
speaker recognition [29], in addition to audio-only speech en-
hancement [30]. Using synthetic visual training data could re-
duce potential privacy risk in data collection and storage, partic-
ularly when a large number of samples are required for a single
speaker in personalised speech enhancement.

Method: We are using the DeepSpeak v1.1 dataset [31], a cor-
pus with 3 categories of synthetic content: face swap, lip-sync
with real audio, and lip-sync with synthetic audio. Using a
shared fusion backbone and audio encoder [7], we train 3 mod-
els with different visual encoders and inputs: pre-trained AVHu-
BERT embeddings [32], facial landmarks and raw lip pixel im-
ages. Each model is trained across 5 different training splits
representing different synthetic/real data ratios (with the total
data quantity held constant), to understand whether synthetic
data can augment or replace real data. We evaluate only on real
audio-visual data. We additionally intend to investigate whether
this differs across different visual front-ends and how the real
and synthetic visual embeddings differ across encoders, how
much of the original identity is retained and the impact of the
synthetic generation technique used.

Results: Initial results indicate that synthetic visual training
data can augment real training data with minimal performance
decrease. At an SNR of -5dB, a model trained on data con-
taining only synthetic visual samples achieves a STOI score of
0.82, and perceptual evaluation of speech quality (PESQ) [33]
score of 2.107 vs a STOI score of 0.824 and PESQ score of 2.18
for a model trained on real visual data. The same holds at high
SNRs, e.g. at SNR of 10dB, the synthetic data model achieves a
STOI=0.944 and PESQ=3.29 vs STOI=0.948 and PESQ=3.353
for the model trained on real data.

2.3. Analysis of Information Leakage

Problem Statement: Audio-visual hearing aids capture a sig-
nificant amount of rich biometric data from interlocutors and
bystanders, some of whom may not be aware of the presence
of such a device due to its discreet appearance. Understand-
ing the information that may be obtained by an attacker is vital
to understand the potential privacy risk and violations that may
occur to these bystanders. Attribute inference attacks consist
of attackers attempting to obtain sensitive or undisclosed user
attributes from internal model feature embeddings [34]. We in-
tend to investigate what visual identity information is retained
in the latent representations of an AV-SE model, and understand
how it differs from that in an audio-only SE model.

Proposed Method: We intend to assess information leakage
in a speech enhancement model through an attribute inference
attack to understand what sensitive information is retained in
the latent representations of an audio-only speech enhancement
model vs an audio-visual one. In particular, we intend to in-
vestigate whether attributes that are not present in the speech
enhancement output may be represented in the latent encod-
ings, and how accessible they are. We plan to report leakage at
matched performance across audio-only and audio-visual mod-
els to reduce confounding factors between model capability and
model modalities.
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1. Introduction

The concept of listenability originally emerged in the 1950s
within the fields of radio and telecommunications [1, 2, 3], fo-
cusing primarily on ensuring that radio speech signals were per-
ceived as clearly as possible by listeners. Today, listenability
can be formalized as the global optimization of spoken dis-
course to achieve a dual objective: maximizing the conveyed
information while minimizing the listener’s cognitive load. In
other words, it represents the capacity to adapt speech to ren-
der it both simple and effective. By nature, listenability lies
at the intersection of several distinct fields, including natural
language processing (NLP), audio signal processing, cognitive
science, or human-computer interaction (HCI). The objective of
this doctoral research is to establish a unified theoretical model
capable of capturing and mapping the interactions across these
dimensions. A direct application of this framework is to adapt
the generic speech parameters of our future model to the needs
of vulnerable audiences, such as individuals with intellectual
disabilities or speech impairments. Ultimately, this model aims
to foster digital inclusion and enhance their accessibility within
our societies. This paper presents the preliminary results ob-
tained during the first year of this PhD project and outlines the
theoretical framework and the research roadmap drawn up for
the remaining two years.

2. Research Questions

In order to develop a viable theoretical model of listenability,
this doctoral research decomposes the problem into three dis-
tinct yet interrelated fundamental questions:

* RQ1 (Definition): How can the concept of ‘listenability” be
formally defined in terms of its core objectives and multidis-
ciplinary boundaries?

* RQ2 (Optimization): How can we optimize each underlying
dimension that influences listenability while accounting for
their complex interdisciplinary relationships?

* RQ3 (Application and Adaptation): Once a general theo-
retical model is established, how can its parameters be dy-
namically adapted to the specific needs of vulnerable au-
diences to ensure digital accessibility and practical deploy-
ment?

3. Progress So Far

The first year of this thesis was devoted to conducting an ini-
tial analysis of listenability and related concepts, as well as to
studying the interaction between text complexity (readability)
and the performance of ASR systems (intelligibility).

3.1. Experiments on Text Readability

In order to properly assess the readability of a text, we first
addressed the limitation of traditional readability metrics (e.g.,
Flesch [4], SMOG [5]), which often exhibit individual method-
ological biases. To address this issue, we formulated a Global
Readability Index (GRI) that standardizes and fuses six classic
formulas into a singular metric scored from 0 to 10 (The higher
the score, the more complex the text)

1 o

Ii - I@ min
GRI = — ———— x 10 (1)
N'L i—1 Ll,max - Ii,min
where I; represents the score of index ¢, I; min and I; max define
its theoretical boundaries, and NN; is the number of integrated
indices.

Using this index and an automated pipeline powered by the
Gemini 1.5 Flash API', we evaluated text simplification strate-
gies to optimize content readability [6]. We compared a pro-
gressive iterative method against a child-directed reformulation
model. The latter proved highly efficient, reducing formal text
difficulty by over 50% in a single execution (dropping from a
complex baseline of y = 9.97 to u = 4.30). To verify informa-
tion fidelity, we then analyzed the semantic proximity between
summaries of the original and simplified texts using Sentence-
BERT dense embeddings [7]. The valid pairs achieved a high
cosine similarity (4 = 0.82, ¢ = 0.07) compared to random
controls (1 = 0.17, o = 0.16), validating our ability to struc-
turally simplify discourse while strictly preserving its core se-
mantic concepts.

3.2. Dissociating Readability from Intelligibility

The second phase of our work challenged the historical
paradigm stating that automatic speech recognition (ASR) per-
formance is correlated to the linguistic complexity of the source
text. In the context of this study, ‘intelligibility’ is defined as
the objective performance of automated ASR models, utilizing
the Word Error Rate (WER) as an established proxy metric for
transcription accuracy [8]. To isolate formal text difficulty from
human elocution variations, we developed an acoustic control
pipeline [9] using the CLEAR corpus and Amazon Polly speech
synthesis. To evaluate architectural robustness under realistic
environmental constraints, the generated audio files were sub-
jected to acoustic degradations, including additive babble noise
(0 dB to 20 dB) and simulated room impulse reverberations.
Our evaluations across multiple ASR architectures revealed
that modern end-to-end (E2E) models have reached a state of

Ihttps://ai.google.dev/gemini-api/docs/
models/gemini
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structural decoupling. While older hybrid Kaldi [10] or CTC-
based models [11] remain sensitive to text complexity, Ope-
nAI’'s Whisper (Tiny and Medium) [12] exhibited near-perfect
orthogonality with the linguistic structure (r = 0.03, p =
0.059), a trend validated on natural speech via the LibriSpeech
corpus [13] (r = —0.02). An assessment of the computational
load of the models (predictive token entropy » = —0.01 [14]
and zlib compression ratios 7 = —0.08) confirmed that there
was absolutely no variation in the end-to-end model’s transcrip-
tion performance between very complex texts and very simple
ones.

Figure 1: Impact of Textual Complexity and Human Judgment
on ASR Architectures.

However, a persistent correlation was observed between
ASR errors and human-annotated difficulty (r ~ —0.28),
demonstrating a clear human-machine divergence: contempo-
rary models are immune to formal syntax but remain sensitive
to latent perceptual factors that humans find challenging.

4. Future Work & Roadmap

Over the remaining two years of this doctoral project, the fo-
cus will shift from isolating independent text-speech variables
to modelling the systemic, multi-modal and human-centred di-
mensions of listenability. The research roadmap is structured
around three core areas:

4.1. Systematic Review

Within the speech and computational linguistics communities,
there is a need for a robust and unified definition of listenabil-
ity. While specific dimensions of the concept have been indi-
vidually addressed since the 1950s [1, 3], it currently suffers
from disciplinary fragmentation [15, 16] and lacks a modern,
cross-disciplinary formalization. To bridge this gap, we are cur-

rently conducting a systematic literature review aimed at syn-
thesizing the state-of-the-art. The objective of this review is to
establish a formal, consensus-based definition of listenability.
This theoretical groundwork is designed to serve as a standard-
ized baseline for future related research. This study is actively
underway, with the future goal of submitting the findings to a
peer-reviewed journal in the field.

4.2. GRI Validation

In parallel with this theoretical work, we will conduct a dedi-
cated study to firmly establish the structural foundations of the
Global Readability Index (GRI) introduced in previous evalua-
tion frameworks [6, 9]. This axis aims to refine the metric math-
ematically, notably by optimizing and recalibrating the weight
coefficients assigned to each constituent classic formula. The
objective is to publish these validation results alongside a pub-
lic, open-source code repository, providing the speech and lan-
guage communities with a tool for text readability assessment
that minimizes individual index biases. To ensure linguistic and
statistical rigour, this study will be pursued in collaboration with
specialists in computational text analysis.

4.3. Perceptual Cognitive Dimension

In the longer term, this doctoral research will transition from
automated frameworks to ecological, human-centred validation
to validate our results in real-world conditions. Incorporating
the cognitive dimension represents a critical layer that will be
directly superimposed onto our existing findings. To achieve
this, we will design behavioural experimental paradigms with
human participants to evaluate information retention, attention
spans, and objective listening effort in natural settings. This
phase will investigate both inter-individual variations — how
distinct user profiles, specifically vulnerable audiences with in-
tellectual or speech impairments, modulate discourse process-
ing — and intra-individual variations, tracking dynamic atten-
tional fluctuations and cognitive fatigue over time. This human-
centred phase constitutes an important milestone of this doc-
toral research, which is conducted under an international joint
supervision arrangement. This planned research mobility will
provide the necessary infrastructure and field-testing opportu-
nities required to translate our theoretical model into actionable
digital accessibility solutions for vulnerable populations.
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Abstract

Speech emotion recognition (SER) has become an increas-
ingly important area in human-computer interaction; however,
such technologies remain largely unavailable for low-resource
and Indigenous languages such as te reo Maori, the Indige-
nous language of New Zealand. Existing approaches often
rely on Western-derived emotion categories and methodologies,
with limited community involvement. This paper presents an
overview of a doctoral thesis that addresses these gaps by de-
veloping a community-oriented SER system for te reo Maori.
The research involves identifying culturally grounded emotion
categories through community engagement, developing the first
Maori emotional speech corpus, and conducting acoustic fea-
ture analysis to investigate patterns of emotional expression.
This process will inform the development of the first Maori SER
system. This work contributes a culturally grounded framework
for emotion technology development that can be extended to
other Indigenous and low-resource languages.

