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Abstract

Emotional Speech Synthesis (ESS), the process of generating speech with specific
emotional qualities, is a foundational challenge at the intersection of artificial intelli-
gence, speech and language processing, and affective computing. Despite significant
progress, it remains constrained by the scarcity of large, naturalistic corpora and
by reliance on closed models. We present Whisper Emotional Speech Synthesis
(WESS), an open, controllable system that produces affective speech, obtained by
fine-tuning the open-source WhisperSpeech (WS) backbone on MSP-Podcast v1.12.,
a dataset containing ∼250 hours of spontaneous, emotion-annotated speech. WESS
follows the WS’s two-stage token hierarchy: a text-to-semantic (T2S) Transformer
that predicts discrete semantic tokens (content and coarse prosody) and a semantic-
to-acoustic (S2A) Transformer that renders acoustic tokens conditioned on speaker
embeddings. A pre-trained vocoder then synthesizes the waveform. Control is intro-
duced via two learned prefix tokens that encode emotion category and dominance,
yielding a simple, reproducible path to convert a TTS backbone into an ESS system.

We evaluate WESS against gpt-4o-mini-tts with blinded human listening tests
across eight emotions, measuring naturalness, perceived intensity, and emotion
identification. WESS matches the baseline on naturalness for most emotions with no
significant differences in perceived intensity. Identification accuracy is competitive
overall, with remaining gaps in anger and sadness synthesis. These results indicate
that a compact, open model, trained on a few hundred hours of natural conversa-
tional speech, can deliver state-of-the-art perceptual quality with controllable affect.
We discuss affective cues across semantic vs. acoustic token streams, limitations
(e.g., fine-grained intensity control and English-only evaluation), and avenues for
improvement via richer supervision, cross-corpus testing, and multilingual adapta-
tion.

Project page & audio samples: click here.
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1 List of abbreviations

ASR – Automatic Speech Recognition
CNN – Convolutional Neural Network
DL – Deep Learning
ECAPA-TDNN – Emphasized Channel Attention, Propagation and Aggregation Time-Delay
Neural Network
ESC – Environmental Sound Classification
ESS – Emotional Speech Synthesis
FDR – False Discovery Rate
GAN – Generative Adversarial Network
HCI – Human–Computer Interaction
IU – Intonation Unit
KL – Kullback–Leibler (divergence)
LLM – Large Language Model
LUFS – Loudness Units relative to Full Scale
MOS – Mean Opinion Score
MSP-Podcast – Multimodal Signal Processing Podcast Corpus
MTurk – Amazon Mechanical Turk
S2A – Semantic-to-Acoustic (module)
SBC – Santa Barbara Corpus
SOTA – State of the Art
STT – Speech-to-Text
T2S – Text-to-Semantic (module)
TTS – Text-to-Speech
VQ – Vector Quantization
WESS – Whisper Emotional Speech Synthesis
Whisper – Web-Scale Supervised Pretraining for Speech Recognition
WS – WhisperSpeech

2 Introduction

Human–Computer Interaction (HCI) shapes how individuals engage with devices and software
on a daily basis. As these systems continue to evolve - from personal mobile assistants to
sophisticated conversational agents - recent research focuses on creating more natural and
human-like modalities of communication [1]. One of the most intuitive ways to achieve this
goal is through speech - a primary channel for expressing not only content but also emotion
and intent.

As a practical foundation for voice interfaces, text-to-speech (TTS) technologies have
drastically advanced in the past decade, primarily due to deep learning (DL) breakthroughs
[2]. Representative approaches that drove this progress include convolutional neural networks
(CNNs) [3], sequence-to-sequence (seq2seq) models [4], adversarial generative (GAN) methods
[5], and Transformer-based architectures [6]. Contemporary TTS systems can produce
remarkably natural-sounding synthetic speech, nearing, if not matching, the clarity and ease
of comprehension found in real human speech.

Despite these gains, standard TTS systems are often limited to neutral prosody. Prosody,
the music of speech, encompasses variations in fundamental frequency (also known as
pitch), duration, intensity, and voice quality, and plays a crucial role in the expression
and interpretation of non-verbal messages: emotions, intentions, and linguistic meaning [7]. A
central aspect of prosody with particular importance for TTS is emotion: it shapes listeners’
perception of speaker intent, empathy, and conversational appropriateness. Psychological
theoretical models, such as Plutchik’s wheel, organize emotions into primary categories
and their more nuanced manifestations (Fig. 1)— providing a useful conceptual target
for controllable synthesis [8]. Such models also quantify different qualities of emotion
manifestation, most typically valence, dominance, and arousal [9, 10, 11, 12]. These are the
considerations that motivate explicit modeling of emotion within TTS, methods that are
known collectively as Emotional Speech Synthesis (ESS) methods.
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Joy + Trust
= love

Serenity + Interest
= Optimism

Anticipation + Anger
= Aggressiveness

Joy + Trust
= Love

Trust + Fear
= Submission

Fear + Surprise
= Awe

Surprise + Sadness
= Disappointment

 Sadness + Disgust
= Remorse

Disgust + Anger
= Contempt

Figure 1: Plutchik’s emotion wheel. Emotions arise as mixtures or derivatives of eight primary emotions
[8].

