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Abstract

Emotion modelling and understanding are crucial for artificial intelligence (AI) systems to
achieve enhanced contextual understanding and adaptive, personalised human-AI interaction.
Speech contains important clues for detecting emotion through a variety of vocal charac-
teristics such as prosody, along with speech patterns such as hesitation and laughter. This
thesis first explores automatic emotion recognition (AER) from speech input. Current AER
systems face two primary challenges: (i) the mismatch between research experiments and
practical applications such as the use of reference transcriptions and sentence segmentation;
(ii) the inconsistency of emotion annotations due to ambiguous expressions and subjective
perception.

To tackle the first challenge, an integrated system is developed which integrates AER
with speaker diarisation and speech recognition in a jointly-trained system. Compared to
separately optimised cascaded systems, the proposed system achieves not only improved
efficiency but also reduced recognition errors for emotional speech. In addition, two novel
metrics are introduced to evaluate AER performance with automatic segmentation based on
time-weighted emotion classification errors.

In response to the second AER challenge, it is proposed to represent emotion as a
distribution rather than a single class. Different emotion annotations provided by human
annotators are treated as samples drawn from the emotion distribution. Evidential deep
learning (EDL) is used to quantify the uncertainty in emotion distribution estimation by
learning an utterance-specific prior distribution. Representing emotion as a distribution offers
not only a more comprehensive representation of emotional content but also an inclusive
representation of human opinions.

The challenge of inconsistent human opinions extends beyond emotion annotation and
affects various subjective tasks such as speech quality assessment and toxic speech detection.
A general framework for human annotator simulation is introduced, which accounts for the
variability in human judgements. The framework meta-learns a conditional flow model,
which demonstrates superior capability and efficiency in predicting the aggregated behaviour
of human annotators, matching the distribution of human annotations, and simulating inter-
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annotator disagreements. It is hoped that the proposed methods could contribute to the
promotion of inclusivity and fairness in ethical AI practices.

Furthermore, emotion is closely linked with mental wellbeing. A speech-based automatic
depression detection system is introduced which uses foundation models pretrained on large
speech datasets to alleviate the data sparsity issue of medical datasets. It is shown that incor-
porating emotion information is useful for depression detection. Integrating representations
from multiple foundation models achieves state-of-the-art results without requiring oracle
transcriptions. To enhance the reliability of automatic diagnosis systems, confidence estima-
tion methods are studied. The proposed method builds upon the EDL approach introduced
previously for emotion distribution estimation, adapting it to learn the predictive distribution
of mental illness detection. This method aims to foster reliable and trustworthy automatic
diagnostic systems.
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Chapter 1

Introduction

Artificial intelligence (AI) has garnered significant attention in recent years, captivating the
interest of both the scientific community and the general public. Advancements in deep
learning have significantly accelerated the development of AI. Deep learning, a subfield
of machine learning inspired by the structure and function of the human brain, utilises
artificial neural networks to learn complex patterns from vast amounts of data. It has proven
remarkably effective in areas like speech recognition, natural language processing, and
computer vision, leading to significant breakthroughs in various AI applications.

Emotion is a key part of human behaviour. The ability of AI to comprehend and respond
to human emotions is crucial for achieving advanced intelligence and human-like interaction.
The primary research focus of the thesis is on automatic emotion recognition (AER), with
the scope subsequently extended to mental illness detection. A route map of the thesis is
shown in Fig. 1.1.

1.1 Automatic Emotion Recognition

AER has attracted increasing attention due to its wide range of potential applications in
conversational chatbots, voice assistants, and mental health analysis, etc. An AER system
predicts the speaker’s emotion state based on various input modalities such as speech, text,
facial expressions, gestures, as well as psychological signals. This thesis mainly focuses
on understanding human emotions from speech. A major challenge for AER systems is
the mismatch between research experiments and practical applications, which includes the
naturalness of emotion data, the use of reference text and sentence segmentation, etc. An
integrated system is proposed which addresses some of the above issues in an efficient way
by integrating AER with speaker diarisation and speech recognition.
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Automatic emotion 
recognition (AER)

Mismatch between 
research and application

Ambiguity in emotion 
data

Integrating AER with speech 
recognition and diarisation

Estimating uncertainty in 
emotion labels

Subjective evaluation Human annotator 
simulation

Variability in 
human opinions

Mental health Detection of mental 
disorders from speech

Depression

Alzheimer’s disease

Confidence estimation

Fig. 1.1 Route map of the thesis.

Another challenge in AER lies in the inherent ambiguity and complexity of emotion.
Human perception and interpretation of emotions are subjective. Different people could
perceive the same utterance differently and there is no absolute right or wrong between
different viewpoints. This leads to ambiguity in emotion expression and uncertainty in
emotion annotation. This thesis studies various approaches to tackling this problem and
designs a series of uncertainty estimation methods to explore better ways of representing
emotions.

The scope is then extended from emotion to general subjective tasks where there is
no single ground truth and human evaluations are usually involved for data annotation or
model quality assessment (e.g., perceptual quality evaluation of synthesised speech). Human
evaluation is costly and time-consuming, which motivates the study of human annotator
simulation (HAS). Most current HAS systems focus on predicting the majority/mean opinion.
However, the majority/mean opinion can contain potential biases and over-representation.
For example, in scoring quality of synthesised speech, the scores given by 20 individuals
are unlikely to be identical, reflecting the variability of human opinions, which is crucial
yet currently overlooked. Human annotators are employed for assessment because these
subjective tasks inherently lack definitive answers. Therefore, it is imperative to account
for the variability in human annotations rather than dedicating to obtaining a single correct
answer, as no such absolute answer exists. This variability reflects the diverse perspectives
and interpretations that human evaluators bring to the process, making it a critical aspect to
consider when simulating human judgements. A variability-aware HAS system is proposed
in this thesis, which considers this diversity rather than simply predicting the mainstream
opinion to better simulate human perception and interpretation of the world.
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1.2 Automatic Detection of Mental Disorders and Cognitive
Diseases

Emotions are closely related to mental wellbeing, so another area of the thesis focuses on
detection of mental illnesses and cognitive impairments, which includes depression and
Alzheimer’s disease (AD). Clinical depression is a psychiatric mood disorder, caused by an
individual’s difficulty in coping with stressful life events, and presents persistent feelings
of sadness, negativity and difficulty dealing with everyday responsibilities. AD is the most
common cause of dementia which is associated with an ongoing decline of brain functioning
that can affect memory, thinking skills and other mental abilities. According to the world
health organisation, approximately 280 million people in the world have depression (World
Health Organisation, 2024). A 2019 report shows that 1 in every 14 of the population aged
65 years and over in the UK suffer from dementia and there will be over 1.5 million people
with dementia in the UK, at the current rate of prevalence in 2040 (Wittenberg et al., 2019).

Early detection is important for timely intervention while a large proportion of patients
remain undiagnosed due to, e.g., costs and unawareness of the seriousness of the condition,
which motivates the demand for automatic diagnosis. Unlike nodules and tumours, mental
disorders (especially mild cases) usually lack definitive biomarkers and diagnosis is primarily
based on clinical interview, which presents an opportunity for the automatic detection of
mental disorders through speech analysis. Data scarcity is a major challenge in deep-
learning-based automatic detection of mental illness. The thesis studies the use of foundation
model pretrained on a large amount of unlabelled data to compensate the data sparsity
issue in depression detection, which leverages generic speech knowledge. Apart from
improving classification accuracy of automatic diagnosis systems, confidence estimation is
also important to help reduce the risk of misdiagnosis. A confidence prediction method is
then proposed that serves as a reference indicator for whether to trust the model’s predictions.

1.3 Thesis Outline

An overview of each chapter is given in this section, including references to the corresponding
publications1.

Chapter 2: Deep Learning
This chapter covers the fundamental elements of deep learning, including their basic build-

1The list of published papers related to the thesis can be found in Appendix A.
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ing blocks such as types of neural network layers, training algorithms and regularisation
techniques.

Chapter 3: Automatic Emotion Recognition
This chapter introduces AER including a description of emotion states, a brief review of
related work, benchmark emotion corpora, current challenges in AER, as well as an AER
system based on foundation models.

Chapter 4: An Integrated System for AER and ASR with Automatic Segmentation
This chapter proposes an integrated system that combines AER with speaker diarisation and
speech recognition. Two metrics are proposed to evaluate AER performance with automatic
segmentation. This is the first work that considers emotion recognition with automatic
segmentation and integrates emotion recognition, speech recognition and speaker diarisation
into a jointly-trained model. This research work has been presented in the publication:

Wu et al. (2023b): Wu, W., Zhang, C., and Woodland, P. C. (2023). Integrating emotion
recognition with speech recognition and speaker diarisation for conversations. In Proceedings
of Interspeech 2023.

Chapter 5: Handling Ambiguity in Emotion Class Labels
This chapter investigates three approaches to handling ambiguity in emotion. The emotion
classification problem is transformed into an emotion distribution estimation problem to
capture finer-grained emotion differences. Given an utterance with ambiguous emotion the
proposed approach is able to provide a comprehensive representation of its emotion content
as a distribution with a reliable uncertainty measure. This research work has been presented
in the publication:

Wu et al. (2024b): Wu, W., Li, B., Zhang, C., Chiu, C.-C., Li, Q., Bai, J., Sainath, T. N.,
and Woodland, P. C. (2024). Handling ambiguity in emotion: From out-of-domain detection
to distribution estimation. In Proceedings of the 62st Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers) (ACL 2024).