Index Terms: speech emotion recognition, community-
oriented, Maori, Indigenous language

1. Introduction and Motivation

Identifying emotions from speech, known as speech emotion
recognition (SER), is widely used in human-computer interac-
tion, particularly due to the growing demand for contactless in-
teraction. However, the development of such speech technolo-
gies has been largely limited to a small subset of languages, ac-
counting for only about 100 of the more than 7,000 languages
spoken worldwide [1]. Most SER research has focused on high-
resource languages, such as English, German, Mandarin and
French [2, 3, 4], while low-resource languages remain signifi-
cantly underexplored. Notably, there is currently no SER sys-
tem available for te reo Maori, the Indigenous language of New
Zealand (Maori referring to the people and te reo Maori to the
language). This study, therefore, aims to address this gap by
developing a SER system for te reo Maori.

A review conducted in the initial stages of this thesis on
SER for low-resource and Indigenous languages found that ex-
isting systems often classify speech into predefined emotion
categories derived from English or their direct translations, as-
suming emotions are universal [5]. There is an ongoing de-
bate about how emotions are categorised differently across lan-
guages due to cultural variations. For instance, researchers ar-
gue that experiments designed to verify the universality of emo-
tions have flaws due to the lack of native speaker involvement
and the failure to consider Indigenous knowledge [6]. There
is also discussion and evidence that categorisation and percep-
tion of basic emotions can vary across cultures [7, 8, 9, 10].
Specifically, for Maori, studies have found that Maori and New

Zealand Europeans exhibit different patterns of emotional re-
actions to various social situations [11]. A Maori psychiatrist,
Elder [12], suggests that the nuances of Maori emotions are lost
when they are referenced in English. Further, Ritchie et al. [13]
noted that Maori contains a wide vocabulary of emotions that
lack direct English translations. Hence, using emotions defined
in English or their closest translations might be inadequate for
te reo Maori, and there is a need to experimentally verify how
emotions are categorised in te reo Maori.

Another limitation of current SER systems is that they often
do not employ community-oriented approaches or incorporate
cultural knowledge when developing technologies for Indige-
nous languages [5]. Further, many existing SER systems rely
on end-to-end deep learning approaches, with limited integra-
tion of established speech processing knowledge.

These gaps lead to the research question: How can a cul-
turally grounded speech emotion recognition system for te reo
Maori be co-developed through community engagement?. To
address this question, this thesis adopts a community-driven,
multi-stage approach. It begins with the identification of Maori
emotion categories through community engagement, followed
by the development of the first annotated emotional speech cor-
pus for te reo Maori, and an acoustic analysis of how these emo-
tions are expressed in speech. These insights then inform the
development of a SER system for Maori.

2. Methodology and Preliminary Results

The proposed community-oriented methodology is illustrated in
Figure 1 and outlined below.

1. Community media collection: Since there was no an-
notated emotional speech corpus for te reo Maori, emotional
speech data were collected from community media sources, in-
cluding Te Hiku Media radio recordings [14] and Maori tele-
vision programmes. A preliminary annotation was carried out
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Figure 1: Community-oriented framework for Maori SER.
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to identify audio clips containing emotional content, with non-
emotional segments excluded from further analysis.

2. Online questionnaire: A questionnaire was designed
to obtain Maori community feedback on emotions conveyed in
the audio clips identified in the previous stage [15]. Participants
were asked to listen to selected clips and provide free-form de-
scriptions of the emotions they perceived. The questionnaire
was designed to be bilingual, as all Maori speakers are bilin-
gual in English and te reo Maori, and to reflect the impact of
te reo Maori as a revitalised language. In this context, speak-
ers may use English to express emotions while still conveying
an emotional framework that is culturally Maori. From these
responses, over 200 emotion terms were collected, with several
identified as synonymous.

3. Focus group: The terms were further analysed and cat-
egorised through focus group discussions with Maori partici-
pants, ensuring that cultural nuances in the emotions were pre-
served during the grouping process. This process yielded 16
emotion categories, which are essential for meaningful emotion
analysis and the development of emotion technology. These cat-
egories include: ngenge (tired), haumaru (safe), aroha (love),
huakore (hopeless), pouri (sad), harikoa (happy), manawanui
(serious), pai (good, well), kaika (impatient), whai whakaaro
(curious), whakarihariha (disgusted), whakahthi (proud), hoha
(annoyed), hikaka (excited), ohorere (surprised), awangawanga
(anxious). While the English translations provided here are the
close equivalents, they do not fully capture the cultural nuances
of the original Maori terms. Some of these emotions correspond
broadly to presumptive universal emotions (e.g., harikoa and
pouri). Others reflect culturally specific concepts, such as pai,
for which available English equivalents do not fully capture its
cultural meaning, and aroha, a culturally rich concept that is not
typically represented in mainstream emotion research. These
distinctions highlight the limitations of universal emotion mod-
els and the importance of culturally grounded approaches.

4. Emotional speech corpus development: Pa-Kakare,
the first Maori emotional speech corpus, was developed as the
next step, facilitating further understanding of Maori emotion
expression [16]. Unlike existing emotional speech corpora that
rely on presumed universal emotions, this corpus is grounded
in the community-derived 16 emotion categories, ensuring cul-
tural relevance. The corpus was recorded with four professional
Maori actors, with 15 sentences per emotion, each sentence
recorded four times over two days, resulting in 3,840 high-
quality recordings (16 emotions X 15 sentences X 4 actors
X 4 takes). Database validation was subsequently conducted
with 28 participants, who evaluated a randomly selected 15%
of the recordings for perceived emotion. To uphold principles
of data sovereignty and kaitiakitanga (guardianship), the corpus
is treated as a community resource rather than as researcher-
owned data. Its use is governed by a Kaitiakitanga license [17],
ensuring culturally appropriate access, use, and protection.

5. Acoustic feature analysis: As the next step, acoustic
feature analysis was conducted using prosodic, voice-quality,
and spectral features to investigate how these features differ-
entiate Maori emotions. In existing literature, such differences
are commonly interpreted in terms of arousal (the level of ac-
tivation) and valence (positive or negative affect) [18, 19]. For
example, fundamental frequency (f0) and intensity tend to be
higher for high-arousal emotions and lower for low-arousal
emotions. However, these interpretations are largely based on
Western-derived emotion frameworks. Therefore, this study
examines whether emotions expressed in Maori speech ex-
hibit similar or differing patterns. Preliminary statistical analy-

sis revealed significant differences across several prosodic and
spectral features and identified emotion pairs with overlapping
acoustic characteristics. For example, kaika (impatient) and
hoha (annoyed) exhibit similar acoustic profiles in Maori, de-
spite being associated with different arousal levels in English-
based emotion models. These findings highlight both cross-
cultural similarities and the culturally specific nature of emo-
tional expression, reinforcing the importance of developing cul-
turally grounded approaches to SER.

The next stage of this work, which focuses on SER technol-
ogy development, is described in the following section.

3. Future Work

The final objective of this research is to develop a SER sys-
tem for te reo Maori. This involves investigating which ap-
proaches are most effective for modelling culturally grounded
emotions. Using the developed Pa-Kakare corpus, along with
the extracted acoustic features, a range of machine-learning and
deep-learning approaches will be evaluated. In particular, this
study evaluates the effectiveness of acoustic features using tra-
ditional machine learning approaches and of frame-level repre-
sentations using deep learning models as baselines. Recent self-
supervised models such as Emotion2Vec will also be evaluated
[20]. These models are trained on large-scale datasets based
on Western-derived emotion categories. Their ability to repre-
sent culturally grounded emotion distinctions in te reo Maori
will therefore be evaluated rather than assumed. Model per-
formance will be assessed using metrics such as accuracy, pre-
cision, recall, and F1-score under both speaker-dependent and
speaker-independent evaluation settings.

4. Challenges

The development of the first Maori SER system presents sev-
eral challenges. First, as a revitalised Indigenous language,
there is a significant lack of available resources, including an-
notated data and linguistic tools. In addition, identifying cul-
turally grounded emotions was time-consuming, requiring ex-
tensive community engagement and iterative analysis. Further-
more, the current state of the art in emotion recognition for low-
resource languages is largely based on pre-trained models using
self-supervised learning. However, these models may not trans-
fer well to Maori, as they are trained on Western-derived emo-
tion categories and lack exposure to Maori data, limiting their
ability to model the 16 culturally grounded emotion categories
identified in this study. Conducting research with Indigenous
communities requires careful ethical consideration, particularly
regarding data governance, representation, and cultural sensi-
tivity. These were addressed through close collaboration with
a transdisciplinary team, including Maori researchers, ensuring
culturally appropriate and community-oriented research.

5. Contribution

The main contributions of this study are as follows: (1) The
identification of culturally grounded common social emotion
categories in te reo Maori speech, (2) The development of
Pa-Kakare, the first emotional speech corpus for te reo Maori,
(3) An acoustic characterisation of emotional expression in
Maori speech, (4) The planned development of the first SER
system for te reo Maori, and (5) A community-oriented frame-
work for developing speech emotion technologies that can be
adapted for other Indigenous and low-resource languages.
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Abstract

Speech-based multimodal artificial intelligence has demon-
strated considerable potential for automatic depression detec-
tion, offering scalable and non-invasive approaches for men-
tal health screening. However, real-world deployment remains
challenging due to limited clinical data, privacy concerns sur-
rounding sensitive speech information, and the limited inter-
pretability of deep learning models. This study investigates how
multimodal speech-based depression detection systems can be
made trustworthy by jointly addressing predictive performance,
privacy preservation, and interpretability. The research pro-
gresses through three interconnected stages: developing effec-
tive multimodal depression detection under data-scarce condi-
tions, enabling privacy-preserving learning through federated
learning, and investigating representation-level interpretability
in privacy-aware multimodal systems. Together, these stages
establish a unified pathway toward trustworthy multimodal de-
pression detection for clinically relevant mental health assess-
ment.

Index Terms: Speech-based Depression Detection, Federated
Learning, Privacy-Performance, Interpretability

1. Motivation

Depression is a common mental health disorder characterized
by persistent low mood, loss of interest, and reduced daily func-
tioning. It affects approximately 280 million people worldwide
and remains one of the leading causes of disability [1]. Despite
the availability of effective treatments, many individuals do not
receive timely support due to limited access to mental health
services, shortages of trained professionals, and increasing de-
mands on healthcare systems [2, 3]. These challenges highlight
the need for scalable, accessible, and non-invasive approaches
to early depression screening. Speech, which can be conve-
niently collected through smartphones and telehealth platforms,
offers a promising opportunity to address this need.

Speech has emerged as a promising digital biomarker for
depression because depressive symptoms influence both how
people speak (acoustic) and what they say (linguistic/context)
[4]. Combined with recent advances in artificial intelligence
(Al), multimodal speech-based depression detection systems
that jointly model acoustic and linguistic information have
demonstrated considerable potential for accessible and scalable
mental health assessment.

However, several challenges continue to limit their real-
world adoption. First, depression datasets are often small, im-
balanced, and noisy, making effective multimodal learning dif-
ficult [5, 6, 7]. Second, speech recordings contain highly sen-
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sitive personal information, creating significant privacy con-
cerns for centralized learning approaches [8]. Third, although
privacy-preserving learning can mitigate these risks, it often de-
grades predictive performance. Moreover, existing approaches
provide limited insight into how clinically relevant representa-
tions are learned and preserved, while lacking a unified frame-
work for evaluating trustworthiness in clinical deployment [9].
These challenges motivate three connected research stages:
improving multimodal learning under limited, imbalance and
noisy data, enabling privacy-preserving decentralized learning,
and developing interpretable privacy-aware models with sys-
tematic trustworthiness evaluation.