ESS extends TTS by modulating prosodic cues to render specific emotional states [7]. Over
time, ESS has evolved from early DL networks such as seq2seq with explicit emotion labels
to generative approaches (e.g., GAN) and, most recently, pipelines guided by large language
models (LLMs)- that plan prosody and speech style from explicit prompts. Recent models,
based on such architectures, have achieved striking results leveraging vast training corpora
and sophisticated conditioning schemes [13, 14, 15]. Yet, two obstacles still delay widespread
adoption. First, publicly available emotional-speech datasets are typically recorded by
professional actors who over-articulate their affect. Widely used corpora [16, 17, 18, 19, 20, 21]
therefore capture stylized, exaggerated emotions that differ from everyday expression, and
are often of inconsistent recording quality. Secondly, these datasets are orders of magnitude
smaller than those used in neutral TTS. Whereas leading TTS datasets contain hundreds of
thousands of hours of speech, emotional corpora rarely exceed a few dozen hours. Since state-
of-the-art (SOTA) deep learning models depend on large, diverse training sets to generalize
well, this data scarcity has become a critical bottleneck in developing high-quality expressive
synthesizers. It is this two-fold challenge, of scale and of naturalness, that we aim to meet.

It may be argued that the recent development of LLMs and their application to TTS
have already somewhat resolved these problems. For example, OpenAI recently introduced
gpt-4o-mini-tts, an LLM-driven framework that synthesizes highly expressive speech directly
from textual prompts, providing fine-grained control over style, accent, and affect. However,
it currently exposes only a small, curated set of preset voices (eleven at the time of writing)
[22]. Although the resulting audio reaches state-of-the-art naturalness, the model’s scale,
amounting to billions of parameters [23], its proprietary training data, and the absence of
open weights limit its transparency, reproducibility, and broad adoption. Thus, the problem
of developing an open-source ESS model that was trained on public datasets and would be
accessible and reproducible by all, stands.

As mentioned above, our approach to solving this problem is two-fold. First, we leverage the
recently introduced MSP-Podcast corpus. By harvesting naturally occurring conversations
from public podcasts and annotating them for emotion, the corpus supplies a relatively
extensive repository of spontaneous speech, serving as a promising basis for ESS research
[24, 25]. Although the corpus is the largest open-source labeled emotional dataset currently
available, it is still minuscule compared to the massive corpora that neutral TTS models are
retrained on, which motivates the second, and more fundamental, part of our proposal.

Unlike ESS, the neutral TTS community already maintains large, open-source, pre-trained
backbones. If one can transform such a backbone into an open, controllable ESS system using
today’s small, naturalistic emotion datasets, this would simultaneously provide a reproducible
alternative to closed models and a practical solution to the data-scarcity barrier.
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We thus created an ESS model by fine-tuning the TTS model WhisperSpeech (WS) [26]
on the MSP-Podcast corpus, yielding Whisper Emotional Speech Synthesis (WESS). Despite
being an order of magnitude smaller than OpenAI’s gpt-4o-mini-tts, the resulting model,
WESS, yields on par perceptual quality in our evaluations, indicating that carefully curated
data and targeted adaptation can close much of the gap to state-of-the-art LLM-driven TTS.

3 Goals

Hypothesis

A pre-trained neutral TTS model can be transformed into an ESS system that provides
controllable emotion and its intensity through targeted transfer learning using a relatively
small amount of naturalistic emotion data. Moreover, a compact ESS model, roughly an
order of magnitude smaller than current LLM-based systems, can achieve on-par perceptual
quality when paired with careful data curation and lightweight conditioning.

Primary goals

• Demonstrate a practical pathway for converting a neutral TTS backbone into an ESS
model through fine-tuning and minimal architectural changes with a minimal amount of
data.

• Enable explicit control over emotion category and its level of intensity, and validate that
the control is reliable and perceptually meaningful.

• Train and evaluate a compact ESS model and compare it to a state-of-the-art baseline.

Scientific importance

Establishing that expressive, controllable speech may be produced by a smaller model has
direct implications for real-world HCI scenarios. Compact ESS systems lower compute
and energy resources, improve latency, and enable on-device operation - benefiting privacy,
accessibility, and sustainability - while enhancing reproducibility.

4 Methods

4.1 Models

As mentioned above, our approach leverages a pre-trained, open-source TTS model, WS.
WS is based on a large open-source speech-to-text model called Whisper. The following two
subsections describe these two models, providing some essential technical background for
understanding our method.

4.1.1 Web-scale Supervised Pretraining for Speech Recognition
(Whisper)

Speech-to-Text (STT, also called automatic speech recognition, ASR) maps an input waveform
to a textual transcript and related metadata (e.g., timestamps and language ID). It is the
inverse task of TTS, it provides complementary modeling tools and representations that can
be repurposed for speech synthesis.
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Figure 2: Whisper pipeline. An audio waveform is encoded by the Whisper encoder to a time-ordered
sequence of latent vectors, which the Whisper decoder maps to text tokens to produce the transcript.