Chapter 6: Estimating Uncertainty in Emotion Attributes
This chapter extends the approach proposed in Chapter 5 from categorical emotion labels to
dimensional emotion attributes. Deep evidential emotion regression (DEER) is proposed to
estimate both aleatoric and epistemic uncertainties in emotion attributes. This research work
has been presented in the publication:
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Wu et al. (2023a): Wu, W., Zhang, C., and Woodland, P. C. (2023). Estimating the
uncertainty in emotion attributes using deep evidential regression. In Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers)
(ACL 2023).

Chapter 7: Subjective Human Evaluations
This chapter expands the scope beyond emotion to general subjective tasks and proposes a
generic framework for variability-aware human annotator simulation. The labels it generates
can not only capture the mainstream perspective but also align with the distribution of human
viewpoints, thus promoting inclusivity and fairness. Part of this research work has been
presented in the publication:

Wu et al. (2024a): Wu, W., Chen, W., Zhang, C., and Woodland, P. (2024). Modelling
variability in human annotator simulation. In Findings of the Association for Computational
Linguistics: ACL 2024.

Chapter 8: Detection of Mental Disorders and Cognitive Diseases
This chapter introduces automatic detection of mental disorders and cognitive diseases from
spontaneous speech. The chapter starts with relevant background knowledge of automatic
diagnosis systems. Then foundation models are investigated for speech-based depression
detection, which achieved state-of-the-art performance on the benchmark dataset. A novel
Bayesian approach is proposed for confidence estimation for detection of depression and AD,
which could improve the reliability of an automatic diagnosis system. The research work in
this chapter has been presented in the publications:

Wu et al. (2023c): Wu, W., Zhang, C., and Woodland, P. C. (2023). Self-supervised
representations in speech-based depression detection. In Proceedings of IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP 2023).

Wu et al. (2024c): Wu, W., Zhang, C., and Woodland, P. C. (2024). Confidence estimation
for automatic detection of depression and Alzheimer’s disease based on clinical interviews.
In Proceedings of Interspeech 2024.

Chapter 9: Conclusions and Future Work
The key contributions and outlook are summarised in this chapter.

Appendices A- E include lists of publications and datasets, detailed derivations, and further
visualised examples.





Chapter 2

Deep Learning

This chapter introduces the theory and techniques of deep learning which are needed to
support the discussion in the rest of the thesis. The chapter is structured into sections
discussing the basic architectures of deep neural networks (Section 2.1), typical paradigms
of training a deep neural network (Section 2.2), optimisation methods (Section 2.3) and
regularisation strategies (Section 2.4).

2.1 Deep Neural Networks

An artificial neural network (ANN) is a model that aims to capture the underlying relationship
in a set of data through a process that mimics the way the human brain works. Fig. 2.1
illustrates the structure of a simple ANN which consists of an input layer, an output layer,
and two hidden layers. Layers are made up of neurons which is the basic computation
unit with weighted combinations and non-linear transformations. If the network contains
multiple hidden layers, it is called a deep neural network (DNN). DNNs are universal function
approximators. Increasing the depth and width of DNNs allows more complex functions to
be approximated (Bishop and Nasrabadi, 2006, Murphy, 2012, Goodfellow et al., 2016). An
ANN maps input x to output y through a function parameterised by parameters θ:

y = f (x|θ) (2.1)

If the input is mapped to a discrete output space, the mapping is called classification. If the
input is mapped to a continuous output space, the mapping is called regression.

The rest of this section summarises commonly used DNN architectures including feed-
forward, convolution, recurrent neural networks along with encoder-decoder structure and
the attention mechanism.
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Input layer

Output layer

Hidden layers

…

…

…

Multi-head 
Attention

Fig. 2.1 A simple ANN with two hidden layers.

2.1.1 Feed-Forward Neural Networks

Fully-connected (FC) layers are the most fundamental building block of feed-forward neural
networks. An FC layer consists of an affine transformation of the input followed by an
element-wise non-linear activation function 𝜎(·):

z (𝑙) = W(𝑙)h(𝑙−1) + b(𝑙)

h(𝑙) = 𝜎
(
z (𝑙)

)
θ(𝑙) = {W(𝑙) , b(𝑙)}

(2.2)

where 𝑙 is the layer index, the weight matrix W(𝑙) ∈ R𝑑𝑙−1×𝑑𝑙 and the bias vector b(𝑙) ∈ R𝑑𝑙
are model parameters. Commonly used activation functions include the sigmoid function,
the hyperbolic tangent (tanh) function, the rectified linear unit (ReLU) and the leaky ReLU
(LReLU):

sigmoid(𝑥) = 1
1 + exp(−𝑥)

tanh(𝑥) = exp(𝑥) − exp(−𝑥)
exp(𝑥) + exp(−𝑥)

ReLU(𝑥) = max(0, 𝑥)
LReLu(𝑥) = max(𝛼𝑥, 𝑥), 0 < 𝛼 < 1.

The activation functions are illustrated in Fig. 2.2. The softmax function (defined in Eqn. (2.3)
where 𝐾 is the output dimension) can naturally represent the probability mass function over
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Fig. 2.2 Activation functions.

the outputs and are thus commonly used for classification.

softmax(𝑥)𝑖 =
exp(x𝑖)∑𝐾
𝑗=1 exp(x 𝑗 )

(2.3)

For regression, linear output layers are typically used1.

2.1.2 Convolutional Neural Networks

Feed-forward neural networks capture unstructured vector-to-vector mappings, i.e., a single
x maps to a single y. In real-life applications, information is usually provided in structured
data which resides in a fixed field within a record or file (e.g., audio waveform, sentences,
images). Structured data is usually high-dimensional and often in the form of sequences with
(unknown) dependencies between data elements (e.g., x1, . . . ,x𝑇 ).

Convolutional neural networks (CNNs) (LeCun et al., 1995) are a special type of DNN
where the matrix multiplication operation between the input for a layer and the layer weights
is replaced by convolution – a specialised kind of linear operation. CNNs are good at
capturing the temporal and/or spatial relationships in the data, and are thus widely used
for image processing. CNNs are usually made up of convolution blocks which, in general,
consecutively perform convolution, non-linear activation and pooling.

In the convolution layer, the weight matrix is replaced by a set of kernels K. The number
of kernels 𝐶 is also called the number of channels. Kernels usually have small receptive
field (e.g., 3 × 3) and are therefore more efficient in terms of memory and computation. The
output of each layer is the convolution of each kernel with each input channel, followed by

1Details about training models for classification and regression will be discussed in Section 2.2.1.
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an element-wise non-linear activation function:

h(𝑙)
𝑗

= 𝜎
©­«
𝐶 (𝑙−1)∑︁
𝑖=1

h(𝑙−1)
𝑖
∗K(𝑙)

𝑗
+ b(𝑙)

𝑗

ª®¬ , ∀ 𝑗 ∈ {1, 2, ..., 𝐶 (𝑙)} (2.4)

where 𝑙 is the layer index, b is the bias vector, 𝑗 is the index of output channel, 𝑖 is the index
of input channel.

Pooling is a form of non-linear down-sampling that replaces the output at a certain
location with a summary statistic of the nearby outputs. Max-pooling and mean-pooling are
the two most widely used pooling functions (Zhou and Chellappa, 1988). Max-pooling only
takes the maximum value within a rectangular area in the output while mean pooling takes the
average or a weighted average of the elements within the defined area. The pooling operation
effectively reduces the output dimension from each convolutional layer and improves the
invariance of the representation against small temporal or spatial translation.

Currently, a wide range of general CNN architectures have shown success in image
recognition tasks such as the VGG architecture (Simonyan and Zisserman, 2014), the residual
network (ResNet) (He et al., 2016) and DenseNets (Iandola et al., 2014). Although CNNs
were first developed for image processing and computer vision, recently they have also been
used extensively in speech feature extraction (Baevski et al., 2020, Hsu et al., 2021, Chen
et al., 2022).

2.1.3 Recurrent Neural Networks

Recurrent neural networks (RNNs) (Rumelhart et al., 1986, Pineda, 1987) are another
type of DNN that operate on sequence data. In contrast to CNNs where the output of a
convolution only depends on close neighbours, RNNs take all previous sequence history
into consideration. RNNs can model arbitrary sequence-to-vector, vector-to-sequence and
sequence-to-sequence mappings:

{x1, ...,x𝑇 } ↦→ y

x ↦→ {y1, ..., y𝑇 }
{x1, ...,x𝑇 } ↦→ {y1, ..., y𝑇 }.

(2.5)

RNNs have recurrent hidden states h𝑡 that take the output y𝑡−1 (Jordan style (Jordan, 1997))
or hidden state h𝑡−1 (Elman style (Elman, 1990)) from the previous time step as an additional
input. The structure of an Elman RNN is illustrated in Fig. 2.3. The hidden states encapsulate
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the information in all past inputs:

h𝑡 = tanh
(
W𝐻h𝑡−1 +W𝐼x𝑡 + b𝐻

)
y𝑡 = tanh

(
W𝑂h𝑡 + b𝑂

) (2.6)

where 𝑡 denotes the current time step, W𝐼 is the input weight matrix, W𝐻 is the recurrent
hidden state transition matrix, W𝑂 is the output weight matrix, b𝐻 and b𝑂 are the bias vectors.

RNN
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𝒚𝒚𝒕𝒕

FC

𝒉𝒉𝒕𝒕

RNN

𝒙𝒙𝟏𝟏

𝒚𝒚𝟏𝟏

FC

𝒉𝒉𝟏𝟏

RNN

𝒙𝒙𝟐𝟐

𝒚𝒚𝟐𝟐

FC

𝒉𝒉𝟐𝟐

RNN

𝒙𝒙𝟑𝟑

𝒚𝒚𝟑𝟑

FC

𝒉𝒉𝟑𝟑

RNN

𝒙𝒙𝒕𝒕

𝒚𝒚𝒕𝒕

FC

𝒉𝒉𝒕𝒕

…=

Feed Forward Add & Norm

Fig. 2.3 Elman RNN and its unfolded representation.