2. Research Questions

These challenges motivate the overarching research question of
this doctoral research: How can multimodal speech-based de-
pression detection systems be made trustworthy by jointly
addressing performance, privacy preservation, and inter-
pretability?

To address this question, the dissertation is organized
around three interconnected research questions:

¢ RQ1: How can complementary speech (acoustic and linguis-
tic) information be effectively integrated to improve depres-
sion detection under limited, imbalanced, and noisy data con-
ditions?

* RQ2: How can privacy-preserving techniques preserve pre-
dictive utility and speaker privacy when jointly learning
acoustic and linguistic depression representations across de-
centralized data?

* RQ3: How can representation-level insights be leveraged
to develop interpretable privacy-aware multimodal depres-
sion detection systems with systematic trustworthiness eval-
uation?

Together, these research questions establish a progression
from effective multimodal learning (RQ1) to privacy-preserving
deployment (RQ2), and finally to trustworthy and interpretable
federated depression detection systems (RQ3).

2.1. Improving Performance in Data-Scarce Environments

The first stage of this research investigated effective multimodal
depression detection under limited, imbalanced, and noisy data
conditions. Existing depression datasets often contain transcrip-
tion errors, recording variability, speaker heterogeneity, and
class imbalance, all of which negatively affect model learning
[5,6,7].

To address these challenges, 1 proposed ALiDeR [10], a
multimodal depression detection framework that jointly inte-
grates transformer-based acoustic (Whisper) [11] and linguis-
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tic (DepRoBERTa) [12] representations with a quality-aware
data processing pipeline, including transcript refinement, par-
ticipant speech extraction, and the proposed Signal-to-Noise
Ratio-based Adaptive Data Selection (SNR-ADS) method [13].

Experimental evaluation on the E-DAIC (English) [5, 6]
and MODMA (Chinese) [7] datasets demonstrated that ALiDeR
consistently outperformed unimodal and existing multimodal
baselines. The proposed framework achieved accuracies of
0.92 and 0.89, and Fl-scores of 0.91 and 0.88 on the E-DAIC
and MODMA datasets, respectively. Comprehensive abla-
tion studies further confirmed that effective multimodal fusion,
quality-aware data selection, and transformer-based representa-
tion learning contributed to the observed improvements.

These findings validate the proposed multimodal learning
strategy under limited, imbalanced, and noisy data conditions
and establish a strong centralized baseline for the privacy-
preserving investigations in RQ2.

2.2. Privacy-Preserving Multimodal Depression Detection

While centralized multimodal learning achieved strong predic-
tive performance, sharing sensitive speech and mental health
data introduced substantial privacy risks. The second stage
therefore investigated privacy-preserving learning through fed-
erated learning (FL).

To address this challenge, I developed FedMPA, a novel
federated multimodal learning framework that combines decen-
tralized optimization, prototype-guided knowledge sharing, and
privacy-aware prototype aggregation mechanisms [14, 15]. In
addition, I proposed a multi-channel privacy evaluation pipeline
together with novel Privacy—Performance Score (PPS), provid-
ing a unified quantitative framework for evaluating predictive
utility and privacy preservation. Experimental evaluation on
the E-DAIC [5, 6] and MODMA [7] datasets demonstrated that
FedMPA consistently preserved predictive performance while
improving privacy protection compared with existing federated
baselines, achieving accuracies of 0.88 and 0.83, F1-scores of
0.89 and 0.84, and PPS values of 0.92 and 0.87, respectively.

These findings demonstrate that privacy-preserving mul-
timodal learning can maintain competitive predictive perfor-
mance while enhancing privacy protection, validating the pro-
posed FedMPA framework for decentralized clinical AIL. More
importantly, they motivate the next stage of this research, which
investigates how clinically relevant representations are learned
and preserved under privacy-aware learning and how these in-
sights can support interpretable and trustworthy clinical Al

2.3. Interpretability in Privacy-Aware Learning

The third stage of this research investigates how representation-
level insights can be leveraged to develop interpretable privacy-
aware multimodal depression detection systems and systemati-
cally evaluate their trustworthiness. While existing explainabil-
ity methods primarily rely on post-hoc feature attribution or at-
tention visualization, they provide limited insight into how clin-
ically relevant depression representations are learned and pre-
served under privacy-aware learning [9]. Moreover, current FL
studies predominantly evaluate predictive performance and pri-
vacy protection, with little understanding of the representational
effects of decentralized optimization [16, 17, 18].

To address this gap, this research investigates the layer-wise
organization of depression-related acoustic and linguistic repre-
sentations and exploits these insights to guide representation-
aware multimodal learning in federated settings. The pro-
posed framework is being evaluated through three complemen-

tary criteria: (i) identification of clinically relevant layer-wise
representations, (ii) improved predictive performance through
representation-guided learning under privacy-aware FL, and
(iii) a unified trustworthiness evaluation incorporating predic-
tive performance, privacy preservation, and multi-level inter-
pretability.

Preliminary analyses have identified modality-specific fea-
tures and task representations across transformer layers, pro-
viding a foundation for developing representation-guided mul-
timodal learning and systematic trustworthiness evaluation. On-
going work builds on these findings to establish a unified frame-
work for evaluating predictive performance, privacy preserva-
tion, and interpretability.

3. Current and Future Research Directions

This research has progressively evolved from improving mul-
timodal depression detection under limited, imbalance and
noisy data conditions (RQ1) to enabling privacy-preserving
learning through FL (RQ?2), and currently focuses on advanc-
ing representation-level interpretability to achieve trustworthy
privacy-aware multimodal depression detection (RQ3). To-
gether, these stages establish a pathway towards trustworthy
multimodal depression detection by jointly addressing predic-
tive performance, privacy preservation, and interpretability.

Future work will investigate how clinically relevant
depression-related information emerges across transformer lay-
ers, how acoustic and linguistic representations align dur-
ing multimodal learning, and how privacy-preserving mecha-
nisms influence these representations in FL. Representation-
level analyses are being developed to characterize layer-wise
information emergence and multimodal alignment in federated
settings. Additional studies will include cross-domain valida-
tion and the development of quantitative metrics for evaluating
representation-level interpretability and overall trustworthiness.
Ultimately, this research aims to establish a unified approach
for trustworthy multimodal depression detection that jointly op-
timizes predictive performance, privacy preservation, and inter-
pretability.

4. Conclusion

This doctoral research investigates how multimodal speech-
based depression detection systems can be made trustworthy by
jointly addressing predictive performance, privacy preservation,
and interpretability. To this end, the research has progressively
advanced from developing ALiDeR, a multimodal framework
for effective depression detection under data-scarce conditions
[13], to proposing FedMPA, together with a multi-channel pri-
vacy evaluation pipeline and the Privacy—Performance Score
(PPS), for privacy-aware federated multimodal learning [14,
15]. Ongoing research extends these contributions by inves-
tigating representation-level interpretability to understand how
clinically relevant depression-related information is learned and
preserved under privacy-aware learning. Collectively, these
contributions establish a unified research pathway toward trust-
worthy multimodal depression detection by jointly advancing
predictive performance, privacy preservation, and interpretabil-

ity.
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Abstract

This PhD investigates smiled speech as an audible social sig-
nal. While smiles are usually studied visually, smile-related
cues also shape the speech signal and can be perceived by lis-
teners. The project examines how these cues are expressed,
perceived, and modeled across smile types and communicative
contexts. Understanding smiled speech is relevant for everyday
communication, human—machine interaction, and speech tech-
nologies in noisy or audio-only settings. This paper summarizes
the completed first study, planned human—machine comparison
and database work, expected contributions, and key method-
ological challenges.

Index Terms: smiled speech, vocal smile, smile perception,
paralinguistic speech processing, affective computing

1. Introduction and Research Questions

Smiles are socially rich signals. They can signal amusement,
happiness, embarrassment, discomfort, or even sadness [1, 2],
and they support social functions ranging from reward and affil-
iation to hierarchy negotiation [3]. Although smiles are usually
treated as facial expressions, they also leave traces in the speech
signal. Prior work has shown that smiling can shift formant
structure, alter intensity and voice quality, and create an audible

impression of “smiling” even without visual access [4, 5, 6].

Listeners can also distinguish different kinds of vocal smile-

related speech, including mechanically spread-lip speech and

affective amused speech [7, 8, 9], and auditory smiles can trig-

ger facial imitation in listeners [10].

Despite these findings, smiled speech remains a fragmented
research area compared with facial smiling, laughter, or broad
speech emotion recognition (SER). Existing resources are often
audio only with limited speakers, focused on acted or scripted
material, and collected under clean laboratory conditions. As a
result, it remains unclear how smile-related cues are produced,
perceived, and modeled in the kinds of settings where vocal
smile cues may matter most, such as telephone and contact-
center speech and human—machine conversations where visual
access may be limited or the signal is noisy.

Taken together, these gaps motivate the central question of
this PhD project: how are smile-related cues expressed, per-
ceived, and modeled in speech across different smile types and
communicative contexts? This question is addressed through
four linked research questions:

1. Smiled speech production: Which acoustic and visual cues
distinguish smiled speech from neutral speech across smile
types and contexts?

2. Human perception: How do listeners perceive smiled
speech, and different smile types, under realistic listening
conditions?

3. Automatic modeling: How can smiled speech be automati-
cally detected and modeled using acoustic representations?

4. Communicative interpretation: How do smile-related cues
shape social impressions, such as perceived warmth, trust-
worthiness, or friendliness?

2. Work Completed So Far

The first completed study examined whether listeners can still
hear smiles in multi-talker babble noise [11]. The experiment
used the AMuS corpus [9], which distinguishes neutral, spread-
lip, and amused speech. Seventy-five listeners completed two
binary categorization tasks: smile-like detection, contrasting
neutral with smile-like speech, and smile-type categorization,
contrasting amused with spread-lip speech. The stimuli were
presented in quiet, —3 dB SNR, and —6dB SNR. Trial-level
generalized linear mixed-effects models (GLMMs) were com-
bined with signal detection theory (SDT) analyses to separate
classification accuracy from response bias.

As shown in Figure 1, noise did not simply make smile per-
ception less accurate. In both tasks, increasing noise reduced
sensitivity, indicating that listeners had less access to smile-
related auditory cues. At the same time, the decision crite-
rion shifted upward, showing that listeners became less likely
to choose the smile-like or more affective response under un-
certainty. In smile-like detection, sensitivity decreased from
d’" = 1.87 in quiet to d’ = 0.58 at —6dB SNR, while the
criterion shifted from ¢ = 0.09 to ¢ = 0.69. For smile-type cat-
egorization, an initial bias toward “amused” responses in quiet
reversed under strong noise (¢ = —0.51 to ¢ = 0.64).