Within STT, OpenAI’s Whisper is a multilingual, multitask encoder–decoder Transformer
(Fig. 2) trained on roughly 680,000 hours of weakly supervised speech collected from the web
[27]. This scale, together with joint training across tasks (transcription, speech translation,
language identification, and timestamp prediction), yields strong zero-shot robustness to
domain shifts and background noise. Whisper is released with open weights and code in
multiple model sizes (from tiny ≈39M to large ≈1.5B parameters), making it a widely
adopted baseline for STT and a practical foundation for downstream research.

Since Whisper already learns a powerful speech–text interface (log-Mel spectrogram front
end, sequence modeling, and tokenization), a natural next step is to invert this interface
for synthesis; that is, condition a generator on text to produce expressive speech using
Whisper-derived representations. This idea is applied in WS [26], an open-source TTS project
that “inverts” Whisper. We leverage this tool to create our ESS system, as described in the
following subsection.

4.1.2 WhisperSpeech: “Inverting” Whisper for TTS

WS TTS system repurposes OpenAI’s Whisper ASR by “inverting” its speech–text interface
into a text–speech pipeline [26]. The design follows a two-stage speech generation pipeline:
first, producing semantic tokens (content & high-level prosody). Secondly, rendering these
into acoustic tokens that a vocoder converts to a waveform. With this design in view, we
explain how speech is represented inside the model through these two types of tokens.

The above-mentioned semantic tokens are learned representations of the input text, which
encodes the linguistic content and long-range prosodic structure (intonation contours, stress
patterns, phrasing) in a speaker-independent way. They are obtained by encoding audio
with a vector-quantized (VQ) version of Whisper’s encoder, VQ [28, 29] being the process of
learning discrete codebook elements instead of keeping continuous real-valued representations.
This process yields semantic tokens that contain universal prosodic information, compactly
represented, and thus easy to predict autoregressively. Similarly to semantic tokens, acoustic
tokens are discrete codebook entries that represent crucial information for speech generation;
however, unlike semantic tokens, they encode timbre and fine acoustic detail, governing the
sound of the generated speech. A speaker embedding is added to the acoustic tokens to
condition an audio rendering that clones the specific properties of a given speaker. In a way,
semantic tokens represent "reading" (what is said and how it is said), whereas acoustic tokens
represent "speaking" (how it sounds) [30, 31].

In more detail, the semantic tokens are derived from an implementation of Whisper’s
encoder paired with a VQ bottleneck, which are trained together to approximate the behavior
of the full Whisper encoder. They operate at a fixed rate of 50 Hz (50 tokens/s). The
acoustic tokens are trained to map discrete elements of an external, pre-trained VQ acoustic
compression model— EnCodec [32]. These, on the other hand, operate at 24 kHz and at
1.5 kbps, yielding 150 discrete tokens per second. The differences in frequency between the
two types of tokens stem from the differences in the nature of the two represented signals,
linguistic information versus raw audio. By separating these levels of speech, WS can mix
content with voices: semantic tokens ensure transcript/intonation fidelity, while acoustic
tokens (guided by a speaker embedding) ensure the voice and audio texture are correct. This
two-stage tokenization was popularized by AudioLM and SPEAR-TTS, which showed that
long, coherent speech generation is easier when first generating a high-level semantic plan,
then refining it acoustically. WS follows this paradigm, using Whisper for the semantic phase
[31, 30, 26].
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With the representations in place, the system architecture is as follows: the text-to-
semantic (T2S) module is a Transformer model that maps text to semantic tokens, and the
semantic-to-acoustic (S2A) module is a Transformer model which then uses them and the
speaker embeddings to predict acoustic tokens. Speaker embeddings, a representation of the
characteristics of the desired specific voice, are derived using another externally pre-trained
model, ECAPA-TDNN [33], designed for speaker recognition. The speaker embedding is
added to the acoustic tokens, which are then passed on to a vocoder, a pre-trained model
named Vocos [34], to generate the final audio waveform at 24 kHz. The full pipeline is
described in Fig. 3.

Figure 3: Modular text-to-speech pipeline. T2S maps text to semantic tokens. S2A predicts EnCodec
acoustic codes from semantic tokens conditioned on a speaker embedding. A pre-trained vocoder synthesizes
a 24 kHz waveform.

WS is trained primarily on LibriLight, an extensive public dataset comprising 60,000
hours of English audiobooks, providing paired samples of text and speech [35]. Training
is implemented in three separate and consecutive stages [26]: (Stage 1) Training the VQ
Whisper encoder using knowledge distillation from the original Whisper encoder to the VQ
version created by WS [36]. (Stage 2) Training the T2S to produce semantic tokens from
the input text that match the ones generated by the VQ encoder on the paired speech of
the same samples (Stage 3) Training the S2A to predict acoustic tokens from the semantic
tokens, where the ground truth acoustic tokens are obtained by passing the speech data
samples through EnCodec [32].

4.2 WESS: Fine-tuning WS on the MSP-Podcast

We adapt WS to ESS by fine-tuning all trainable modules on MSP-Podcast release 1.12 to
create WESS (see Section 5.1 for details regarding data and preprocessing). As mentioned
above, WS was originally trained on LibriLight audiobooks [35, 26]. MSP and LibriLight
share long English speech and diverse recording conditions, which ease transfer and make
MSP a suitable corpus for adaptation.