One major limitation of the traditional RNN structure presented in Eqn. (2.6) is the
cascaded forgetting issue for long sequences. Training an RNN is effectively equivalent to
unfolding the time steps and training a very deep neural network. As the time step increases,
the unfolded neural network gets deeper and the gradient vanishing problem (Bengio et al.,
1994) that can happen when training very deep networks (which will be discussed in detail
in Section 2.3) blocks the RNN from learning long-term dependencies. To overcome this
limitation, the long short-term memory (LSTM) RNN was introduced (Hochreiter and
Schmidhuber, 1997) which controls the past information retained by a memory cell.

Long Short-Term Memory

The LSTM introduces an extra cell state c𝑡 and three gates – the input gate g𝐼 , forget gate g𝐹

and output gate g𝑂 – to control information flow to and from the memory cell. The gates are
functions of the current input x𝑡 and the past output hidden state h𝑡−1:

g𝐼𝑡 = sigmoid
(
U𝐼h𝑡−1 +W𝐼x𝑡 + b𝐼

)
g𝐹𝑡 = sigmoid

(
U𝐹h𝑡−1 +W𝐹x𝑡 + b𝐹

)
g𝑂𝑡 = sigmoid

(
U𝑂h𝑡−1 +W𝑂x𝑡 + b𝑂

)
.

(2.7)
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The candidate state c̃𝑡 is computed in the same way as in a standard RNN:

c̃𝑡 = tanh
(
Ũh𝑡−1 + W̃x𝑡 + b̃

)
(2.8)

The forget gate controls what should be carried from the previous cell states to the current
cell states. The input gate controls what history should be taken into the current cell states.
And the output gate controls what proportion of memory should be stored in the history:

c𝑡 = g𝐹𝑡 ⊙ c𝑡−1 + g𝐼𝑡 ⊙ c̃𝑡

h𝑡 = tanh(c𝑡) ⊙ g𝑂𝑡
(2.9)

where ⊙ denotes element-wise multiplication. The memory cell enables the LSTM to control
the information stored in the memory. Compared to traditional RNNs, LSTMs are capable
of carrying information over longer time spans, which allows them to capture longer-term
dependencies in the data.

Bidirectional LSTM (Bi-LSTM) (Schuster and Paliwal, 1997) networks are an extension
of LSTM networks designed to capture information from both past and future states of a
sequence. A Bi-LSTM consists of two LSTMs: a forward LSTM that processes the sequence
from the beginning to the end, and a backward LSTM that processes the sequence from the
end to the beginning. The outputs from both the forward and backward LSTMs are combined,
allowing the network to have access to information from both directions. This is beneficial in
tasks where causality is not required2 and the context from both past and future elements of
the sequence is important.

2.1.4 Transformers

Models based on the Transformer (Vaswani et al., 2017) architecture are currently the most
popular for sequence modelling tasks, and achieve state-of-the-art (SOTA) results in a wide
range of applications in natural language processing (NLP) and speech processing. In
contrast to RNNs which rely on the recurrent connection to model the inter-dependency
across positions in the sequence, the Transformer employs a self-attention mechanism which
allows the model to weight the importance of different positions in a sequence. Information
at all time lags (near and far) is processed in the same way, allowing better learning of
long-term dependencies. In addition, compared to recurrent architectures, the self-attention
mechanism processes each position in the sequence in a feed-forward manner, thus enabling

2Since Bi-LSTMs use future information, they are not suitable for online applications where only the
current and previous inputs are available for predicting outputs at the current step.
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a higher level of parallelisation that can take further advantage of the graphics processing unit
(GPU) capabilities. In summary, the self-attention mechanism enables the Transformer to
capture long-range dependencies and contextual information more effectively and efficiently
and are thus suitable for processing moderately long sequences.

The structure of a Transformer is illustrated in Fig. 2.4, which is an attention-based
encoder-decoder model. It consists of an encoder which encodes input features into a se-
quence of high level vector representations and a decoder which generates predictions given
the encoder output and previous predictions. The encoder and the decoder are connected
by the attention mechanism. In the Transformer, both the encoder and the decoder con-
tain repeated blocks that perform the same set of computations and are referred to as the
Transformer encoder block and the Transformer decoder block respectively. The computa-
tion in a Transformer block contains scaled dot-product multi-head attention mechanisms,
position-wise feed-forward networks (FFNs), layer normalisation and residual connections.

The scaled dot-product attention is the key to the Transformer structure. The input
consists of queries and keys of dimension 𝑑𝑘 , and values of dimension 𝑑𝑣. The output is
computed as the weighted sum of the values, where the weight assigned to each value is
computed by a compatibility function of the query with the corresponding key. Packing

Multi-head 
Attention

FFN
𝑒𝑒1 𝑒𝑒K…

Add & Norm

Positional 
Encoding

Masked Multi-
head Attention

FFN

Positional 
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Multi-head 
Attention

Add & Norm

FCAdd & Norm

Add & Norm

FC & Softmax
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Input 
embedding

𝒙𝒙1:𝑇𝑇 𝒚𝒚0:𝑡𝑡−1

𝒚𝒚𝑡𝑡

Fig. 2.4 Transformer model structure.
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queries, keys, and values into matrices Q ∈ R𝑇×𝑑𝑘 ,K ∈ R𝑇×𝑑𝑘 ,V ∈ R𝑇×𝑑𝑣 where 𝑇 is the
sequence length, the scaled dot-product attention is computed as:

Attention(Q,K,V) = softmax
(
QK𝑇

√
𝑑𝑘

)
V (2.10)

The dot product is scaled by 1/
√
𝑑𝑘 to avoid pushing the softmax function into saturation

regions where it has extremely small gradients.
Furthermore, the Transformer uses multi-head attention (MHA) which allows the model

to jointly attend to information from different representation subspaces at different positions.
Instead of performing a single attention function with 𝑑model-dimensional keys, values and
queries, MHA projects the queries, keys and values 𝐻 times with different learned linear
projections to 𝑑𝑘 , 𝑑𝑘 and 𝑑𝑣 dimensions respectively:

Q𝑖 = W𝑄

𝑖
Q, W ∈ R𝑑model×𝑑𝑘

K𝑖 = W𝐾
𝑖 K, K ∈ R𝑑model×𝑑𝑘

V𝑖 = W𝑉
𝑖 V, V ∈ R𝑑model×𝑑𝑣

(2.11)

where 𝑖 = 1, . . . , 𝐻 and 𝐻 is referred to as the number of heads. The attention function is
then performed in parallel for each of the projected version of queries, keys, and values, each
producing a 𝑑𝑣-dimensional output values. These are then concatenated and projected once
again resulting in the final values:

MultiHead(Q,K,V) = Concat(head1, ..., head𝑖)W𝑂

where head𝑖 = Attention(Q𝑖,K𝑖,V𝑖)
(2.12)

where W𝑂 ∈ R𝐻𝑑𝑣×𝑑model is a parameter matrix. In Transformer encoder blocks, all of the
queries, keys, and values come from the output of the previous layer in the encoder, which is
called self-attention. The Transformer decoder block contains two MHA modules. The first
one is a masked self-attention MHA where an attention mask is applied to the dot product to
prevent positions from attending to subsequent positions3. The second is an encoder-decoder
cross attention where the queries come from the previous decoder layer, and the keys and
values come from the output of the encoder.

In addition to the attention sub-layer, each Transformer block contains a fully-connected
feed-forward network (FFN), which is applied to each position separately and identically.
This consists of two linear transformations with a ReLU activation in between. A residual

3This mask ensures that the prediction for a given position only depends on the previous positions in the
sequence and the generation process is thus causal (or auto-regressive).
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connection (He et al., 2016) is applied around each sub-layer followed by layer normalisa-
tion (Ba et al., 2016): LayerNorm(x + Sublayer(x)), which improves training stability and
convergence.

Since Transformer blocks do not contain recurrence and process each position identically
and in parallel, the order of the sequence is not explicitly maintained. Therefore, additional
positional embeddings are added to the input before sending them to the Transformer blocks
to inject some information about the relative or absolute position of the tokens in the sequence.
The positional encoding has the same dimension 𝑑model as the input embeddings. Positional
encoding can either be fixed or learned (Gehring et al., 2017). A commonly used fixed form
employs sinusoidal functions where each element in the embedding vector at position 𝑝𝑜𝑠,
dimension 𝑖 is given by:

PE(𝑝𝑜𝑠, 2𝑖) = sin

(
𝑝𝑜𝑠

10000
2𝑖

𝑑model

)
PE(𝑝𝑜𝑠, 2𝑖 + 1) = cos

(
𝑝𝑜𝑠

10000
2𝑖

𝑑model

) (2.13)

The positional embedding is directly added to the input vector at position 𝑝𝑜𝑠 and each
dimension of the positional encoding corresponds to a sinusoid.

Although initially proposed for text data, Transformers and their variants also show
impressive performance for audio and image data and are now also widely used for speech
processing (Baevski et al., 2020, Chen et al., 2022, Radford et al., 2023) and computer
vision (Parmar et al., 2018, Chen et al., 2020, Kolesnikov et al., 2021).