The main contribution of this study is therefore to show
that auditory smile perception in noise is not only a problem
of degraded sensory evidence. Rather, background noise also
changes how listeners use the remaining evidence: as the sig-
nal becomes less reliable, they become more conservative in
interpreting speech as smile-like or affectively amused. The
study also exposed limitations that shape the next stages of the
PhD. The AMusS corpus is valuable because it separates spread-
lip and amused speech, but it only contains a small number of
speakers and was not designed to capture audiovisual or more
naturalistic smile behavior. The next steps therefore focus on
human—machine comparison using the existing material and on
collecting new audiovisual data for a broader investigation of
smiled speech.

3. Planned Work for the Future

At the time of submission, I am still in the first year of my PhD.
The planned work follows the four research questions in se-
quence. The completed perception study addresses RQ2, and
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Figure 1: SDT metrics for two tasks, from [11]. Mean sensitivity
(d') and decision criterion (c) are shown as a function of noise
condition, with error bars indicating standard errors.

the next human-machine comparison on AMuS links RQ2 and
RQ3 using the same tasks and conditions for human listeners
and computational models. The new audiovisual database will
address RQ1 and support further work on RQ2 and RQ3. RQ4
is planned for a later stage of the PhD.

Human-machine comparison on AMuS. The completed
perception study will be extended by evaluating computational
models on the same AMuS stimuli, tasks, and listening con-
ditions. Task 1 will address smile-like detection, contrast-
ing neutral with smile-like speech, whereas Task 2 will ad-
dress smile-type classification, contrasting amused with spread-
lip speech. Baselines will include acoustic-feature pipelines
and self-supervised speech representations such as WavLM and
wav2vec 2.0 [12, 13]. The aim is not only to test whether mod-
els can reach human-level classification accuracy, but also to
examine what kind of smile-related information is preserved in
different representations and how robust this information is un-
der acoustic masking. Model behavior will therefore be com-
pared with human responses at multiple levels, including perfor-
mance degradation across noise conditions, category-level con-
fusion patterns, and signal-detection-inspired measures. This
will allow the project to ask whether computational systems fail
in ways that are merely accuracy-based, or whether their re-
sponse patterns show comparable changes in uncertainty under
noise.

Audiovisual smiled-speech database. The next major out-
put is an audiovisual database involving at least fifty English-
speaking adults aged 18-65. The protocol includes posed,
elicited, and more spontaneous smiled speech, providing in-
creasing naturalness while retaining experimental control. In
the posed condition, participants produce semantically neutral
sentences following explicit instructions to speak with or with-
out a smile. In the elicited conditions, neutral and humorous
short videos are followed by the same sentence-production task,
while additional humorous videos are followed by free-speech
retelling. More spontaneous speech is elicited through autobi-
ographical recall of amusing experiences. Synchronized audio
and video of the face and upper body are recorded throughout.

Elicitation condition will be treated as contextual informa-
tion rather than a definitive smile label. Annotation will include
elicitation context, participants’ funniness ratings of the video
stimuli, observable facial smiling, and perceptual judgments of
vocal smiling. Visual behavior will provide the primary behav-
ioral reference for observable smile production, while listener
judgments will separately capture whether smiling is audible.
This allows convergence and divergence between visible and
perceived smiling to be examined rather than collapsed into a
single ground-truth category.

The in-person recordings will form the core resource, with
Prolific potentially supporting larger-scale perceptual judg-
ments. Depending on progress and feasibility, exploratory ex-
tensions may include EMG-based measures of smile-related
muscle activity and recordings from speakers with Parkinson’s
disease. These are not core objectives of the PhD.

A later-stage study, to be developed in Year 3, will inves-
tigate how smile-related cues affect social impressions such as
warmth, friendliness, and trustworthiness. Together, the project
is expected to make three main contributions. First, it shows
how noise affects smiled-speech perception via both access to
smile-related cues and listeners’ response strategies under un-
certainty. Second, it will provide a multi-purpose audiovisual
smiled-speech database. Third, it will develop a computational
framework for detecting and analyzing smiled speech across
acoustic representations, with particular attention across speak-
ers and communicative conditions.

4. Key Challenges

The first challenge of this thesis is conceptual and concerns vari-
ability. Prior work has distinguished between different smile
types and functions from the perspectives of emotion, such as
felt, false, and miserable smiles, and social signaling, including
reward, affiliation, and dominance smiles [14, 1]. This diversity
means that smile categories are not discrete acoustic objects. A
smile may arise from positive affect, deliberate posing, polite-
ness, embarrassment, or other social goals, and these functions
may overlap in speech. In addition, smile-related cues are likely
to be expressed relative to a speaker’s own neutral baseline
rather than as fixed acoustic or visual patterns. Speakers may
differ in habitual expressiveness, facial anatomy, and cultural
display norms, while speaker characteristics such as gender and
language background may also modulate vocal-affect percep-
tion [15, 16, 17]. Therefore, it is neither realistic nor theoreti-
cally desirable to treat smiled speech as a set of exhaustive and
mutually exclusive categories with definitively correct labels.
Instead, this project treats smile type as a context-dependent
construct, combining elicitation context, observable facial and
vocal behavior, speaker self-report, and listener interpretation.
The second challenge is methodological and concerns the
measurement of smile intensity. Smiled speech is not simply
the addition of a smile signal to a speech signal. Facial pos-
ture and articulatory movement can constrain each other. For
example, lip spreading during smiling may conflict with the lip
closure required for bilabial consonants. Studies show that such
conflicts can lead to articulatory compromises, such as labio-
dentalization, and that speech targets may suppress or tempo-
rally reshape smile-related muscle activity [18, 19]. This may
make it difficult to infer smile intensity directly from acous-
tic output or visible mouth movement, especially for automated
systems that rely on changes in lip shape as evidence of smil-
ing. Elicitation condition alone also does not guarantee that
a speaker would produce the intended smile type or intensity.
At the same time, no single measurement provides a perfect
ground truth: computer vision captures visible facial movement
but may miss or misattribute covert muscle activity, while EMG
provides more direct information about muscle activation but
could be highly sensitive to the interaction between speech and
facial expression. How smile intensity should best be labeled
and modeled therefore remains an open methodological ques-
tion, and the project will consider behavioral, contextual, and
perceptual measures as complementary sources of information.
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Abstract

Schizophrenia-spectrum disorders (SSDs) are characterised by
disrupted emotional processing, reflected in speech and lan-
guage. In this work, I investigate automated computational
measures of SSDs using the Narrative Emotion Task, a semi-
structured interview eliciting emotional narrative speech. I re-
port findings on emotional alignment (EA) scores and acous-
tic features for distinguishing healthy controls from individuals
with SSD. I then outline a plan for repeated-measures prediction
of symptoms using acoustic, linguistic, and affective speech
features across five timepoints, moving towards a speech-based
framework for longitudinal symptom monitoring in SSDs.

Index Terms: schizophrenia, schizoaffective disorder, PANSS,
speech analysis, acoustic features, natural language processing

1. Introduction
1.1. Background

Schizophrenia-spectrum disorders (SSDs) carry a substantial
personal and societal burden [1]. Measuring speech and lan-
guage aberrations offers a non-invasive, scalable window into
the emotional and cognitive disruptions central to these disor-
ders [2, 3, 4]. Speech and language aberrations in SSDs may be
more prominent when speaking in an emotional context [5].

Advances in automated speech analysis and natural lan-
guage processing have provided initial evidence that acoustic,
prosodic, and linguistic markers can objectively index psychotic
symptoms and differentiate individuals with SSD from healthy
controls [6, 7, 8, 9, 10]. However, few studies use speech
elicited through personal emotional narrative, despite evidence
that speech disturbances in SSDs are particularly reactive to
affective conditions [5]. This combination of narrative struc-
ture and emotional content remains underexplored as a source
of computational markers.

1.2. Data

To address this gap, I use a clinical dataset where speech was
elicited in an emotional context [5]. Data were obtained from
the MPP-S study (Modified Psychodynamic Psychotherapy for
Patients with Schizophrenia - a Randomized Controlled Effi-
cacy Study; ClinicalTrials.gov ID: NCT02576613), conducted
by the Charité Berlin and the International Psychoanalytic Uni-
versity.

Speech samples were collected in German using the Nar-
rative Emotion Task (NET) [11], a semi-structured interview
assessing social cognition. The NET captures how individuals
make sense of emotional events. Trained clinicians adminis-
tered it without time limits, prompting participants to respond to
four emotion prompts in random order: happy, sad, anger, and

fear. For each emotion, three questions were posed: a definition
(e.g., "What does (emotion) mean?”), a personal narrative (e.g.,
“Tell me about a time when you felt (emotion).”), and a causal
attribution (e.g., ”Why did that make you feel (emotion)?”). On
average, the interview took 7.5 minutes [12].

1.3. Hypotheses

The majority of previous automated speech analysis studies in
SSD have examined speech elicited on neutral topics, which
may be less sensitive to group differences than speech in emo-
tional contexts [5]. Beyond quantification of group differences,
speech analysis may provide insights into within patient associ-
ations with symptom profiles and/or prognostic utility.

In my PhD research, I analyse group differences in speech,
and associations with symptoms cross-sectionally and longitu-
dinally, in the context of a task requiring emotional reflection
[13, 10]. It is organised around three research questions:

RQ1: Does emotional alignment (EA) [14], an automated
measure of social cognition derived from narrative speech in
the emotional context of the NET, discriminate healthy con-
trols (HC) from SSD?

RQ2: Can acoustic features of speech elicited in the NET (a)
HC from SSD population and (b) schizophrenia (SCZ) from
schizoaffective-disorders (SZA)?

RQ3: Can acoustic, linguistic, and emotion features predict
individual Positive and Negative Syndrome Scale (PANSS
[15]) item scores cross-sectionally and longitudinally, and
which features most strongly track clinically observed symp-
toms?

This submission forms one out of two studies within my PhD
thesis.

1.4. Progress Report
I have completed RQ1 and RQ2. RQ3 is in progress.

2. RQ1: Emotional Alignment for Group
Classification

Original study: Bradley et al. [14] proposed a rapid method
of quantifying abnormal emotion processing: how similar is
a participant’s emotional response to the typical response to
the same stimulus? A deep learning model generated multi-
emotion vector per participant; the emotional alignment (EA)
score reflects the similarity between a participant’s emotion vec-
tor and the average emotion vector of controls on a continu-
ous scale. Bradley et al.[14] reported impaired EA in patients
(u = 0.45, 0 = 0.15) relative to controls (. = 0.55, 0 = 0.13)
in a task eliciting emotional speech.
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Given that the NET similarly elicits emotional speech and
the MPP-S patient cohort is larger (n = 95) than the original
study (n = 37), I anticipated finding significant group differ-
ences in EA score from NET data in the MPP-S study.

Method: NET interviews were automatically transcribed
and manually reviewed. I manually segmented transcripts into
4 segments (one per emotion).

Results: At the whole-interview level, EA did not dis-
tinguish HC from SSD in the MPP-S cohort (t = —1.20,
p = .24). At the emotion level, only Anger was found sig-
nificant (¢t = 2.81, p = .01), with HC showing higher EA score
than SSD, consistent with Bradley et al.’s [14] direction of ef-
fect. For Happy, Fear, and Sad, the direction reversed: SSD
scored numerically higher than HC, though none of these dif-
ferences were significant.