In addition to training on the MSP dataset instead of LibriLight, our fine-tuning procedure
introduces another important modification. To encode emotional information, we concatenate
special tokens [37] to the input text that encodes both emotion class and dominance, thus
directing the generation of emotional semantic tokens. Whereas the optimization of the two
other modules, the VQ Whisper encoder and the S2A module, remains similar to the original
WS training procedure, the special tokens modify the T2S module traning, as described
below. Key training settings and hyperparameters for all modules are summarized in Table 1.

Stage 1: VQ Whisper encoder on MSP. We fine-tune the VQ Whisper encoder on
MSP in order to produce 50 Hz semantic tokens that are robust to speaker and channel
variation. The objective is a composite student–teacher loss that includes token cross entropy
to the ground truth transcript, a KL divergence term that distills the output distribution of
the original unquantized Whisper decoder into the VQ-augmented student, and a standard
VQ commitment penalty - to stabilize codebook usage [29, 36, 38]. This stage mirrors the
WS procedure while adapting the encoder to MSP speech characteristics (Fig. 4a).

Stage 2: T2S with emotion and dominance tokens. The T2S model is a Transformer
encoder–decoder trained to map text to semantic token sequences with a cross-entropy loss.
We prefix two learned special tokens to every transcript (an instance of input text). One
special token encodes the categorical emotion, and another encodes the discrete dominance
level (as labeled in the MSP corpus). This follows the common practice of prefix tokens for
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conditioning, as in classification tokens in Transformer language models and task or language
tokens in Whisper [27, 37]. The model learns internal representations for each emotion and
dominance setting and thus produces distinct prosodic plans conditioned on these tokens (Fig.
4b). Note that although this is a supervised learning procedure, the internal representation
of each emotion is learned by the model and does not include any hand-crafted features or
prosodic information regarding the various emotions.

Stage 3: S2A adaptation on MSP. The S2A model is trained to predict EnCodec
acoustic tokens from semantic tokens and an ECAPA-TDNN speaker embedding using cross-
entropy over the discrete codebooks [32, 33]. This stage follows WS but uses MSP audio to
adjust to the distribution shift from audiobooks to podcasts and to improve naturalness (Fig.
4c). This training stage enables WESS to generate any chosen voice.

Stage Pre-trained model Params Batch LR

VQ Whisper encoder Medium (EN & PL) 22.7 M 32 1.84× 10−7

T2S Small (EN & PL) 214.1 M 64 6.31× 10−7

S2A Tiny (EN & PL) 20.1 M 32 4.23× 10−5

Total trainable parameters: 256.9 M
Hardware: single NVIDIA H100 NVL (96 GB)

Table 1: Key training settings and module sizes for WESS fine-tuning on MSP-Podcast v1.12.
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(a)

(b)

(c)

Figure 4: The fine-tuning process of WESS. (a) VQ Whisper encoder training on MSP. The student
VQ-augmented encoder–decoder is trained with cross-entropy, KL distillation to the original Whisper decoder,
and a VQ commitment term. (b) T2S training with special tokens. Two learned tokens encode emotion class
and dominance and are prepended to the transcript before predicting semantic tokens. (c) S2A training on
MSP. The model predicts EnCodec acoustic codes from semantic tokens and an ECAPA-TDNN speaker
embedding. In all sub-figures, flame icons represent trainable modules, and snowflake icons represent frozen
modules.
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4.3 Using WESS for ESS and Voice Cloning

Following the WS fine-tuning described in Section 4.2, the final WESS model is able to
generate audio via two different pipelines. The first, which was the main focus of the
work presented above, is emotional speech synthesis (ESS). Given a reference text and
emotional information (both category and dominance), the model generates speech that
combines the text in a given emotion. This synthesis pipeline is shown in Fig. 5 and adheres
to the two-stage WS design [26] described earlier. Results and comparisons to a SOTA model
are presented in Section 6.

Figure 5: WESS pipeline. Text is mapped to semantic tokens by T2S. S2A produces acoustic tokens
conditioned on a speaker embedding. A pre-trained vocoder synthesizes the waveform.

Importantly, this structure enables a small extension for voice cloning that incorporates
speaker style transfer: at inference, the semantic and prosodic information of a source audio
can be paired with a target speaker embedding to restore their timbre, while transferring
prosody and emotion from the source. To do so, we feed a reference audio clip instead of
text, modifying the standard pipeline: the T2S stage is replaced by the VQ-Whisper encoder
that encodes the audio into semantic tokens [26], similarly to the T2S module’s encoding of
text. Crucially, using voice as input preserves the reference’s fine-grained prosody-timing,
emphasis, and pauses, which cannot be determined when only text is provided. By combining
this preserved prosodic trajectory with a target speaker embedding, WESS produces the
same style in a new emotion, enabling cross-speaker style transfer while retaining the source
prosody (Fig. 6). Since cloning was not the primary focus of this research, we did not conduct
a dedicated human listening evaluation of cloning fidelity or emotion preservation. We thus
leave a targeted cloning study to future work.