2.1.5 Conformers

Transformer models are good at capturing content-based global interactions, while CNNs
exploit local features effectively. The convolution-augmented transformer, or Conformer (Gu-
lati et al., 2020), has been proposed to take advantage of both. By integrating convolutional
layers with self-attention mechanisms, Conformers allow modelling both local and global
dependencies of an audio sequence in a parameter-efficient way.

The overall structure of a Conformer block is illustrated in Fig. 2.5 (a). The two main
modifications to the standard Transformer in the Conformer are the addition of the convo-
lution module (Fig. 2.5 (b)) and the two half-step FFNs (Fig. 2.5 (c)) which replace the
original single FFN in the Transformer block. The convolution module begins with a gating
mechanism (Dauphin et al., 2017) which comprises of a pointwise convolution and a gated
linear unit (GLU). Pointwise convolution applies convolution kernels of 𝐶out × 1 to the input
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Fig. 2.5 The Conformer structure. (a) The overall structure of a conformer block (b) Structure
of the convolution module. (c) Structure of the half-step feed-forward network (FFN).

of shape 𝐶in × 𝑇 where 𝐶in is the number of input channels and 𝐶out is the number of output
channels. The first pointwise convolution has 𝐶out = 2𝐶in and the GLU after it uses the
second half (i.e., channels 𝐶in to 2𝐶in) for element-wise gating activation on the first half
(i.e., channels 1 to 𝐶in). The depthwise convolution performs convolution along the time
dimension and the second pointwise convolution has 𝐶out = 𝐶in. Both the convolution and
the half-step FFN modules use the Swish activation function (Ramachandran et al., 2017):

Swish(x) = x · sigmoid(x) (2.14)

The Swish activation function is often regarded as a smoothed version of the ReLU function,
which is differentiable everywhere.

Another important difference from the standard Transformer block described in Sec-
tion 2.1.4 is the use of pre-norm residual units (Wang et al., 2019, Nguyen and Salazar, 2019)
that apply layer normalisation within the residual unit and on the input before the MHA
or FFN layer. In addition, relative sinusoidal positional encoding (Dai et al., 2019) is used
instead of fixed sinusoidal positional encoding which allows the self-attention module to
generalise better for different input lengths resulting in enhanced robustness to the variations
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in the utterance length. Detailed descriptions of batch/layer normalisation and dropout can
be found in Sections 2.3.5 and 2.4.3 respectively.

2.2 Training Neural Networks

Having discussed the main types of networks and structures, this section presents the proce-
dure to train a network for a specific task. The aim of training is to find the optimal value of
the model parameters that maps the input to the output. A loss function (also known as a cost
function or error function) L(θ) is defined which measures how well the model captures
the relationship in the data and is a function of the model parameters θ. The optimal model
parameters are found by minimising the loss function:

θ̂ = arg min
θ
L(θ). (2.15)

2.2.1 Supervised Learning

Tasks where the training data contains inputs paired with their corresponding target outputs
are called supervised learning problems. Classification and regression are two most common
supervised learning problems. For classification, the desired output contains a finite number
of discrete categories while for regression the desired output consists of one ore more
continuous variables. If the training data consists of a set of inputs without any corresponding
targets, the tasks are called unsupervised learning problems. The goal of such tasks includes
grouping similar samples within the data, known as clustering, recognising the distribution of
input data, known as density estimation, and projecting data from a high-dimensional space
to a low-dimensional space, known as dimensionality reduction. This thesis mainly focuses
on supervised learning problems.

Training Models for Classification

Consider a training datasetD = {x𝑖, t𝑖}𝑁𝑖=1 where x𝑖 is an input sample, t𝑖 is its corresponding
target and 𝑁 is the number of samples in the training set. For a classification problem, t𝑖 is a
one-hot vector with the dimension corresponding to the correct class set to 1 and others being
0. The output y𝑖 is a categorical probability distribution over the 𝐾 classes which is usually
the output of a softmax function. Cross-entropy is commonly used as the loss function for
classification problems:

L(y𝑖, t𝑖) = −
𝐾∑︁
𝑘=1

t𝑖𝑘 log y𝑖 . (2.16)
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Training Models for Regression

In a regression problem, the target t𝑖 is a continuous-value vector (or a scalar if output
dimension is one). The loss function is usually designed to minimise the error between
network output y𝑖 and the target t𝑖. Commonly used error functions include the mean squared
error (MSE) defined in Eqn. (2.17) and mean absolute error (MAE) defined in Eqn. (2.18).
MSE, also known as the 𝐿2 loss, is the most widely used loss function for regression though
it tends to be sensitive to outliers. MAE, also known as 𝐿1 loss, is sometimes employed as
an alternative to the MSE when the dataset contains a large number of outliers.

LMSE =

𝑁∑︁
𝑖=1
(t𝑖 − y𝑖)2 (2.17)

LMAE =

𝑁∑︁
𝑖=1
| |t𝑖 − y𝑖 | | (2.18)

2.2.2 Self-Supervised Learning and Foundation Models

Self-supervised learning (SSL) is a special type of paradigm which utilises information
extracted from the input data itself as the label to learn representations without explicit
supervision. Unlike standard supervised learning problems, SSL does not rely on external
labels provided by humans while techniques for supervised learning can often be used for
SSL (i.e., cross-entropy loss). A major benefit of SSL is the use of unlabelled data. Obtaining
labels are costly and time-consuming, SSL leverages the abundance of unlabelled data that is
often readily available. By training the model to predict some aspect of the input data based
on other parts of the input data, the model can learn useful representations of the input data
without explicit labels.

Recently, a paradigm shift has been observed with the rise of foundation models (Bom-
masani et al., 2021). Foundation models are any models that are trained on broad range of
data at scale and can be adapted (e.g., finetuned) to a wide range of downstream tasks (Bom-
masani et al., 2021). SSL is one of the most common approaches to training a foundation
model to learn representations useful for downstream tasks. The paradigm consists of two
phases. In the first phase, a foundation model (also called an upstream model) is pretrained
using SSL. In the second phase, a downstream model is trained in a supervised manner either
using the learned representation from the frozen model or by finetuning the pretrained model.

Foundation models have achieved great success in natural language processing (e.g.,
BERT (Devlin et al., 2019), GPT-3 (Brown et al., 2020)) and vision (e.g., ViT (Kolesnikov
et al., 2021), iGPT (Chen et al., 2020)) and has attracted increasing attention in speech pro-
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cessing (e.g., wav2vec 2.0 (Baevski et al., 2020), HuBERT (Hsu et al., 2021), WavLM (Chen
et al., 2022)). Foundation models leverage a large amount of unlabelled data during pretrain-
ing, which can help alleviate the data sparsity issue in emotion and medical data.

In SSL, networks are trained to map the input to the desired representation by solving a
pretext task. SSL models can be broadly grouped into three categories based on their pretext
task type: generative, contrastive, and predictive SSL.

Generative SSL

In this category, the pretext task is to generate, or reconstruct, the input data based on some
limited view. This includes predicting future inputs from past inputs, masked from unmasked,
or the original from some other corrupted version. Examples of generative SSL includes
autoencoders (Hinton and Zemel, 1993) which are trained to reconstruct the given input and
BERT (Devlin et al., 2019) which can be trained by masked reconstruction and next sentence
prediction.

Contrastive SSL

Contrastive models learn self-supervised representations by distinguishing a target sample
(positive) from distractor samples (negatives) given an anchor representation. The pretext
task minimises distances in a latent space between the anchor and positive samples while
maximising the distance to negative samples. Typical contrastive models include contrastive
predictive coding (Oord et al., 2018), Wav2vec (Schneider et al., 2019), Wav2vec 2.0 (Baevski
et al., 2020).

Predictive SSL

Unlike generative representation learning approaches, predictive methods output a distri-
bution over a discrete vocabulary given a masked input utterance. The predictive loss is
only applied over the masked regions, forcing the model to learn good high-level representa-
tions of unmasked inputs to infer the targets of masked ones correctly. Typical predictive
models include DiscreteBERT (Baevski and Mohamed, 2020), HuBERT (Hsu et al., 2021),
WavLM (Chen et al., 2022), and Data2vec (Baevski et al., 2022).
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2.2.3 Language Foundation Models

Foundation models used in this thesis are grouped in to language foundation models and
speech foundation models depending on the input modality. This section describes language
foundation models.

BERT

BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al., 2019) is a
popular technique for pretraining contextualised universal sentence embeddings based on a
Transformer model. BERT enables bi-directional prediction and sentence-level understanding
by obtaining both previous and subsequent context. BERT is trained with two tasks: masked
language modelling which predicts the missing word given the context and next sentence
prediction for understanding the relationships between sentences and telling whether one
sentence is the following sentence of the other. The original English-language BERT model
has two versions: BERT-Base which contains 12 Transformer encoders with 12 bidirectional
self-attention heads, and BERT-Large which contains 24 encoders with 16 bidirectional
self-attention heads. Both models are pretrained from unlabelled data extracted from the
BooksCorpus (Zhu et al., 2015) (800M words) and English Wikipedia (2,500M words).

RoBERTa

RoBERTa (Robustly optimised BERT approach) (Liu et al., 2019) is a variant of the BERT
model. Built upon the architecture and pretraining methodology of BERT, RoBERTa incorpo-
rates several modifications and enhancements: (i) dynamic masking where different masking
patterns are applied to the input data in each training epoch, which helps the model generalise
better to unseen data and prevent overfitting; (ii) larger training corpus with additional web
data and books and a longer training period; (iii) the removal of the next sentence prediction
task. Overall, RoBERTa is designed to produce more robust representations of text, leading
to improved performance on various NLP tasks such as text classification, sentiment analysis,
question answering, and natural language understanding.