Conclusion: Four factors may explain this divergence from
Bradley et al. [14]. First, the original study recruited only male
patients, while the MPP-S cohort includes both sexes. Second,
the small HC sample (n = 17) here may have poorly esti-
mated the distribution of typical emotional responses. Thirdly,
the paradigm used by Bradley et al, involving viewing of emo-
tional videos, may be more sensitive at eliciting speech differ-
ences than reflecting on past emotional experiences as in the
NET. Fourthly, Bradley et al. did not stratify their analysis by
emotion, so it is unknown whether their discrimination between
groups differed by specific emotions.

EA’s ability to distinguish SSD from HC in the MPP-S co-
hort was present only in the Anger condition, which echoes the
finding of Docherty et al, 1998 [5].

3. RQ2: Acoustic Classification of Healthy
and Diagnostic Groups

For RQ2, I used acoustic features to classity (a) HC vs. SSD
and (b) SCZ vs. SZA. The sample comprised 112 participants
(17 HC, 70 SCZ, 25 SZA), but one healthy control was dropped
due to missing demographic data, leaving 111 for analysis.

Acoustic Features: Features were extracted via Parsel-
mouth/Praat [16] and openSMILE [17]. Filtering a priori based
on clinical markers for SSDs and applying Pearson correla-
tion threshold |r| > 0.8 resulted in twelve acoustic features
for modelling: temporal-prosodic features (speaking rate, pause
rate, phonation ratio), affective flattening proxies (fundamen-
tal frequency Fp as a proxy for pitch monotonicity, and inten-
sity standard deviation), laryngeal-motor-control indices (jitter,
shimmer, harmonics-to-noise ratio), and articulatory precision
measures (first and second formant bandwidths); Spearman cor-
relations reported alongside to guard against outlier sensitivity.

Training: XGBoost [18] classifiers were trained under a
nested cross-validation setup to obtain unbiased generalisation
estimates. The outer loop used 5-fold StratifiedKFold
[19]; the inner loop used 3-fold GridSearchCV [19] per-
forming a search over the XGBoost hyperparameter grid, se-
lecting models by macro-F. For binary and three-class classi-
fication task we compared two feature sets: demographics only
(age, sex) and demographics combined with the twelve selected
acoustic features. Final models were refit on the full sample
using the best hyperparameter configuration.

Results: Using age and gender alone, outer CV macro
F1 was 0.45 £ 0.12 (2-class: HC/SSD) and 0.30 4 0.05 (3-
class: HC/SCZ/SZA); adding acoustic features improved these
to 0.87 & 0.21 and 0.57 & 0.11, respectively. For the three-
class task, acoustic features identified HC (F1 = 0.86) and

SCZ (F1 = 0.77), but the model struggled to recognise SZA
(F1 = 0.21).

Conclusion: Acoustic features in the speech captured un-
der emotional context during the NET task carry signal well be-
yond age and gender, robustly separating SSD from HC. How-
ever, they fail to resolve SCZ from SZA. This difficulty reflects
clinical findings: Maj et al. reported inter-rater agreement of
only 0.40 for the SCZ/SZA distinction across five centres [20],
underscoring that this boundary is inherently unstable.

4. RQ3: PANSS Item Score Prediction

Moving from classification to symptom-level prediction can
capture the nuances of speech and language aberrations in emo-
tional context, offering more clinically relevant insight into
symptomatology in SDDs [10, 21, 22].

Data: Samples are available across five timepoints: n; =
95, n2 = 95, n3 = 70, nga = 40, ns = 70, enabling repeated-
measures analysis. Given the limited sample size, PANSS items
will be hand-selected based on established speech-behaviour
correlates [23, 24], alignment with the NET’s emotional elic-
itation design, and clinician input [22].

Analyses will be conducted at three granularities: (i) full
NET interview, (ii) four emotion segments, and (iii) twelve seg-
ments (three questions per emotion).

Method: Analysis proceeds in two steps. First, Pearson
and Spearman correlations will be computed between acoustic
features, emotion probability scores, and selected PANSS items.
Second, a linear mixed-effects model with a random intercept
per patient will be fitted separately for each of four feature sets,
with regularisation.

Four feature sets will be used: (a) confounders only (age,
sex, country of birth); (b) (a) plus six emotion probability scores
using a public model [25] ; (c) (a) plus the 11 acoustic features
from RQ2; and (d) (a) plus text embeddings, PCA-reduced to
80% explained variance.

Performance will be reported as RMSE under patient-
grouped, nested 5-fold cross-validation.

A technical challenge is automatic audio segmentation,
with quality control, which is aligned with RQ1 transcript seg-
mentation.

5. Concluding remarks

Results from RQI1 and RQ2 demonstrates that emotionally-
elicited speech carries clinically meaningful signal for auto-
mated SSD assessment: acoustic features robustly separate SSD
from HC, while EA score shows prompt-dependent sensitivity,
highlighting the importance of elicitation design in computa-
tional psychiatry. RQ3 will extend this to symptom-level pre-
diction, moving towards a longitudinal analysis, generating ev-
idence for a speech-based monitoring framework.

I hope the Doctoral Consortium will provide feedback on
both the methodological choices and the translational potential
of this work.
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Abstract

Text-to-audio generation has advanced rapidly, producing re-
markably diverse and high-fidelity audio from free-form nat-
ural language descriptions. However, these models still offer
only coarse control and cannot customize the generated audio
as users intend. We therefore aim to build a holistic modeling
paradigm for controllable audio generation, extending the con-
trol capability across timing, long-form, acoustic, and speech
content. We further identify four key research questions span-
ning data construction, model architecture, inference efficiency,
and multi-task co-optimization. To this end, we develop four
works, FreeAudio, ControlAudio, AnyAudio, and FreeSonic,
that progressively tackle these questions and achieve strong ex-
perimental results. In the future, we will develop a more holistic
modeling paradigm for accurate and versatile controllable audio
generation that resolves these research questions.

Index Terms: audio generation, latent diffusion, controllability

1. Introduction

Latent diffusion models have driven rapid progress in text-to-
audio (TTA) generation [1, 2, 3, 4]. By learning to denoise in a
compressed latent space, these models synthesize diverse, high-
fidelity audio from natural language descriptions (e.g., “A bird
is chirping”), and are approaching the quality frontier set by
dedicated sound design tools. The recent adoption of scalable
diffusion transformers has further advanced both the fidelity and
efficiency of audio generation [5, 6, 7, 8].

Despite this progress, real-world applications such as film
and game sound design demand not merely open-ended syn-
thesis but fine-grained, multi-dimensional controllability. How-
ever, prevailing TTA models still struggle to provide such con-
trol with the precision and breadth that real-world applications
require. We identify four key dimensions that most constrain
current TTA performance, namely timing, long-form, acoustic,
and speech content. Timing refers to the precise temporal place-
ment and duration of each sound event (e.g., “a dog barking at
2—4 seconds”). Long-form denotes the coherent and globally
structured generation of extended audio (e.g., “a two-minute
narrative”). Acoustic concerns the independent manipulation
of perceptual attributes such as loudness and timbre (e.g., “light
rain and loud thunder”, or matching the timbre of a reference
recording). Speech content captures the intelligibility and se-
mantic fidelity of spoken audio (e.g., “a man says ‘Today is a
sunny day’, then a girl responds ‘Hello daddy’ ). These con-
trols are not orthogonal. In speech-related audio, the timing of
speech content and other events must be aligned [13]. In addi-
tion, every control becomes harder as the audio gets longer.

However, existing methods typically support only part of
these controls, falling short of a holistic modeling paradigm, as

summarized in Table 1. Training-based methods learn control
through dedicated modules and supervised objectives, which
improve performance but demand large-scale annotated data,
dedicated architectures, and training pipelines [14, 15]. More-
over, each new control signal typically calls for retraining or an
additional module, limiting their extensibility to new attributes.
Training-free methods instead exploit the scalable capabilities
of pre-trained audio diffusion models, steering the sampling
process at inference time through attention manipulation, latent-
space planning, or gradient guidance [16]. This paradigm un-
locks more flexible and composable control at near-zero train-
ing cost, although it often sacrifices precision and stability com-
pared with its training-based counterpart [17, 18].

We hypothesize that a progressively trained backbone can
accurately model heterogeneous controls, while composable
attention-, latent-, and waveform-level inference guidance can
extend it to new attributes without retraining. Toward this goal,
we present four complementary works that investigate these two
routes across timing, long-form, acoustic, speech-content, and
editing control, providing initial evidence toward a unified, ac-
curate, and extensible framework:

* FreeAudio [19]: a training-free temporal planning approach
for timing-controllable long-form audio generation.

¢ ControlAudio [20]: a training-based approach that progres-
sively integrates text, timing, and phoneme conditions for ac-
curate timing and intelligible audio generation.

¢ AnyAudio [21]: a training-free method that steers generation
via differentiable guidance on attention maps, latent spectra,
and waveforms for timing, long-form, and acoustic control.

* FreeSonic [22]: a training-free temporal-aware decoupled at-
tention mechanism for precise and faithful audio editing.

2. Research Questions

The key to holistic controllable audio generation is to support

multiple controls simultaneously while minimizing the conflicts

among them. However, no existing method can support all these

controls simultaneously. This gives rise to four tightly cou-

pled research questions, spanning data construction, architec-

ture design, inference efficiency, and multi-task optimization.

We elaborate on each question and its core challenge below:

* RQI: Training-based control requires costly annotation of
multiple signals, especially for long-form audio.

* RQ2: A scalable architecture must encode heterogeneous sig-
nals and jointly model all control dimensions.

¢ RQ3: Training-free control often requires iterative inference-
time optimization, increasing sampling cost.

* RQ4: Joint optimization creates task interference, risking the
performance of individual controls.



Table 1: Comparison of existing and our proposed methods across various control aspects and capabilities. v' and X denote whether a
capability is supported, while — marks general semantic pre-trained models trained on 10-second datasets.

Existing Methods Ours
AudioLDM [1] Stable Audio Open [8] SaFa[9] VoiceLDM [10] Fugatto [11] T2A-Adapter [12] FreeAudio ControlAudio AnyAudio FreeSonic
semantic v v v v v v v v v v
timing X X X X v v v v v v
long-form X v v X v X v X v v
acoustic X X X X X v X X 4 X
speech X X X v v X X v X X
training-free - - v X X X v X v v
efficiency v v X v X v X v X v
3. Method Table 2: Evaluation on the AudioCondition test set. For each

We develop four works to realize this paradigm, all built
on a shared latent audio diffusion backbone pre-trained on
large-scale 10-second audio-text pairs [23, 24, 25]. FreeAu-
dio leverages LLM planning to decompose a caption into
non-overlapping time windows, then decouples and aggregates
cross-attention outputs to align each window for precise tim-
ing, while fusing overlapping latent segments for coherent long-
form generation. AnyAudio steers the sampling trajectory via
differentiable losses that operate on cross-attention maps for
timing, on latent spectra for long-form coherence, and on de-
coded waveforms for acoustic attribute matching, all compos-
able within a single inference pass. In contrast, ControlAudio
takes the training-based route and recasts controllable genera-
tion as progressive diffusion modeling over text, timing, and
phoneme conditions. It is supported by a dedicated data con-
struction pipeline, multi-stage progressive training, and coarse-
to-fine guided sampling, attaining accurate timing together with
intelligible speech. Finally, FreeSonic performs training-free
audio editing on a rectified-flow [26, 27] model, confining edits
to the target region while preserving the unedited content.