Figure 6: WESS voice cloning with emotion pipeline. Left: re-voicing of a reference clip by swapping
the speaker embedding while preserving the semantic tokens. Right: generation of a new text with the
same emotion by setting the emotion and dominance prefix tokens and conditioning on the target speaker
embedding.
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5 Experimental Setting

5.1 MSP-Podcast Dataset

The MSP-Podcast corpus contains spontaneous speech retrieved from Creative Commons
podcasts and segmented into speaker turns for affective research [24]. The Odyssey 2024
challenge used a subset of release 1.11 and provides a public description of the splits and
labeling protocols [25]. We work with release 1.12, which comprises approximately 320 hours
of emotion-labelled speech [39]. From this set, we exclude items that were labeled as "no
agreement" (X) and "other" (O), leaving ~250 hours that were used for our experiments.
Each utterance includes categorical labels over eight primary emotions: anger, happiness,
sadness, fear, surprise, contempt, disgust, and neutral. Additionally, it contains dimensional
annotations for arousal, valence, and dominance on a seven-point scale [24, 25]. In our
experiments, we use the eight-class primary emotion set and the dominance attribute (Fig.
7). Dominance captures the perceived degree of speaker control and social power in an
interaction. It corresponds to arousal and valence in MSP-Podcast, where it is annotated on
a seven-point scale and used as a target attribute in the Odyssey challenge. Dominance helps
disambiguate emotions that share similar arousal or valence patterns, for example, anger and
fear [24, 25].

Figure 7: Duration in hours by primary emotion and dominance level for the MSP-Podcast
v1.12 subset used in this work. Letter codes: A - Angry, S - Sad, H - Happy, U - Surprise, F - Fear, D -
Disgust, C - Contempt, N - Neutral. Values are shown on a logarithmic color scale.

For preprocessing purposes, the data were cleaned and standardized before modeling.
Audio was used at its native sampling rate and loudness-normalized per utterance to a target
of −14 Loudness Units relative to Full Scale (LUFS). From the normalized signal, we derived
three representations for downstream models. First, discrete semantic tokens at 50 Hz from
a VQ Whisper encoder after resampling to 16 kHz. Second, EnCodec acoustic tokens after
resampling to 24 kHz at the 1.5 kbps setting with sequences limited to a maximum of 30 s
[32]. Third, a 192-dimensional speaker embedding extracted with the ECAPA-TDNN pipeline
for conditioning [33]. This setup follows the WS formulation that separates semantic and
acoustic streams for controllable synthesis [26].
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5.2 Human Evaluation

To evaluate the performance of our method, we conducted human evaluation surveys, allowing
independent listeners to judge various qualities of the generated speech. The surveys evaluated
the performance of our method with that of an SOTA method on two standard ESS criteria:
audio naturalness and perceived emotion intensity [1, 40], collected as Mean Opinion Scores
(MOS) on five-point Likert scales [41, 42]. In addition, we measured emotion identification
using a blind assessment of the target label, a test that is stricter vis-à-vis affect control and
which is less common in the ESS literature.

As mentioned above, OpenAI’s gpt-4o-mini-tts [22] is currently considered to be the SOTA
model for TTS. Although not designed specifically for ESS, it shows very strong capabilities
as a result of its free-form prompt formulation that allows its users to condition the generated
speech on any natural language instructions [22]. Recent works of ESS have been repeatedly
evaluated against this model and have shown it is also on par with SOTA in the ESS task
[43, 44, 45], thus our evaluation survey includes generated speech from our method and
gpt-4o-mini-tts.

Each survey version contained 32 clips that were created from a single sentence, repeated
and produced with eight emotions, in two speaker genders, by the two models,. There were
four survey versions in total, one per sentence. To make as reliable a comparison as possible,
we set the emotions of the two models in a similar fashion. For WESS, we used the learned
prefix tokens, setting the emotion token to the target category and the dominance token to
that category’s most frequent dominance level in the MSP-Podcast dataset (see Fig. 7). For
gpt-4o-mini-tts, which has no explicit emotional category or intensity control, we supplied
a simple style prompt such as “Emotion: Disgust. Read naturally with that feeling.” As
gpt-4o-mini-tts provides a fixed set of voices, we used Alloy for the female voice and Ash
for the male. To obtain comparable voices for WESS, we extracted a speaker embedding
from a reference utterance of each of these two voices using an ECAPA-TDNN encoder [33],
searched the MSP-Podcast dataset for the nearest speaker to this embedding in the speaker
embedding space, and conditioned WESS on that speaker. This matching reduces timbral
biases that might make clips easier to tell apart across models [33].

The sentences used for generating the audio clips are as follows (n denotes the number of
participants who completed the 32-item survey for that sentence):

• S1 “A train passed beyond the distant fields.” (n=14)

• S2 “A bicycle rolled past the cafe window.” (n=17)

• S3 “I can’t believe it. This changes everything.” (n=20)

• S4 “It finally happened, he came back.” (n=24)

The setup of the survey required that after listening to each audio clip (a generated speech
of a certain model, gender and emotion), the listener answer three questions. The questions
and their response formats are as follows:

• Q1 - Audio naturalness: "How human-like and natural was the audio?" Responses
on a five-point Likert scale, where 1 means "bad - completely synthetic" and 5 means
"excellent - completely natural" [46].