2.2.4 Speech Foundation Models

This section introduces the speech foundation models used in this thesis.
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Fig. 2.6 Illustration of Wav2vec 2.0 framework.

Wav2vec 2.0

The Wav2vec 2.0 (W2V2) (Baevski et al., 2020) model combines masking and contrastive
learning. The structure of W2V2 is illustrated in Fig. 2.6. It takes as input a waveform
and encodes speech audio via a CNN and then masks spans of the resulting latent speech
representations. The latent representations are then fed into a Transformer-based context
network to generate contextualised representations. The model is trained via a contrastive
pretext task where the true latent representation is to be distinguished from distractors. Given
the context network output c𝑡 centred over masked time step 𝑡, the model is trained to identify
the true quantised latent speech representation q𝑡 in a set of 𝐾 + 1 quantised candidate
representations Q𝑡 which includes q𝑡 and 𝐾 distractors. Distractors are uniformly sampled
from other masked time steps of the same utterance. The loss is defined as

L𝑚 = − log
exp (sim (c𝑡 , q𝑡) /𝐾)∑

q̃∈Q𝑡
exp (sim (c𝑡 , q̃) /𝐾)

(2.19)

where sim (c𝑡 , q𝑡) computes the cosine similarity between context representations and quan-
tised latent speech representations. The W2V2 models are primarily pretrained on audio data
from the LibriSpeech corpus (Panayotov et al., 2015) (960 hours) or LibriVox (Kearns, 2014)
(60k hours)4. Both datasets are derived from audio books.

4Different versions of W2V2 models may have been pretrained on different datasets.
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HuBERT

Rather than relying on an advanced representation learning model for discretising continuous
spoken inputs, HuBERT (Hidden unit BERT) (Hsu et al., 2021) examines the effective-
ness of using the classic k-means units trained on MFCC features. HuBERT predicts the
predetermined k-means cluster assignment given the masked continuous speech features.
Similar to the Wav2vec 2.0, the HuBERT model consumes continuous waveform inputs
using a convolutional encoder. Masking is then applied before the Transformer network as
in Wav2vec 2.0. Since the targets are pre-computed cluster identities, the HuBERT model
can directly evaluate the regular cross-entropy loss between the correct k-means cluster
and the predicted one. This is opposed to constrastive methods which require negative
samples to avoid degenerating to trivial solutions. The HuBERT models are pretrained on
the LibriSpeech corpus (Panayotov et al., 2015) (960 hours) or Libri-Light (60k hours).

WavLM

Based on the HuBERT framework, WavLM emphasises spoken content modelling and
speaker identity preservation (Chen et al., 2022). It extends the Transformer self-attention
with a content-based gated relative position bias which improves the model’s capability
on recognition tasks compared to the convolutional feature extractor used in HuBERT and
Wav2vec 2.0 models. The WavLM framework also proposed an utterance mixing strategy
where partially overlapped signals from different speakers are constructed to augment the
training data. The content information corresponding to the main speaker is used as the
target during the masked prediction pretraining. This helps the model to learn paralinguistic
information related to, e.g., speaker attributes. The pretraining data used for WavLM extends
the sources used for HuBERT and Wav2vec 2.0 to reach a total of 94k hours of public audio.
Due to the use of multi-speaker data, WavLM shows superior performance on multi-speaker
tasks such as separation and diarisation.

2.3 Optimisation

Given the loss L(θ), the neural network is trained to find the set of parameters θ that
minimise the loss. Closed-form solutions are not available for deep neural networks. Instead,
gradient-based methods (e.g. gradient descent (Gill et al., 1981)) are commonly used to
optimise the network iteratively and error back-propagation (Rumelhart et al., 1986) is widely
used to computed the gradients.
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2.3.1 Error Back-Propagation

Back-propagation computes the gradient of the loss function with respect to each model
parameter. Gradient-based optimisation algorithms then takes these gradients to update the
value of the parameters. To compute the gradient, the loss is propagated from the output back
through the network using the chain rule of partial differentiation. Taking the network in
Eqn. (2.2) as an example, the gradient of loss L(θ) with respect to W(𝑙) can be computed as:

𝜕L(θ)
𝜕W(𝑙) =

𝜕L(θ)
𝜕z (𝑙)

𝜕z (𝑙)

𝜕W(𝑙) =
𝜕L(θ)
𝜕z (𝑙)

h(𝑙−1) (2.20)

where 𝜕L(θ)
𝜕z (𝑙)

is the derivative of the activation function. If the softmax function is used at the
output layer and the loss function is cross entropy, then

𝜕L(θ)
𝜕z (𝑜)

= t − z (𝑜) (2.21)

where t is the target and z (𝑜) is the logits at the output before passing through the softmax. If
the sigmoid activation is used, the derivative 𝜕L(θ)

𝜕z (𝑙)
is less than 1

4 . As the network gets deeper,
the chain expands and the gradient decreases, causing parameters closer to the input to not
be updated efficiently. This problem is called gradient vanishing, which can be mitigated by
replacing the sigmoid activation function with ReLU, adding residual connections, applying
normalisation methods5, etc.

2.3.2 Parameter Update

Stochastic Gradient Descent

Having computed the gradient, gradient descent is commonly used to update the model
parameters iteratively. In each iteration, gradient descent methods update each parameter in
the opposite direction to the gradient of the loss with respect to the parameter by a small step:

Δθ(𝑡−1) = −𝜖∇θL
(
θ(𝑡−1)

)
(2.22)

θ(𝑡) = θ(𝑡−1) + Δθ(𝑡−1) (2.23)

where 𝑡 is the index of the update step and 𝜖 controls the step size, which is called the learning
rate.

5Normalisation methods will be discussed in detail in Section 2.3.5.
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When the loss L (θ) is computed over the entire training set in each iteration, the
optimisation is call full batch gradient descent (BGD). A full pass over the entire training
set is called an epoch. For BGD, each iteration is one epoch. BGD computes the exact
gradient of the loss on the training data, but may take a long time to update the parameter
once, especially for large datasets. Instead of updating the parameters after a full pass over
the training set, an alternative method is to update the parameters after processing each data
point, known as stochastic gradient descent (SGD) (Robbins and Monro, 1951). SGD can
yield faster convergence than BGD, however, in SGD the gradient of loss at each data point
is a single-sample approximation to the gradient of loss over the entire dataset. This leads to
noise in gradient update and a far lower learning rate is usually necessary to avoid instability
during training. A compromise between BGD and SGD is stochastic mini-batch gradient
descent (mini-batch SGD)6, which computes the loss over a mini-batch of samples. The
mini-batches are usually shuffled between each epoch to avoid unnecessary bias into the
model. Using mini-batches can also exploit the parallel processing ability of GPU where
multiple mini-batches can be processed in parallel and thus achieves efficient training.

2.3.3 Momentum and Adaptive Learning Rates

The choice of the learning rate parameter 𝜖 is important when applying gradient descent in
practice. It is typical for the local gradient vector on the error surface not to point directly
towards the overall loss function minimum (e.g., when the error surface forms a “valley”).
A large step size 𝜖 can lead to oscillations back and forth across the valley, with these
oscillations becoming divergent if 𝜖 is excessively large. Since 𝜖 must be kept sufficiently
small to avoid divergent oscillations, the convergence becomes very slow and the optimisation
is inefficient.

Momentum methods are typically used to avoid this behaviour and accelerate convergence
by adding the previous parameter update, multiplied by the momentum rate 𝛽 to the current
parameter update:

Δθ(𝑡−1) = −𝜖∇θL
(
θ(𝑡−1)

)
+ 𝛽Δθ(𝑡−2) (2.24)

where 0 ≤ 𝛽 ≤ 1. The model parameters are then updated using Eqn. (2.23). The momentum
effectively adds inertia to the motion through weight space and smooths out the oscilla-
tions, which increases the effective learning rate in the direction of consistent gradients and
accelerates convergence.

6Mini-batch SGD is commonly used in practice and SGD sometimes refers to mini-batch SGD instead of
“true” SGD in the literature.
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Since the optimal learning rate depends on the local curvature of the error surface and
can vary according to the direction in parameter space, it is desirable to use different learning
rates for each parameter in the network. Adagrad (Duchi et al., 2011), AdaDelta (Zeiler,
2012), and RMSprop (Goodfellow et al., 2016) are classes of optimisers that automatically
scale the learning rate for each parameter using accumulated gradients.

Adam (Kingma and Ba, 2014) is a widely adopted optimisation algorithm for neural
networks, which combines momentum with automatic adjustment of learning rate for each
parameter. Adam stores the momentum for each parameter separately using update equations
that consist of exponentially weighted moving averages for both the gradients and the squared
gradients:

𝑠
(𝑡)
𝑖

= 𝛽1𝑠
(𝑡−1)
𝑖
+ (1 − 𝛽1)

(
𝜕L(θ(𝑡−1))

𝜕𝜃𝑖

)
(2.25)

𝑟
(𝑡)
𝑖

= 𝛽2𝑟
(𝑡−1)
𝑖
+ (1 − 𝛽2)

(
𝜕L(θ(𝑡−1))

𝜕𝜃𝑖

)2

(2.26)

𝑠𝑖
(𝑡) =

𝑠
(𝑡)
𝑖

1 − 𝛽𝑡1
(2.27)

𝑟𝑖
(𝑡) =

𝑟
(𝑡)
𝑖

1 − 𝛽𝑡2
(2.28)

𝜃
(𝑡)
𝑖

= 𝜃
(𝑡−1)
𝑖
− 𝜖 𝑠𝑖

(𝑡)√︁
𝑟𝑖
(𝑡) + 𝛿

(2.29)

where 𝑖 is the parameter index and 𝛿 is a small number (e.g., 10−8) for computational stability.
Typical values for 𝛽1 and 𝛽2 is 0.9 and 0.99 respectively.