For timing control, we evaluate on the AudioCondition test
set [14], which contains 1110 clips with frame-level tempo-
ral annotations. We compare against TTA pre-trained mod-
els such as AudioLDM [1], AudioLDM 2 [2], Stable Audio
Open (SAO) [8], and TangoFlux [7], as well as the training-free
method TG-Diff [28] and training-based methods AudioCom-
poser [29] and T2A-Adapter [12]. As shown in Table 2, Con-
trolAudio achieves the best timing control among all methods,
while FreeAudio and AnyAudio, despite being fully training-
free, achieve competitive timing control and generation quality.
For long-form generation, we evaluate on the AudioCaps test
set [24] and MusicCaps [30] at target durations of 26 and 90
seconds, comparing against AudioLDM, AudioGen [31], Audi-
oLDM 2, Stable Audio Open, MusicGen [32], and SaFa [9]. As
shown in Table 3, both FreeAudio and AnyAudio consistently
maintain stable generation quality across extended durations.

These four works each attempt to address different research
questions within the latent audio diffusion framework. Contro-
IAudio addresses RQ1 through its data construction pipeline,
RQ2 through unified semantic modeling of heterogeneous con-
ditions, and RQ4 through progressive multi-stage diffusion
training. FreeAudio and AnyAudio sidestep RQ1 and RQ4 by
requiring no training or annotation, though their additional in-
ference cost remains the limitation posed by RQ3. FreeSonic
also operates training-free and addresses RQ3 through efficient
rectified-flow inversion, though its control capability remains
limited. A unified solution that jointly resolves all four research
questions within a single framework remains an open challenge
and constitutes the primary goal of this thesis.

metric, the best result is bold and the second-best is underlined.

Method Ebt At FAD| KL| CLAP}
Ground Truth 4337 6153 - - 0.377
AudioLDM 921 4935 414 218 0378
AudioLDM 2 633 4767 300 177 0423
Stable Audio Open 337 4521 3.2 287  0.280
TangoFlux 593 5397 258 186  0.494
TG-Diff 2670  60.06  2.66 - 0.244
AudioComposer-S 4351 6083 457 199  0.284
T2A-Adapter 5436 6826 187 153 0307
FreeAudio 4434 6850 192 173 0321
AnyAudio 4862 7512 178 180 0427
ControlAudio 5558 7942 261 185 0325

Table 3: Evaluation of long-form generation on the AudioCaps
test set and MusicCaps at different output durations.

AudioCaps MusicCaps
Method Sec.
FAD| FD] CLAPT FAD| ISt  CLAPt

AudioLDM 10 8.37 37.27 0.200 6.34 249 0.220
AudioGen 10 172 13.29 0.270 4.55 224 0.180
AudioLDM 2 10 1.97 26.34 0.220 2.80 2.84 0.230
SAO 10 3.15 29.01 0.210 323 2.94 0.230
AnyAudio 10 1.48 19.83 0.536 1.67 3.96 0.392
AudioLDM 26 5.99 35.31 0.409 3.64 2.79 0.427
AudioGen 26 3.38 19.07 0.338 5.69 243 0.318
AudioLDM 2 26 4.26 28.71 0.406 3.16 3.29 0.361
SAO 26 4.17 28.82 0.281 2.94 2.99 0.410
SaFa 26 3.98 23.30 0.494 3.08 3.00 0.407
FreeAudio 26 1.85 16.21 0.527 246 2.17 0.359
AnyAudio 26 1.59 20.98 0.531 1.81 3.77 0.409
AudioLDM 90 4.81 28.49 0.430 3.74 2.74 0.428
AudioGen 90 3.38 20.37 0.314 6.12 2.27 0.306
AudioLDM 2 90 7.75 35.94 0.356 5.09 3.34 0.327
SaFa 90 4.08 24.69 0.485 234 3.09 0.410
FreeAudio 90 219 19.95 0.495 2.57 229 0.342
AnyAudio 90 1.74 2241 0.515 1.93 3.90 0.391

4. Future Work

While our works have made progress on research questions,
several key directions remain open. First, we plan to unify the
training-based and training-free routes into one framework that
retains the fidelity of the former and the extensibility of the
latter, for example by learning a strong controllable backbone
and augmenting it with composable training-free guidance for
new attributes. Second, we aim to reduce the inference cost of
training-free control, exploring techniques such as distillation
or sampling acceleration to replace iterative per-step guidance.
Third, we will extend the paradigm to further control aspects
such as spatial audio, emotion, and speaker identity. Finally,
we plan to establish a unified evaluation protocol and bench-
mark for multi-dimensional controllability, enabling systematic
evaluation of compositional control in real creative workflows.



5. Generative AI Use Disclosure

Generative Al tools were used for the sole purpose of editing
and polishing the manuscript’s language to improve clarity and
readability. These tools were not used to generate any scientific
content, data, or conclusions. The author reviewed and edited
the final manuscript and takes full responsibility for the accu-
racy and integrity of the work.
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Abstract

Speech foundation models (SFMs) encode broad multilingual
and acoustic-linguistic knowledge directly in their parameters.
Deploying them in the real world for extending coverage to
low-resource languages, new domains, and individual users is a
continual learning problem: the model must acquire new capa-
bilities without forgetting existing ones. Yet naive fine-tuning
catastrophically overwrites what a model already knows, and
external retrieval (RAG) cannot supply a capability that must
live in the weights. This doctoral research asks how linguistic
and semantic knowledge is organized inside speech models, and
how that organization can be exploited to acquire new knowl-
edge while retaining existing knowledge. Initial work uncovers
a “Semantic Valley” in the Whisper decoder, which is a band of
middle layers holding language-agnostic semantic knowledge.
Depth-Aware Model Adaptation (DAMA) exploits it to absorb
anew language while keeping source-language WER stable, us-
ing roughly 80% fewer trainable parameters than LoRA. Future
work extends this to continual, multi-step adaptation, speech-
native data selection, and beyond-Transformer architectures for
unbounded speech streams.

Index Terms: speech recognition, parametric knowledge, con-
tinual learning, catastrophic forgetting

1. Introduction

Consider a speech foundation model (SFM) [1, 2] such as Whis-
per deployed as the multilingual backbone of a transcription or
voice-assistant service. Over its lifetime it is repeatedly asked
to do something it was not originally trained for: support a
newly requested low-resource language, handle a new acoustic
domain, or adapt to an individual speaker. Retraining the whole
model from scratch on each request is infeasible, yet every in-
cremental fine-tune risks silently erasing languages the model
already serves. Deployment is therefore a continual learning
problem: the model must stay plastic enough to acquire new ca-
pabilities while remaining stable enough not to forget old ones.

Two intuitive solutions both fail for this setting. First, exter-
nalizing knowledge like the Retrieval-Augmented Generation
(RAG) [3, 4, 5] paradigm works when the missing item is a fact
one can look up, but recognizing a previously unseen language
is a capability that cannot be retrieved; it has to be encoded in
the parameters. Externalizing raw audio also incurs unaccept-
able latency and privacy risk for real-time use, and transcribing
it to text discards the paralinguistic detail that carries part of
the signal. Second, naive full-parameter fine-tuning writes new
knowledge into the weights, but it indiscriminately overwrites
existing knowledge, causing catastrophic forgetting [6].

My dissertation approaches this through representation
analysis followed by anti-forgetting adaptation: first locating
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(a) Five Seen Languages. (b) Ten Unseen Languages.

Figure 1: Layer-wise probing accuracy for different languages.

where linguistic knowledge resides inside an SFM, then de-
signing parameter-efficient adaptation that adds new capabili-
ties without disturbing existing ones, and finally sustaining this
over a continual stream of adaptations. The first step is method-
ologically reminiscent of the locate stage in knowledge editing
for large language models; but the objective here is to preserve
and extend distributed capabilities, not to rewrite discrete facts,
placing the work squarely in continual learning.

2. Research Questions

* RQ1 (Localization). How is linguistic and semantic knowl-
edge distributed across the internal layers of a speech foun-
dation model and how can that structure be exploited to adapt
the model to a new language or domain?

* RQ2 (Retention). How can we extend adaptation to a contin-
ual setting where many sequential adaptations over shifting
distributions and where forgetting compounds across steps?

* RQ3 (Evolution). When adaptation never stops over un-
bounded speech streams, which incoming audio should be
retained or discarded under a bounded budget (data level),
and what architectures can sustain life-long model updating
(architecture level)?

3. Current Progress & Results (RQ1)

Initial work probes how a base speech model stores knowledge
across its internal layers [7, 8]. A layer-wise linear-probing
analysis for Language Identification (LID) on the Whisper
decoder, as Figure 1 reveals a U-shaped pattern of plastic-
ity: early and late layers carry highly language-specific fea-
tures, whereas the intermediate layers are largely insensitive
to language identity, forming a “Semantic Valley” that holds
language-agnostic, shared semantic knowledge [9]. This or-
ganization is exactly what naive adaptation destroys. Standard
full-parameter fine-tuning (FFT) erases the Semantic Valley and
triggers severe catastrophic forgetting: after adapting the model
to Kinyarwanda, the Word Error Rate (WER) on the source lan-
guage English collapses from 11.09% to 105.50%.

To prevent this, we developed Depth-Aware Model Adap-
tation (DAMA) as Figure 2, which uses the localization above
to protect shared knowledge while adapting. DAMA intro-
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Figure 2: Overview of the DAMA Framework compared with LoRA. (a) The standard LoRA with uniform rank. (b) The DAMA
Framework. Specifically, the Depth-Aware Rank schedule allocates high plasticity to the early and late layers, while the Basis-Protected
Projection physically locks the middle layers to protect “Semantic Valley”. All layers mean all the layers from the decoder. The decoder
processes acoustic embeddings from the encoder and transcribes them into output tokens.

Table 1: Performance comparison using Average WER and pa-
rameter efficiency on Common Voice and FLEURS. The right-
most column separately reports additional MACs .

Unseen Languages Seen-Weak

Method Params M) (- ee T FLEURS  FLEURS ~ Average | ExtraMACs (G)
Fine-tuning 906.5 43.87 50.05 27.55 41.34 -
LoRA [12] 68.2 43.25 47.13 25.19 39.71 102.2
DoRA [13] 68.7 43.61 46.46 25.24 39.73 14154
LoRA-FA [14] 341 46.00 48.56 25.65 41.55 51.1
LoRA-XS [15] 1.3 57.36 55.23 30.29 50.06 104.2
VB-LoRA [16] 49 59.81 50.75 28.00 49.59 7583
AdaLoRA [17] 51.1 51.66 52.36 28.41 46.02 76.7
DAMA (Ours) 14.9 43.20 47.25 25.26 39.73 22.3
duces: a Depth-Aware Rank Schedule that allocates higher

adaptation capacity to the plastic early/late layers and restricts
rank in the middle layers; SVD-based Initialization that updates
only along trailing singular vectors to avoid semantic drift; and
Basis-Protected Projection (BPP) that physically locks the pro-
jection bases within the middle layers. Evaluated across 18 low-
resource languages on Common Voice [10] and FLEURS [11],
DAMA matches the accuracy of standard LoRA while using
roughly 80% fewer trainable parameters as Table 1 shows. Fi-
nally, it keeps English WER stable at 12.56% after adaptation,
preventing the forgetting seen under FFT.