• Q2 - Speaker emotion: "Which emotion best describes the clip?" Responses were one
of the eight categories used in the study. Namely: anger, happiness, sadness, surprise,
contempt, disgust, fear, and neutral.

• Q3 - Emotion dominance: "How strongly is that emotion expressed?" Responses on
a five-point Likert scale, where 1 means very weak and 5 means very strong.

We recruited participants on the Amazon Mechanical Turk (MTurk) web platform [47].
Each worker completed exactly 32 judgments. We excluded submissions with total correct
label counts below 8 or above 28 out of 32, in order to remove near-random and likely
automated responses, respectively. Deduplication and completeness checks were enforced
before analysis. See Appendix A for rater-screening details and the accuracy-distribution
histogram.
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5.3 Statistical analysis

Naturalness MOS and intensity MOS were summarized per model using the sample mean
with two-sided 95% confidence intervals based on the t distribution. Paired comparisons
between models used two-sided paired t-tests on matched clips. We adjusted p-values using
the Benjamini–Hochberg procedure to control the false discovery rate (FDR) [48]. Emotion
identification accuracy was computed as the proportion correct with Wilson 95% confidence
intervals [49]. Model comparison for accuracy used McNemar’s test for paired binary outcomes
[50]. All tests used α = 0.05 and follow recommendations for reproducible crowdsourced
speech quality evaluation [41, 42, 51].

6 Results

Overall, WESS performs on par with gpt-4o-mini-tts across most emotions. For naturalness,
the systems are indistinguishable for seven of the eight emotions, with a significant advantage
for gpt-4o-mini-tts on happiness (Fig. 8). Emotion dominance MOS shows no significant
differences for any emotion (Fig. 9). For emotion identification accuracy, gpt-4o-mini-tts
performed better on anger and sadness, while the remaining emotions show no reliable
differences (Fig. 10). As mentioned above, differences are judged with paired tests and 95%
confidence intervals with FDR control at α = 0.05.

Figure 8: Naturalness MOS by emotion. gpt-4o-mini-tts exceeds WESS only for Happiness. Bars show
MOS with 95% confidence intervals. Stars mark emotions where the paired t-test indicates a significant
difference after FDR adjustment (p < 0.05).

Figure 9: Emotion dominance MOS by emotion. Mean scores with 95% confidence intervals. Following
FDR adjustment, no emotions show significant differences between models.
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Figure 10: Emotion identification accuracy by emotion. Proportions correct with Wilson 95% confidence
intervals. Stars mark emotions with a significant difference by McNemar’s test after FDR adjustment (p < 0.05).
gpt-4o-mini-tts is higher for Anger and Sadness. The other emotions are statistically comparable.

In summary, despite the modest size of the model as well as the training set of publicly
available data, WESS matches the baseline on most emotions for naturalness, exhibits
comparable perceived intensity, and is competitive on emotion identification, with gaps
limited to anger and sadness. These results support the feasibility of converting an open
neutral TTS backbone into an expressive system with strong perceptual performance and
controlled emotion.

7 Discussion

Our results support the central hypothesis that a pre-trained neutral TTS backbone can be
transformed into an effective ESS system with limited naturalistic supervision. Despite using
only ∼250 hours of emotional speech (MSP-Podcast v1.12) for fine-tuning, roughly 0.4% of
the ∼60,000 hours used to train WS and about 0.04% of Whisper’s original pretraining scale,
WESS matches a SOTA reference (gpt-4o-mini-tts) on most perceptual criteria [35, 26, 27].
These findings suggest that separating the representation of speech into semantic and acoustic
token streams is a strong inductive bias for affect control, and that lightweight conditioning
with emotion and dominance prefix tokens can compensate for orders of magnitude less data.

Compared to large proprietary systems, WESS is compact (approximately two orders of
magnitude smaller), open, and reproducible. It can synthesize arbitrary, individual voices by
conditioning S2A on an ECAPA-TDNN, as embedding extracted from a reference utterance,
which enables broad voice coverage without retraining [33]. In contrast, gpt-4o-mini-tts
-although it reaches very high naturalness - makes available only a small, curated set of
preset voices [22]. The open-source nature and size of WESS lower compute costs and enable
on-device or private deployments wherever feasible.

Adapting an open TTS backbone with a few hundred hours of spontaneous podcast speech
offers a practical alternative to large, closed models. Our attempts with substantially smaller,
acted-speech corpora produced unstable results and weaker control, which aligns with reports
that acted datasets can misrepresent everyday emotion and are too small for present-day
pipelines. Continued growth of naturalistic corpora like MSP-Podcast will likely close the
remaining gaps.

Regarding evaluation of models in the field of ESS, there is no widely accepted automatic
metric that quantifies human perception of expressive speech across emotions. In current
literature, many report automatic scores from a speech emotion recognizer, sometimes even
trained on the same dataset as that of the synthesizer. This risks circularity and misalignment
with human judgments [52, 53]. We therefore relied on blinded human listening tests with
MOS for naturalness and intensity and with 8-way identification accuracy, following current
recommendations for subjective speech evaluation [41, 42]. This stricter design assesses actual
affect control instead of recognition against a disclosed target.
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Crowdsourcing introduces variability in attention, language proficiency, and device quality.
We mitigated this with completeness checks and exclusion thresholds that removed both
near-random and suspiciously perfect responders. The distribution of per-user accuracy and
the applied inclusion thresholds are shown in Fig. A1. Details of the screening procedure
appear in Appendix A. A sizable fraction of submissions was excluded, which reduces the
nominal sample size but improves the reliability of retained judgments.