2.3.4 Learning Rate Schedules

Apart from adaptive learning rates which automatically apply different scaling coefficients
to 𝜖 for different parameters, it is also common to apply a global learning rate scheduler
which gradually changes the value of 𝜖 as training proceeds. The learning rate 𝜖 can be set to
gradually ramp up at the beginning (also called warm-up period) and/or decay at a certain
ratio associated with the number of training steps. Some schedulers decrease the learning rate
based on the validation performance of the current model on a held-out set of data7 during
training.

7It is common to hold out a separate subset of the training set for validation purposes.
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2.3.5 Initialisation and Normalisation

Iterative algorithms such as gradient descent require a choice for the initial values of the
parameters being learned. The model performance can sometimes be sensitive to the initial
parameter values, which determines the speed and location of convergence as well as the
model’s generalisation ability. Symmetry breaking is key to parameter initialisation which
avoids redundancy where units computes the same function and update synchronously.
Symmetry breaking is usually realised by initialising parameters randomly from some
distribution, e.g., uniform distribution or zero-mean Gaussian distribution. Another important
type of technique for initialising the parameters of a neural network is by using the values from
another network trained on a different task or exploit various forms of unsupervised training
(e.g., the upstream-downstream paradigm discussed in Section 2.2.2). These techniques fall
into the broad class of transfer learning.

Normalisation is an important strategy that improves training stability and facilitates
convergence by avoiding extremely large or extremely small values. Three types of normali-
sation are commonly used where normalisation is applied across input data, mini-batches,
and layers, respectively.

Data Normalisation

It is common for datasets to contain different input variables that span very different ranges.
Changes in a larger value tends to yield much larger changes in the output and thus the
loss function. This would lead to an error surface with very different curvatures along
different axes which makes optimisation more challenging. Min-max normalisation and
z-score normalisation are two commonly used rescaling methods. Min-max normalisation is
defined as follows:

xnorm
𝑛𝑖 =

x𝑛𝑖 − xmin
𝑖

xmax
𝑖
− xmin

𝑖

, where xmin
𝑖 = min{x𝑛𝑖}𝑁𝑛=1, xmax

𝑖 = max{x𝑛𝑖}𝑁𝑛=1 (2.30)

where 𝑖 is the feature index, 𝑁 is the number of data samples. Min-max normalisation may
not be suitable for data with outliers, as it can compress the majority of the data into a
narrow range. In such cases, z-score normalisation (also called standardisation) may be more
appropriate which subtracts feature mean from the original value and then divides the result
by the standard deviation of the feature:

xnorm
𝑛𝑖 =

x𝑛𝑖 − 𝜇𝑖√︃
σ2
𝑖
+ 𝛿

, where 𝜇𝑖 =
1
𝑁

𝑁∑︁
𝑛=1

x𝑛𝑖, σ2
𝑖 =

1
𝑁

𝑁∑︁
𝑛=1
(x𝑛𝑖 − 𝜇𝑖)2 (2.31)
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where 𝛿 is a small constant to avoid numerical issues in situations when σ2
𝑖

is small. This
ensures that the transformed data has a mean of 0 and a standard deviation of 1, making it
easier to interpret and compare features.

Batch Normalisation

For variables in hidden layers of a deep network, normalising them to zero mean and unit
variance helps prevent saturation in activation functions caused by extreme values and
alleviates gradient vanishing or exploding. Batch normalisation is illustrated in Fig. 2.7(a)
where the mean and variance are computed across the mini-batch separately for each hidden
unit. Eqn. (2.31) is modified for batch normalisation as follows:

yBatchNorm
𝑛𝑖 =

y𝑛𝑖 − µ𝑖√︃
σ2
𝑖
+ 𝛿

, where µ𝑖 =
1
𝐾

𝐾∑︁
𝑛=1

y𝑛𝑖, σ2
𝑖 =

1
𝐾

𝐾∑︁
𝑛=1
(y𝑛𝑖 − µ𝑖)2 (2.32)

where 𝐾 is the batch size.
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(a) Batch normalisation
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Fig. 2.7 Illustration of (a) batch normalisation where the mean and variance are computed
along the dimension of batch size and (b) layer normalisation where the mean and variance
are computed along the dimension of hidden states.

Layer Normalisation

Batch normalisation is infeasible for RNNs where the distributions change after each time
step. In addition, the estimates of mean and variance can be very noisy if the batch size is
very small. It can also be inefficient if the mini-batches are split across different GPUs which
can be common when training on very large datasets. An alternative is layer normalisation,
which normalises across the hidden-unit values. As shown in Fig. 2.7(b), layer normalisation
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computes the mean and variance across the hidden units separately for each data point. Layer
normalisation is defined as follows:

y
LayerNorm
𝑛𝑖

=
y𝑛𝑖 − µ𝑛√︁

σ2
𝑛 + 𝛿

, where µ𝑛 =
1
𝐷

𝐷∑︁
𝑖=1

y𝑛𝑖, σ2
𝑛 =

1
𝐷

𝐷∑︁
𝑖=1
(y𝑛𝑖 − µ𝑛)2 (2.33)

where 𝐷 is the dimension of the hidden layer.

2.4 Regularisation

Overfitting is a common problem in deep learning where the model learns to fit the training
data but fails to generalise to unseen data (Goodfellow et al., 2016). When the model is
overfitting the training data, a common indication is that the training loss keeps decreasing
while the validation loss plateaus before rising. Regularisation methods are developed to
prevent the model from overfitting to the training target. This section introduces several
techniques that are commonly used to help address overfitting.

2.4.1 Weight Decay

Weight decay (also known as parameter norm penalty) constrains the capability of the model
by introducing an extra term to the optimisation objective that penalises larger weight values:

L̃(θ) = L(θ) + 𝜆 ∥ θ ∥𝑝 (2.34)

where 𝜆 is a non-negative hyperparameter to scale the norm regularisation and ∥ θ ∥𝑝 is the
𝑝-norm of all parameters. The 𝐿2 norm is commonly used on weights for DNNs. Another
form of norm regularisation is 𝐿1, which encourages the weights to be sparse (Goodfellow
et al., 2016) and can be useful in dimension reduction and feature selection.

2.4.2 Early Stopping

Early stopping is a simple but commonly used training technique in deep learning which
stops the training process before complete convergence based on some specific criterion (e.g.,
performance on validation set). It has been shown that for a linear model with a quadratic
loss function optimised by a simple gradient descent algorithm, early stopping is equivalent
to 𝐿2 norm regularisation (Bishop, 1995).
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2.4.3 Ensembles and Dropout

Generalisation can often also be improved by averaging the predictions from several different
models trained to solve the same problem. Such combinations of models are usually called
ensembles (Lakshminarayanan et al., 2017). Since different models tend to make different
errors, ensemble methods can normally outperform individual models. However, it can be
more computationally expensive as multiple models need to be trained separately.

Dropout (Srivastava et al., 2014) is an effective and computationally efficient alternative
method which provides strong regularisation by randomly disabling neurons in a DNN
during training. By applying different dropout masks to different layers of the network for
each mini-batch, Dropout can be considered an approximation to simultaneously training
an exponentially large number of neural networks with partially shared parameters. The
proportion of neurons to be dropped for an iteration is controlled by a hyperparameter 𝑝dropout,
which is sometimes called the dropout rate. Dropout prevents some neurons from being over-
specialised for certain data. During testing, predictions can in principle be made by averaging
over the space of all dropout masks which is intractable. Instead, it can be approximated
by sampling a small number of masks which is known as Monte Carlo dropout (Gal and
Ghahramani, 2016), or re-scaling the weights in the network with no nodes masked out by
1 − 𝑝dropout, which is widely used. Both empirically perform well in practice.

2.4.4 Data Augmentation

Overfitting can happen when the model becomes too complex and fits the training data too
closely. It learns to capture noise or random fluctuations in the training data rather than
the underlying patterns or relationships so that it fails to generalise to unseen data. Data
augmentation is a widely used approach to increase the amount of training data by generating
new data from the existing data. By artificially increasing the diversity and size of the training
dataset, the model can learn to generalise better and is less likely to overfit to the specific
patterns present in the original training data. The addition of noise is an augmentation
method applicable for various types of input data where some small random values are
added to or subtracted from the original data. For image data, it is common to augment also
by transformations such as cropping, scaling, translating, and rotating (Krizhevsky et al.,
2012). For speech data, vocal tract length perturbation and speed perturbation are commonly
used (Jaitly and Hinton, 2013, Ko et al., 2015). SpecAugment (Park et al., 2019) has been
widely used for automatic speech recognition which augments the input spectrogram by
applying multiple instances of time warping, frequency masking and time masking. By
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introducing randomly corrupted input, this method prevents the model from overfitting
specific features and enhances its ability to generalise to different acoustic conditions.

2.5 Chapter Summary

This chapter introduces the background of deep learning. In Section 2.1, several basic types
of deep neural networks are discussed including feed-forward neural networks, convolutional
neural networks, recurrent neural networks, Transformers and Conformers. Section 2.2
introduces common paradigms for training a neural network including standard supervised
learning for classification and regression tasks, self-supervised learning, and various types
of foundation models. Section 2.3 introduces the optimisation algorithm commonly used to
learn the parameters of a deep neural network. Regularisation strategies to prevent overfitting
are discussed in Section 2.4. Many terms will be often referred to throughout the thesis.