3.1. Key challenges.

DAMA prevents forgetting in a single, static adaptation step,
only for one new language or domain. However, for lifelong use
raises three problems it does not face. (i) Applied sequentially,
gradient interference between steps lets catastrophic forgetting
re-accumulate (RQ2). (ii) Existing coreset/data-selection algo-
rithms are text-centric, relying on lexical semantics and dis-
carding the paralinguistic information that distinguishes speech
(RQ3.1, data). (iii) Patching a frozen backbone is limited, since
the transformer architecture has no native mechanism for re-
taining knowledge over time motivating retention built into the
model itself (RQ3.2, architecure).

4. Plans for the Future (RQ2 & RQ3)

Continual Tuning (RQ2) The current DAMA framework has
been extended into a Continual Depth-Aware Model Adapta-
tion framework. By freezing the Semantic Valley while apply-
ing dynamic subspace projection and orthogonal gradient up-
dates, the system aims to incrementally absorb new acoustic-
linguistic knowledge without erasing prior knowledge. This
will be stress-tested on extremely low-resource Pacific Indige-

nous languages [18] to simulate the large distribution shifts en-
countered in multi-user, real-world deployment.

Speech-Native Data Selection & Benchmarking (RQ3.1) Re-
hearsal based methods have been widely used in speech contin-
ual learning [19, 20, 21, 22]. A coreset selection algorithm will
score “acoustic salience” and “semantic density” to decide, in
real time, which raw audio segments carry knowledge worth
retaining, summarizing, or discarding. I will intergrate it with
the reinforcement learning [23] and treat the anti-forgetting as
the reward. A comprehensive benchmark for speech knowledge
retention will also be constructed alongside it to estimate the
performance [24, 25, 26].

Architectural Innovations (RQ3.2) As a longer-term direc-
tion, I will investigate whether retention can instead be built in:
a native memory layer, in the spirit of intrinsic-memory archi-
tectures, that consolidates incoming acoustic-linguistic knowl-
edge into a parameterized store updated as new data arrive [27,
28, 29]. The Semantic-Valley findings from RQ1 would guide
its design, where such memory should be placed across depth,
and which representational subspaces it should read from and
write to distinguishing it from text-centric models. This recasts
continual learning from an external constraint into an architec-
tural property, positioned as the aspirational endpoint of the the-
sis rather than a near-term deliverable.

5. Main Contributions

This thesis reframes adaptable, long-context speech model-
ing as a continual learning problem solved from inside the
model. Its contributions are: (i) a representation-level ac-
count of where linguistic knowledge resides in a speech founda-
tion model, identifying the Semantic Valley in middle decoder
layers that hold language-agnostic representations; (ii) Depth-
Aware Model Adaptation (DAMA), a localization-guided, anti-
forgetting method that absorbs a new language in a single step
while preventing catastrophic forgetting at a fraction of the
trainable parameters of standard LoRA; and (iii) a roadmap
from single-step to lifelong adaptation with a continual ex-
tension of DAMA (RQ2), speech-native data selection with
a retention benchmark (RQ3.1), and, as the aspirational end-
point, architecture-native retention guided by the Semantic Val-
ley (RQ3.2). Together these chart a scalable route to multilin-
gual speech foundation models that can be continually extended
without forgetting what they already do.
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Abstract

The expression and perception of human speaking styles are
inherently continuous and unbounded in nature. Yet conven-
tional approaches collapse this continuum into discrete labels
or rigid taxonomies that are costly to annotate and too coarse
to capture how speech actually varies. Natural language offers
a compelling alternative: it is open-ended and compositional
enough to describe speaking styles at the resolution at which
they occur, and it provides a shared medium for both perceiving
and producing them. In my work, I explore natural language
as an interface to build paralinguistic-informed speech frame-
works that can improve speech understanding and expressive
speech generation. In the scope of this paper, we present the re-
search questions that motivate us, our contributions and a brief
outline on future work.

Index Terms: computational paralinguistics, speaking style
captioning, emotion, speech generation

1. Motivation and research questions

Until recently, computational models of speech paralinguistics
represented emotion as a small set of discrete categories (hap-
piness, sadness, neutral, anger etc.), grounded in the categori-
cal theories of Ekman [1] and Plutchik [2]. This paradigm is
convenient but fundamentally lossy: human expressivity is con-
tinuous, compositional, and high-dimensional, and collapsing
it into a handful of labels limits how faithfully we can either
understand or generate expressive speech.

To move beyond this, a growing body of work has adopted
natural language as the medium for paralinguistic information,
given that it provides a human-interpretable, open-ended, and
continuous representation capable of describing how speech is
delivered at the resolution at which it actually varies. My thesis
investigates natural language as an inferface to paralinguistic
speech: a single medium through which expressive speech can
be aligned with language, described, generated under linguistic
control, and rigorously evaluated.

Developing this interface is currently held back by two
broad, cross-cutting challenges.

(C1) Data scarcity: The lack of diverse, scalable speech
corpora with natural-language paralinguistic annotations

(C2) Evaluation: Standard metrics fail to assess open-
ended outputs (e.g., free-form captions, style-conditioned au-
dio), lacking reliable measures for quality and faithfulness.
These challenges span our research: data scarcity is addressed
by introducing new datasets (RQ1, RQ3) and developing an
annotation-free method (RQ2), while open-ended outputs ne-
cessitate novel evaluation paradigms (RQ1, RQ3, RQ4).
Research Questions (RQs) :

RQ1 (Speech-natural language alignment). How can we

Natural-language speaking-style descriptions

style instructions, captions, prompts

Y
Alignment Generation Understanding Evaluation
Cross-modal Expressive Speaking-style Benchmarking

representations speech synthesis captioning instructable TTS

T

|

|

I

|

Y

Expressive speech

Figure 1: Natural language as an interface to expressive speech,
explored across four dimensions - cross modal alignment, ex-
pressive speech synthesis, speaking style captioning, and the
evaluation of instruction-guided TTS

learn joint speech—language embedding spaces that align emo-
tional speech with natural-language style descriptions while
preserving the continuous, ordinal structure of emotion, and use
them for speech-emotion retrieval?

RQ2 (Natural language guided speech generation). How
can natural language serve as a control medium for expressive
speech generation without relying on scarce, explicitly labeled
style data?

RQ3 (Speech understanding via Natural Language). Speech
large language models (SpeechLLMs) take speech in and pro-
duce free-form text out. How can we steer them to caption par-
alinguistic speaking style on demand, and how do we evaluate
generations that are open-ended rather than categorical?

RQ4 (Benchmarking Natural language guided speech gen-
eration). As natural-language-guided speech generation sys-
tems proliferate, how do we reliably benchmark their controlla-
bility and faithfulness, measuring not just whether instructions
are followed, but whether outputs are grounded in the signal?

2. Key contributions

My thesis explores the connection between natural-language
speaking-style descriptions and expressive speech across sev-
eral dimensions and tasks as shown in Fig. 1. In each di-
mension, we pose key questions (KQs) that push the field for-
ward, while the setup remains constant: the models operate
over speech and natural-language speaking-style descriptions,
and the goal is to tie the two together faithfully.
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The first dimension is alignment: how to build joint em-
bedding spaces that align the continuums of dimensional speech
emotion and natural-language speaking-style descriptions. The
second extends this connection to generation, using natural lan-
guage to control expressive synthesis, with a focus on conversa-
tional speech. The third turns to speech understanding, exam-
ining how large audio-language models perform speaking-style
captioning. Finally, we shift to evaluation, benchmarking the
controllability of instructable text-to-speech (TTS) models.

3. Methods
3.1. Cross-modal alignment

KQ: How can we build a joint embedding space for natural-
language speaking-style captions and speech emotion that
preserves the continuous, ordinal structure of emotion
rather than collapsing it into discrete categories?

In the first dimension, we examine contrastive language—
audio pre-training (CLAP) as a means of aligning natural-
language speaking-style descriptions with speech emotion.
Prior methods naively align audio samples with their corre-
sponding text prompts using a symmetric cross-entropy loss [3,
4,5, 6], treating each pair as an isolated positive. This ignores
the relative ordering between emotions and yields a wide audio—
text modality gap, which in turn limits fine-grained, inter-
emotion understanding. To address this, we adopt the Rank-N-
Contrast objective [7] to learn an ordered representation space,
supervising the geometry with dimensional emotion attributes
(valence and arousal) so that embeddings are arranged by emo-
tional similarity rather than merely clustered by pair.

The proposed method, EmotionRankCLAP [8], substan-
tially narrows the modality gap: it reduces the Maximum Mean
Discrepancy (MMD) [9] between the audio and text spaces to
0.087 and the Wasserstein distance [10] to 0.065, compared
to 0.096,/0.180 for CLAP-SCE and 0.444/0.417 for SupCon-
CLAP (lower is better). The same ordinal structure trans-
fers to downstream speech-emotion retrieval, where Emotion-
RankCLAP achieves the highest arousal and valence ordinal
consistency (Kendall’s 7 of 0.552 and 0.616), outperforming
all CLAP baselines including CLAP-SCE (0.492/0.505) and
prior models such as CLAP4emo (0.284/0.533) and ParaCLAP
(0.283/0.217).

3.2. Expressive speech generation

KQ: In a natural conversational setting, can we utilize the
spoken text itself as context to control the speaking style of
a text-to-speech (TTS) system?

In the second dimension, we extend the connection from
understanding to generation. Prior emotional TTS methods
produce well-articulated emotion only by relying on explicit
emotion labels or a stylistically matched reference utterance—
neither of which is available in conversational use. We develop
TEMOTTS [11], a reference-free framework built on global-
style-token codebooks [12] and FastSpeech2 [13], premised
on the natural correlation between spoken words and affective
prosody: the text itself supplies the emotional control signal.

Among reference-free models, TEMOTTS is both more in-
telligible and more emotionally faithful. It attains the low-
est error rates (CER 4.08%, WER 13.11% versus 8.22/18.57
for VITS [14] and 6.88/18.34 for FastSpeech2, is chosen best
in 80.95% of Best-Worst Scaling comparisons for emotion-
faithfulness (worst in only 1.90%), and achieves the highest

MOS (3.75 £ 0.06).

3.3. Speaking style captioning

KQ: Can large audio-language models describe speaking
style on demand, generating captions that target a requested
stylistic dimension and stay grounded in the speech signal?

Next, we focus on speech paralinguistics understanding.
Although large audio-language models excel at tasks like au-
tomatic speech recognition and Q&A, paralinguistic caption-
ing lacks a unified task formulation or evaluation paradigm.
This ambiguity exists because speaking style is subjective and
spans interacting factors like speaker identity, affect, prosody,
and contextual delivery. To address this, we reformulate
speaking-style captioning (SSC) as an instruction-following
audio-language task. By using explicit instructions to specify
which aspect of style the model should describe, SSC becomes
controllable and tailored to downstream intent, rather than pro-
ducing a single, generic description.