Fine-grained control over intensity and micro-prosody remains limited. Our dominance
prompt provides coarse intensity shifts, yet continuous and reliably calibrated control needs
richer supervision or preference-learning objectives [1]. Absolute identification accuracies
leave room for improvement, with the best categories near 60%, and with clear gaps for
Anger and Sadness. English-only evaluation is another limitation that calls for multilingual
adaptation.

Regarding further elaboration of our proposed methods, we see three immediate future
directions. (i) Richer supervision: continuous affect trajectories and preference learning
for calibrated intensity of emotion [1]. (ii) Generalization: cross-corpus testing and
multilingual adaptation, along with evaluator-agnostic reporting that combines human MOS
with independent automatic judges. (iii) Ablations and analysis: token-stream probing
for affect localization and systematic studies of prefix-token design and label granularity.

In summary, we present a simple and reproducible method that converts a neutral, open-
source TTS backbone into a controllable ESS system using learned special tokens for emotion
category and dominance. With careful data curation and lightweight conditioning, a compact
open model can approach the perceptual performance of much larger proprietary systems
while remaining transparent and broadly accessible.
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Appendix A: Statistical analysis of results

This section presents the rater-screening procedure and presents the per-user accuracy
distribution obtained from MTurk (Fig. A1).

Each participant answered n = 32 independent 8-way forced–choice items for emotion
identification. Under the null hypothesis (i.e., that a respondent is guesses uniformly at
random), the probability of a correct choice on any single item is p0 = 1/8. Let X be the
number of correct responses for a given rater. Then

X ∼ Binomial(n = 32, p0 = 1/8), Pr(X = k) = 32k pk0(1− p0)
32−k.

We test
H0 : p = p0 versus H1 : p > p0

with a one–sided binomial test [54, 55]. The critical region is X ≥ c where c is the smallest
integer such that PrH0(X ≥ c) ≤ α for a chosen significance level α.

Evaluating the binomial tail under H0 gives

Pr
H0

(X ≥ 8) =
32∑
k=8

32kpk0(1− p0)
32−k ≈ 0.0395 < 0.05,

while
Pr
H0

(X ≥ 7) ≈ 0.0965.

Thus c = 8 controls the type I error at α ≈ 0.04, whereas c = 7 would not meet a 5% threshold.
Equivalently, X = 8 is about 2.14 standard deviations above the null mean E[X] = np0 = 4

with sd(X) =
√

np0(1− p0) ≈ 1.87. We therefore retain raters with X ≥ 8 and exclude those
with X ≤ 7, since achieving at least 8 correct out of 32 is unlikely under random guessing at
the 5% level.

Figure A1: Distribution of per-user accuracy on the 8-way emotion identification task before
applying score cutoffs. The histogram shows the number of correct responses out of 32 samples vs. the
number of raters. Vertical dashed lines mark the inclusion thresholds at 8 and 28 correct labels that was used
to discard near-random and likely automated submissions.
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Appendix B: Additional Project - Data Augmentation for
Prosody Analysis and Recognition

In addition to the main research project of this thesis, we carried out a small-scale project -
an initial exploration of prosody analysis using DL models . We provide below the full report
of the methods and the results of that exploration.

B.1 Abstract

Prosody analysis is a branch of linguistics that studies elements such as intonation and stress.
A major challenge for the automated analysis of prosody using DNNs is the limited amount
of labeled data.We thus explore two novel data augmentation methods that preserve the
integrity of prosodic elements. The first method applies Room Impulse Response (RIR) to
the recorded speech, and the second adds background noise. The study aims to increase the
amount of labeled prosodic data with prosody-respecting augmentation and thus improve
the performance of automated prosody classification. The Santa Barbara Corpus of Spoken
American English (SBC) provides data labeled for prosodic boundaries and boundary type,
while RIR and background noise augmentations are applied. The evaluation employs the
Whisper automatic speech recognition (ASR) system, specifically its small architecture, for
efficiency. Results reveal slight improvements on boundary detection (segmentation kappa)
values with noise or combined noise-RIR augmentations compared to unaugmented baseline
models. The combined augmentation yields the most promising enhancement, although gains
are modest and must be balanced against increased training time.

B.2 Introduction

Prosody analysis, a subdomain within the broader field of linguistics, focuses on the study of
elements such as intonation, stress, and rhythm that transcend individual phonetic segments
(i.e., vowels and consonants). Despite its importance, the complexity of prosodic elements
demands professional linguistic labeling. The lack of labeled data poses challenges to training
artificial neural networks (ANNs) for this task.

A promising solution to the problem of data scarcity is data augmentation. However,
traditional audio augmentation techniques, such as pitch alteration or cutting, do not lend
themselves to prosody analysis due to the potential loss of essential prosodic information.
Therefore, alternative augmentation techniques that respect the integrity of prosodic elements
are required.