Chapter 3

Automatic Emotion Recognition

Emotion plays a pivotal role in human cognition and behaviour, influencing interpersonal
relationships, decision-making, and various aspects of life. Understanding human emotion
is crucial for empathetic and effective AI systems which can interact with humans in more
natural and effective ways. Automatic emotion recognition (AER) aims at inferring the
emotion state of a person. It has attracted increasing attention due to its wide potential
application in human–computer interaction (Marín-Morales et al., 2020, Chowdary et al.,
2023), healthcare (Lin et al., 2016, Chen et al., 2018, Zhang et al., 2021), education (Cen et al.,
2016, Bahreini et al., 2016), agents and assistants (Picard, 2000, Qian et al., 2019, Spezialetti
et al., 2020), entertainment (Yoon et al., 2007, Du et al., 2020), embodied AI (Duan et al.,
2022), and beyond. AER offers opportunities to enhance user experiences, personalise
interactions, and advance emotional wellbeing.

An AER system predicts the speaker’s emotion state based on various input sources such
as speech (Lugger and Yang, 2007, Shen et al., 2011, Wu et al., 2019, 2021), text (Taboada
et al., 2011, Aydoğan and Akcayol, 2016, Mousa and Schuller, 2017, Liang et al., 2022),
facial expressions (Pushpa et al., 2016, Li and Deng, 2020, Revina and Emmanuel, 2021, Li
et al., 2021a), gestures (Glowinski et al., 2008, Saha et al., 2014, Sapiński et al., 2019, Huang
et al., 2021), psychological signals (Ménard et al., 2015, Tang et al., 2021, Cai et al., 2021a,
Dadebayev et al., 2022), and a combination of these inputs (Sebe et al., 2005, Bänziger et al.,
2009, Tzirakis et al., 2017, Abdullah et al., 2021). AER that only uses speech as the input
modality is also known as speech emotion recognition (SER), which will be the main focus
of this thesis.

Current research directions for SER includes knowledge transfer between SER and other
speech tasks (Bhosale et al., 2020, Lu et al., 2020, Pappagari et al., 2020, Nediyanchath
et al., 2020, Zhang et al., 2022a), cross-corpus and cross-language SER (Zong et al., 2016,
Deng et al., 2017, Abdelwahab and Busso, 2018, Parry et al., 2019, Gideon et al., 2019),
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and development of new modelling structures (Wang et al., 2020, Xu et al., 2020, Wu et al.,
2021, Shirian and Guha, 2021, Hu et al., 2022, Kim et al., 2022, Aftab et al., 2022, Chen
et al., 2023a). Despite the progress, recognising emotion is still challenging because human
emotion is inherently complex and ambiguous. It lacks clear temporal boundaries, can
be easily affected by contextual information, and is extremely personal in expression and
subjective in perception.

The rest of this chapter is organised as follows. Section 3.1 presents an introduction
to theories of emotion. Section 3.2 provides a brief literature review of SER. Methods to
collect emotional speech and commonly used benchmark emotion corpora are described in
Section 3.3. Section 3.4 presents a SER system using foundation model. Current challenges
in AER are discussed in Section 3.6, followed by the chapter summary.

3.1 Emotion Theories

Defining emotion is essential for establishing a criterion for emotion recognition. The basic
theoretical framework for emotion was initially introduced by Ekman in the 1970s (Ekman,
1971). Psychologists across multidisciplinary fields such as neuroscience, philosophy, and
computer science have proposed various theories to define emotion (Grandjean et al., 2008,
Tracy and Randles, 2011, Gunes and Schuller, 2013, Marsella and Gratch, 2014). Although
a universally recognised framework for emotion is still lacking, two theories are generally
used to describe emotion: categorical emotion theory (also known as discrete emotion
theory) (Ekman, 1971, Ekman et al., 1999) and dimensional emotion theory (also known as
continuous emotion theory) (Mehrabian, 1980, Russell, 1980).

Categorical theory claims that there exists a small number of basic discrete emotions
(e.g., anger, disgust, happiness, sadness, fear, and surprise) that are inherent in our brain and
universally recognised (Ekman, 1971, Picard, 2000). More than ninety definitions of the
basic emotions have been proposed (Plutchik, 2001, 2003, Gunes et al., 2011). These basic
emotions were derived with the following criteria (Ekman, 1971): (i) they come from human
instinct; (ii) people can produce the same basic emotions under the same circumstances; (iii)
people express basic emotions in similar ways. Although, the development of Ekman’s basic
emotion theory is based on the hypothesis that human emotions are universal across human
ethnicity and cultures, different cultural backgrounds may have different interpretations of
basic emotions, and different basic emotions can be mixed to produce complex or compound
emotions (Ekman et al., 1999).

An alternative emotion description is dimensional emotion theory. In contrast to discrete
emotions, dimensional emotion theory proposes several fundamental continuous-valued bipo-
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lar dimensions and defines emotions as points in the dimensional emotion space. Commonly
used dimensional emotion models includes valence-arousal (Russell and Mehrabian, 1977,
Russell, 1979) and pleasure-arousal-dominance (Mehrabian, 1980, 1996). Valence (pleasure)
dimension represents the magnitude of human joy from extreme ecstasy to distress (i.e.,
positive or negative). The arousal (activation) dimension measures the intensity level (i.e.,
excited or calm). The dominance (attention) dimension expresses the feeling of influencing
or being influenced by the surrounding environment and others (i.e., dominant or weak). It is
claimed that the two dimensions of arousal and valence could represent the vast majority of
different emotions (Russell and Mehrabian, 1977).

Categorical emotion theory is more intuitive to understand while dimensional theory
allows the modelling of more subtle and complex emotions. It is noted that categorical and
dimensional emotion representations can be transformed into each other to some extent.
AER, in general, is either based on classification of categorical emotion categories, or based
on regression of dimensional emotion attributes.

3.2 Speech Emotion Recognition

Speech emotion recognition (SER) detects the embedded emotions by processing and un-
derstanding speech signals (Lee and Narayanan, 2005). A SER system typically comprises
two phases: emotion representation extraction from speech and classification/regression
algorithms for emotion prediction (El Ayadi et al., 2011, Koolagudi and Rao, 2012)

3.2.1 Emotion Representation Extraction

Representations can be broadly grouped into hand-crafted features and learned embeddings.
Hand-crafted features are manually engineered and require specialised prior knowledge while
deep learning enables automatic representation learning.

Hand-crafted acoustic features, such as spectral features, prosodic features, and voice
quality features, have been intensively explored and used for SER. Spectral features represent
characteristics of the vocal tract. Commonly used spectral features include Mel frequency
cepstral coefficients (MFCC) (Bitouk et al., 2010, Likitha et al., 2017, Gao et al., 2017,
Daneshfar et al., 2020), Mel frequency filterbank energies (MFB) (Busso et al., 2007, Wu
et al., 2021), and linear prediction cepstral coefficients (LPCC) (Shen et al., 2011, Seehapoch
and Wongthanavasu, 2013, Sun et al., 2015). Prosodic features represent the long-time
variations in perceived rhythm, stress, and intonation of speech, which can be perceived by
humans. Popular examples include speaking rate, pitch, loudness, and energy dynamics.
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In practice, the fundamental frequency (F0) and energy are the most widely used prosodic
features as they relate to the perceptual characteristics of pitch and loudness (Lugger and
Yang, 2007, Rajasekhar and Hota, 2018, Daneshfar et al., 2020, Wu et al., 2021). Voice
quality measures the auditory perception of changes in vocal fold vibration and vocal tract
shape, outside of pitch, loudness, and phonetic category. Commonly used voice quality
features includes jitter, shimmer, and harmonic-to-noise ratio (Lugger and Yang, 2007, Guidi
et al., 2019).

The time-consuming process of generating and selecting hand-crafted features has been
gradually replaced by deep learning approaches which allow automatic representation learn-
ing and high-level data abstraction. Self-supervised learning (SSL) is currently the most
common way to learn representations (see Section 2.2.2). SSL utilises information from the
input data itself as labels, eliminating the need for costly manual labelling, thus benefiting
from leveraging a large amount of unlabelled data for training. Representations extracted
from SSL-pretrained speech foundation models (see Section 2.2.4) have achieved SOTA
results in many speech processing tasks such as automatic speech recognition (ASR) and
speaker verification (Baevski et al., 2020, Yang et al., 2021, Hsu et al., 2021, Chen et al.,
2022). There is also a growing trend to adopt SSL representations for SER, which results in
superior performance compared to hand-crafted features (Dissanayake et al., 2022, Morais
et al., 2022, Zhang et al., 2022b, Zhao et al., 2022, Pasad et al., 2023, Li et al., 2023).

3.2.2 Models and Classifiers

Learning algorithms for SER can be broadly grouped into traditional machine-learning-based
(ML-based) algorithms and deep-learning-based (DL-based) algorithms. Various ML-based
classifiers have been implemented for SER, such as support vector machines (Seehapoch
and Wongthanavasu, 2013, Gao et al., 2017, Rajasekhar and Hota, 2018, Kerkeni et al.,
2019), random forests (Rong et al., 2007, Iliou and Anagnostopoulos, 2009, Dimitrova-
Grekow and Konopko, 2019), k nearest neighbours (Zhang et al., 2010, Abdel-Hamid, 2020),
logistic regression (Kerkeni et al., 2019, Zhu-Zhou et al., 2022), and Gaussian mixture
models (Neiberg et al., 2006, Zhang et al., 2013).