We introduce StylelnstructCaps, the first standardized
benchmark for controllable SSC. It evaluates captions across
five axes: (1) metadata groundedness, (2) hallucination,
(3) instruction-following ability, (4) speaker-style consis-
tency, and (5) generalization to unseen speech and prompts.

To support this benchmark, we built a multi-style corpus
expanding on ParaSpeechCaps (PSC) [15]. This includes 2,900
hours of speech where each utterance is paired with six com-
plementary caption types: speaker identity, contextual delivery,
emotion, pragmatics, listener perception, and a holistic sum-
mary. These parallel annotations allow us to test whether mod-
els can isolate individual stylistic dimensions, integrate multiple
cues when required, and generalize across diverse conditions.

Evaluating nine SOTA audio-language models reveals that
task-aligned, instruction-diverse training is critical for SSC. Be-
yond generic large-scale pretraining, this targeted training im-
proves metadata groundedness, reduces hallucination, strength-
ens speaker-style consistency, and enables robust generalization
to new speakers, datasets, and prompting conditions.

4. Current and future research directions
4.1. Evaluating instruction-guided TTS

KQ: As natural-language prompts become the dominant
control interface for expressive TTS, how do we reliably
evaluate whether generated speech actually realizes the
emotion described in the prompt?

In the final dimension, we turn from building natural
language-guided systems to measuring them. Natural-language
prompts offer a continuous, free-form control surface that is
well suited to emotional speech, but their open-endedness
makes evaluation hard: there is no fixed label to check against,
and subjective listening tests are costly and slow. I plan to de-
velop InstructEmotionEval, a benchmark that quantifies cross-
modal emotion control in instruction-guided TTS along four
complementary axes. The benchmark spans four axes: cross-
modal alignment (does generated speech match the prompted
emotion, via CLAP-based retrieval and cosine similarity), emo-
tion monotonicity (do ordered prompts yield monotonically
ordered acoustic responses), disentanglement (does changing
one emotion axis leak into others), and emotion coverage (how
much of the valence—arousal-dominance space is reachable via
prompts). Together, these probe whether language is not merely
an expressive control interface, but also a faithful and complete
one, thereby extending the theme of groundedness in this thesis.
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Abstract

Human speech production is a complex sensorimotor process
involving coordinated neural activity in the brain, neuromus-
cular control of the articulators, and aeroacoustic interactions
within the vocal tract. Although several biomechanically driven
articulatory—acoustic models have been proposed for speech
synthesis, their high computational cost and limited geometric
fidelity remain major obstacles to real-time applications. In this
dissertation, we first develop a lightweight 2.5D acoustic wave
solver that efficiently approximates wave propagation in semi-
realistic vocal tract geometries. We then demonstrate its parallel
implementation on modern GPUs to achieve real-time perfor-
mance. Finally, we couple the acoustic solver with a biome-
chanical tongue model, enabling speech to be synthesized di-
rectly from tongue muscle activations and the resulting vocal
tract configurations. Collectively, these contributions advance
biomechanically driven articulatory modeling toward geometri-
cally realistic, computationally efficient speech synthesis.

1. Introduction
1.1. Motivation and Key Challenges

Vocal tract acoustic models synthesize speech from the geome-
try of the upper airway, which can be reconstructed from MRIs
[1] or CT [2] data. To reduce computational complexity, many
low-dimensional vocal tract models [3, 4, 5] represent the air-
way using a one-dimensional (1D) area function that describes
the variation of cross-sectional area along the tract centerline.
While such geometric representations are effective for acoustic
simulation, directly controlling the shape of a 3D airway or its
corresponding area function for speech synthesis remains chal-
lenging due to their high DOFs and the absence of biomechani-
cal constraints. As a result, the generated tract configurations
may not correspond to physiologically plausible articulatory
movements. These limitations motivate the use of biomechan-
ical models [6, 7, 8] that generate vocal tract geometries from
physically constrained tongue deformations. However, synthe-
sizing speech using such geometries requires an acoustic model
that has low computational cost and high geometric fidelity.

Developing such an acoustic model remains challenging.
For example, 3D wave solvers [9, 10] can approximate wave
propagation in realistic tract geometries but incur high compu-
tational cost. In contrast, 1D solvers [3] enable real-time speech
synthesis but offer limited geometric fidelity. They can only
model vocal tracts as straight cylindrical tubes. Furthermore,
the accuracy of their acoustic response is generally restricted to
the plane-wave propagation regime (i.e., up to 5 kHz). Conse-
quently, there remains a need for an acoustic model that bal-
ances computational efficiency with geometric realism.
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Figure 1: Modeling pipeline of a biomechanical-acoustic model
for real-time speech synthesis.

1.2. Research Objective

Figure 1 illustrates the proposed biomechanical-acoustic mod-
eling pipeline. The research is organized around three primary
objectives as follows:

¢ [Completed] Developing a lightweight acoustic model with
high geometric fidelity. The objective is to achieve a balance
between the computational efficiency of 1D models [3] and
the geometric realism of 3D solvers [10]. To this end, we pro-
pose a 2.5D acoustic model that approximates wave propaga-
tion in both the longitudinal and transverse directions while
accommodating mirror-symmetric vocal tract geometries.

[Completed] Accelerating the 2.5D wave solver using mod-
ern GPUs. The objective is to demonstrate that the pro-
posed 2.5D acoustic model can be efficiently parallelized on
modern GPUs. To this end, the time-domain wave equations
are implemented using CUDA-based parallel computing, en-
abling real-time simulation of vocal tract acoustics. The re-
sulting acoustic pressure samples are rendered through an au-
dio device in real time to support speech synthesis.

e [In Progress] Integrating the 2.5D model with a biome-
chanical tongue model for speech synthesis. The objective
is to establish a direct link between tongue biomechanics and
vocal tract acoustics. To this end, muscle activations gener-
ate physically constrained tongue deformations [11] and the
corresponding tract geometry. Once the tongue reaches a tar-
get configuration, the area function is extracted and supplied
to the 2.5D acoustic solver to simulate the resulting acoustic
response. This framework enables speech synthesis directly
from biomechanically generated tongue configurations.
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Figure 2: Modeling pipeline of a biomechanical-acoustic model
for real-time speech synthesis.
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1.3. Background Study

In 2D, a vocal tract is represented by a flat contour, typically ex-
tracted from the midsagittal slice of a 3D tube built from its area
function [5]. However, its practical advantages are limited. As
shown by Arnela and Guasch [12] for vowel synthesis, a direct
midsagittal representation yields inaccurate formant frequen-
cies and bandwidths compared with 3D simulations. Correcting
these discrepancies requires a nonlinear scaling of the tract ge-
ometry that substantially narrows constrictions, sometimes by
an order of magnitude. These narrow constrictions demand very
fine spatiotemporal resolutions, increasing computational cost
and preventing real-time performance. Consequently, despite
their lower dimensionality, 2D acoustic solvers have not yet pro-
vided a practical solution for real-time biomechanically driven
speech synthesis. Existing biomechanical-acoustic frameworks
instead couple articulatory models with either computationally
efficient but acoustically limited 1D solvers or computationally
expensive 3D solvers, leaving the integration of biomechanics
with real-time 2D acoustics largely unexplored.

2. Methodology
2.1. 2.5D Vocal Tract Model

The 2.5D model builds upon the rationale of 2D vocal tract
modeling while overcoming its main limitations. It employs
an extended 2D Finite-Difference Time-Domain (2.5D FDTD)
solver that simulates acoustic wave propagation in 3D geome-
tries that are symmetric along one dimension. This is achieved
by incorporating additional impedance terms derived from the
tube depth D, sampled at every grid point to form a depth
map. Combined with the midsagittal contour, the depth map
enables efficient simulation of 3D vocal tract acoustics using
computational resources comparable to those of a conventional
2D solver. Depth maps can be extracted from area functions.
Importantly, the 2.5D representation preserves the original vo-
cal tract proportions, eliminating the need for the area function
scaling and extremely fine spatiotemporal resolutions required
by conventional 2D approaches. At its core, the 2.5D model
solves the following wave equations:
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Here p and v denote the acoustic pressure and velocity, re-
spectively. The term Z represents the vocal tract surface dis-
placement along the z axis due to yielding walls. The param-
eters po and c represent the air density and speed of sound,
respectively. The scalar parameter 5 = 1 corresponds to air,
while 5 = 0 indicates the enforcement of a prescribed particle
velocity v,. This velocity can be provided either by an external
source, such as an excitation function or through the lossy wall
condition. Figure 2 illustrates several vocal tract geometries that
can be represented by the 2.5D model, demonstrating its geo-
metric flexibility. The implementation of the 2.5D FDTD wave
solver for vocal tract acoustic simulation is publicly available at
https://github.com/Debasishray19/VocalSim-2p5D-FDTD

2.2. CUDA Implementation

The CUDA implementation employs a cooperative kernel
launch strategy, using grid-level synchronization through
CUDA Cooperative Groups to enforce data dependencies be-
tween the pressure and velocity update stages within a single
kernel launch. To reduce global memory traffic, time-invariant
solver coefficients are precomputed and fused during an ini-
tialization stage, while shared-memory tiling caches neighbor-
ing velocity and depth values required by the finite-difference
stencil. Real-time audio output is decoupled from GPU com-
putation through a producer—poller—callback pipeline, in which
simulation chunks are written to a pinned-memory ring buffer,
transferred to the audio callback via non-blocking CUDA event
queries, and downsampled to 44.1 kHz for playback.

3. Results and Discussion

We measured the transfer functions and pressure distributions
of vocal tract geometries corresponding to the three cardinal
vowels (/a/, /i/ and /u/) using the proposed 2.5D FDTD solver
and compared the results with those obtained from a baseline
3D finite-element (FE) model [13]. The results show that the
2.5D solver effectively captures the influence of higher-order
modes in mirror-symmetric vocal tract configurations, repro-
ducing resonances and antiresonances beyond the plane-wave
propagation regime. The predicted transfer functions and pres-
sure fields closely match those of the 3D model, with only mi-
nor discrepancies. These findings demonstrate the geometric
flexibility and acoustic accuracy of the 2.5D approach, over-
coming key limitations of conventional 1D and 2D vocal tract
models. A comprehensive analysis of the acoustic results and
computational performance of the proposed 2.5D solver can be
found here [4].

4. Future Work

To enable biomechanically driven speech synthesis, the 2.5D
acoustic solver will be coupled with the Frank biomechanical
tongue model [11]. Muscle activations will be used to gen-
erate physically realistic tongue deformations and the corre-
sponding 3D airway geometry. An area-function extraction al-
gorithm will then be applied to the resulting surface airway
mesh to derive the vocal tract representation required by the
2.5D model. The extracted geometry will serve as input to the
acoustic model, enabling speech synthesis directly from biome-
chanically generated tongue configurations.
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5. Generative AI Use Disclosure

During the preparation of this manuscript, the authors used large
language models exclusively for language editing and grammar
correction to improve readability and clarity. The authors take
full responsibility for all content and confirm that no Al was
used for data analysis, results interpretation, or substantive con-
tent generation.
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