This project investigates two such methods: the application of Room Impulse Response
(RIR), which to date has not been extensively used in machine learning audio tasks, and the
addition of background noise. Both techniques offer the potential for enhancing the quantity
of the limited amount of labeled data without disrupting the inherent prosodic features.

To quantify the benefits derived from these augmentations, a controlled experiment was
conducted. In this experiment, a network was trained on the same data set several times:
once with the augmented data and once without. By comparing the performance in these
two scenarios, we established the effectiveness of data augmentation in improving the results
for prosody analysis.

B.3 Goals

• Increase the amount of labeled prosodic data, using data augmentation techniques that
preserve prosody.

• Improve the performance of prosody classification networks using augmented data.
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B.4 Methods

B.4.1 Datasets

The Santa Barbara Corpus (SBC)
The Santa Barbara Corpus of Spoken American English (SBC) [56] is a voice dataset published
by the linguistics department at the University of California, Santa Barbara (UCSB). The
corpus consists of a set of 60 audio files that record the spontaneous speech of various genres,
from multi-party kitchen conversations and couples’ dialogues to child tutoring, guided tours,
sermons, and university classes. The dataset contains basic prosodic labeling for boundaries
and prototypes. Additional intonation units (IU) labeling has been added by the prosody
team in Prof. David Harel’s lab [57].

Room impulse response (RIR)
To perform a prosody-preserving augmentation, an RIR is applied to the speech. RIR adds
the properties of a room, without changing the prosody. Various RIRs were collected for
natural reverberation analysis [58].

Environmental sound classification (ESC)
Another prosody-preserving augmentation is background noise. Natural background noises
can be found in the ESC-50 dataset [59]. The dataset is a labeled collection of 2,000 envi-
ronmental audio recordings originally collected for benchmarking methods of environmental
sound classification. The dataset consists of 5-second-long recordings organized into 50
semantic classes (40 examples per class), loosely arranged into 5 major categories: animals;
natural soundscapes and water sounds; human, non-speech sounds; interior/domestic sounds;
and exterior/urban noises.

B.4.2 Models

Web-scale Supervised Pretraining for Speech Recognition (Whisper)
OpenAI has developed Whisper, an automatic speech recognition (ASR) system that utilizes
a vast dataset of 680,000 hours of multilingual and multitask supervised data sourced from
the internet [27]. This extensive and varied dataset significantly enhances the system’s
resilience to challenges like accents, background noise, and technical language. Additionally,
it empowers the system to transcribe various languages and translate them into English.
OpenAI is making both the models and inference code open source, providing a valuable
resource for creating practical applications and advancing research in robust speech processing.
Comparisons with human performance reveal similar accuracy and robustness. The model I
used for the augmentation project is a fine-tuned version of Whisper developed at our lab
[57].

B.5 Results

Whisper has several architecture types: tiny, small, medium, and large-v2. The architecture
types indicate the number of parameters. For this experiment, I used the small Whisper
model architecture (244 million parameters). The small size makes it faster to train and
evaluate the augmentation’s effect.

In Fig. B1 below are the results of Kappa segmentation values for different augmentation
types and sizes. The exact numbers are shown in Table B1. Kappa segmentation is a
measurement of Cohen’s kappa on the IU segmentation.

I used pure noise augmentation, pure RIR augmentation, and a combined augmentation
(both noise and RIR). Each augmented sample was created by random choice of the noise/RIR
type out of the noise/RIR dataset. Augmentations were applied only to the training data,
whereas the test data is the same for all models.

Inserting noise or a combination of noise and RIR shows a slight improvement compared to
the baseline model. Inserting RIR did not show an improvement. Adding more augmentations,
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thus increasing the amount of data, showed some improvement in all models.

Figure B1: Comparison of segmentation kappa for different augmentation techniques
The x-axis is indicative of the change in the size of the data. No augmentation is the baseline model. Lines
represent an addition of data with noise, RIR, or both.

Number of augmentations per recording
0 1 2 3

No augmentation 82.65%
Noise 82.88% 83.14% 83.95%
RIR 82.29% 82.39% 82.46%

Combined (noise + RIR) 83.53% 84.50% 85.65%

Table B1: Segmentation Kappa scores by number of augmentations per recording and augmentation technique

B.6 Discussion

The study’s exploration of RIR and environmental noise as data augmentation methods for
prosody analysis yielded only modest improvements in segmentation kappa values, suggesting
these techniques offer limited enhancement to model performance.

The augmentation with noise, and particularly the combined noise-RIR approach, seems
to provide minor performance gains (improvement of 3% from baseline), indicating that the
added variability helps the model generalize better. This improvement might stem from the
model learning to focus on key prosodic features amid diverse acoustic conditions, rather
than overfitting to clean data.

Despite these slight benefits, the improvements might not justify the significant increase
in computational resources and training time required for augmented data. The RIR-only
augmentations did not demonstrate a clear positive impact on model performance, suggesting
the need for further research to understand their role in prosody recognition.

Considering the complexity of prosodic features and the subtle improvements observed,
future research should consider exploring more sophisticated and nuanced augmentation
techniques, possibly in conjunction with expert linguistic knowledge, to craft methods that
could yield more significant improvements without incurring prohibitive training costs.
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