The ability of deep learning to find intricate relationships and patterns has demonstrated
superiority over traditional machine learning methods across diverse research domains,
including SER. Commonly used DL models for SER includes CNNs (Mao et al., 2014,
Badshah et al., 2017, Zhang et al., 2017), RNNs (Lee and Tashev, 2015, Ghosh et al., 2016,
Mirsamadi et al., 2017, Atmaja and Akagi, 2019), attention mechanisms (Mirsamadi et al.,
2017, Atmaja and Akagi, 2019, Wu et al., 2021, Wang et al., 2021, Goncalves and Busso,
2022), and the combination of them (Trigeorgis et al., 2016, Mirsamadi et al., 2017, Tzirakis
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et al., 2018, Atmaja and Akagi, 2019, Neumann and Vu, 2019, Wu et al., 2019). The low-level
and short-term discriminative capabilities of CNNs makes them effective for capturing local
patterns and are thus commonly used to extract features from segments. RNNs are widely
introduced to capture temporal dependencies between segments by maintaining internal
memory states across time steps. Attention-based models (i.e., Transformers) improve over
RNNs in capturing long-range dependencies within sequences more effectively and efficiently
and enabling parallel computing.

Recently, there has been a rising trend towards end-to-end training, where the entire
system, from input to output, is jointly optimised and there’s no clear boundaries between
feature extraction and classification phases. CNNs can be directly applied to raw speech
waveforms to extract relevant features, followed by Transformer-based encoder blocks that
capture complex relationships between speech signals and emotion states (Yang et al., 2021).
This approach leads to better performance compared to traditional pipelines with separate
feature extraction and classification/regression stages.

3.3 Emotion Corpora

3.3.1 Approaches to Collecting Emotional Speech

Emotion datasets can be broadly grouped into three categories: acted, elicited, and natural
datasets.

Acted Emotion

The acted emotion datasets are recorded by asking participants to express target emo-
tions (Burkhardt et al., 2005, Busso et al., 2008, Cao et al., 2014). The acted emotion
data is the simplest to collect among three dataset types. However, the acted renditions often
resemble more prototypical and exaggerated behaviours, which might cause a mismatch with
the complicated emotional expressions observed during daily interactions.

Elicited Emotion

Elicited speech is collected by putting a subject into such a situation that evokes a certain kind
of emotion (Busso et al., 2008, Ringeval et al., 2013, Busso et al., 2017). Compared to the
acted emotions, evoked emotions are closer to the emotion expressed in actual interactions.
Typical approaches to eliciting emotions include scripted conversational settings that contains
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emotion-dependent contextual information and simulated scenarios to recall memories of a
past emotional experience.

Naturalistic Emotion

Naturalistic emotional speech databases are usually recorded from the general public conver-
sations such as call centre conversations, artificial listener agents, and online websites (McK-
eown et al., 2012, Bagher Zadeh et al., 2018, Lotfian and Busso, 2019). In these spontaneous
scenarios, the recordings do not follow a script and the participants are free to follow the
flow of the conversation. While most naturalistic and authentic, it is difficult to control the
emotion content and a large majority of common daily conversations are emotionally neutral.
Therefore, most naturalistic emotion datasets suffer from severe class imbalance which poses
challenges when training an emotion classifier. Furthermore, the recording protocol dictates
that the emotional behaviours that are conveyed in the corpus, e.g., call centre conversations
might be biased toward negative behaviours. The biased emotional distribution caused
by recording contextual scenarios can also lead to a mismatch with emotional behaviour
observed in daily interactions.

3.3.2 Benchmark Datasets

Three benchmark emotion datasets used in this thesis are introduced below.

IEMOCAP

The interactive emotional dyadic motion capture (IEMOCAP) (Busso et al., 2008) corpus is
one of the most widely used English datasets for verbal emotion classification. It consists of
approximately 12 hours of audio-visual data, including speech, text transcriptions and facial
recordings. It contains 5 dyadic conversational sessions performed by 10 professional actors
with a session being a conversation between two speakers. In each session one male and
female actor either performed selected emotional scripts or improvised based on hypothetical
scenarios. There are in total 151 dialogues which includes 10,039 utterances. The recorded
sessions were then manually segmented into utterances with an average duration of 4.5 s
Each utterance was annotated by three human annotators for emotion class labels (neutral,
happy, sad, and angry, etc.) and dimensional emotion attributes on a 5-point Likert scale
(valence (1-negative vs 5-positive), activation (1-calm vs 5-excited), and dominance (1-weak
vs 5-strong)). Each annotator was allowed to tag more than one emotion category for each
sentence if they perceived a mixture of emotions. Ground-truth labels were determined by
majority voting for categorical labels and averaging for dimensional labels.
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MSP-Podcast

The MSP-Podcast database (Lotfian and Busso, 2019) contains naturalistic English speech
from podcast recordings collected by the Multimodal Signal Processing (MSP) lab at the
University of Texas at Dallas. Release 1.8 contains 73,042 utterances from 1,285 speakers
amounting to more than 110 hours of speech. The average duration of an utterance is 5.6 s.
The corpus was annotated using crowd-sourcing. Each utterance was labelled by at least
5 human annotators and has an average of 6.7 annotations per utterance. Each annotator
selected a primary categorical emotion (only one option is allowed), secondary emotions
(can select as many emotion classes as the annotator wish), as well as arousal, valence and
dominance rankings on a 7-point Likert scale to each sentence. Ground-truth labels were
determined by majority voting for categorical labels and averaging for dimensional labels.
The data has been partitioned into the train set (44,879 segments), validation set (7,800
segments from 44 speakers (22 female, 22 male)), test set 1 (15,326 segments from 60
speakers (30 female, 30 male)) and test set 2 (randomly select 5,037 segments from 100
podcasts).

CREMA-D

The crowd-sourced emotional multi-modal actors dataset (CREMA-D) (Cao et al., 2014)
contains 7,442 English utterances from 91 actors (48 male and 43 female between the ages
of 20 and 74 coming from a variety of races and ethnicities). Actors spoke from a selection
of 12 sentences using one of six different emotions (angry, disgust, fear, happy, neutral and
sad) and four different emotion levels (low, medium, high and unspecified). The average
duration of an utterance is 3.5 s. The dataset was annotated by crowd-sourcing. Annotators
rated the emotion and emotion levels based on the combined audio-visual presentation, the
video alone, and the audio alone. A total of 2,443 participants each rated 90 unique clips,
30 audio, 30 visual, and 30 audio-visual. 95% of the clips have more than 7 ratings and
utterances have 9.21 ratings on average.

3.4 An AER System Based on Foundation Models

This section presents a SER system which follows the setup of the emotion recognition
sub-task of the speech processing universal performance benchmark (SUPERB) (Yang et al.,
2021). SUPERB defines a protocol to benchmark the performance of a shared model across
a wide range of speech processing tasks with minimal architecture changes and labelled
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data. Emotion recognition is one of the downstream tasks which assess model’s capability of
extracting paralinguistic information.

3.4.1 Experimental Setup

The model structure is illustrated in Fig. 3.1 which follows an upstream-downstream
paradigm (Bommasani et al., 2021). The upstream model uses the USM model (Zhang
et al., 2023) with 300M parameters which contains a CNN-based feature extractor and 12
Conformer (see Section 2.1.5) encoder blocks of dimension 1024 with 8 attention heads. The
USM is pretrained by BEST-RQ (Chiu et al., 2022) which uses a BERT-style training task
for the audio input to predict masked speech features. 128-dimensional MFBs were used as
input to the upstream model. The downstream model performs utterance-level mean-pooling
followed by a linear transformation with cross-entropy loss for emotion classification. The
pretrained upstream USM model is frozen. The downstream model computes the weighted
sum of the hidden states extracted from each layer of the upstream model. The weights are
jointly trained with the downstream model.

Conformer 1

Conformer 2

Conformer 12

…

…

…

…

𝑤𝑤1 

𝑤𝑤2 

𝑤𝑤12

…

Mean pooling

FC

Softmax

USM-300M

CNNs

…

MFBsSpeech signal

Fig. 3.1 Illustration of the model structure following SUPERB setup.

Following the SUPERB setup, the system is evaluated on four-way emotion classification
on the IEMOCAP dataset with leave-one-session-out five-fold cross validation. The “excited”
class was merged with “happy” and only utterances with ground-truth label belong to “happy”,
“sad”, “angry”, and “neutral” are considered, which results in a total of 5,531 utterances
with 1,636, 1,103, 1,084, and 1,708 utterances for “happy”, “angry”, “sad” and “neutral”
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respectively. This is also a commonly used setup for IEMOCAP dataset (Kim et al., 2013,
Tripathi et al., 2018, Majumder et al., 2018, Poria et al., 2018, Liu et al., 2020, Chen and
Zhao, 2020, Makiuchi et al., 2021). Despite being widely adopted, it is noted that this
standard four-way setup discards nearly half of the data in IEMOCAP. More issues related to
this setup with be discussed in Chapter 5.

3.4.2 Results

The system is compared to multiple models that use SOTA upstream models of similar size as
the USM-300M model. The results are shown in Table 3.1. Except for the USM-300M model,
all other results are from the cited papers. As shown in the table, the USM-based backbone
structure outperforms other SOTA methods1 and yields the highest emotion classification
accuracy. This system will be used as baseline in Chapter 5.

Table 3.1 Four-way classification results on IEMOCAP following the SUPERB setup.

Upstream Model # Parameters %Accuracy

Wav2vec 2.0-large (Baevski et al., 2020) 317M 65.64
Data2vec-large (Baevski et al., 2022) 314M 66.31

HuBERT-large (Hsu et al., 2021) 317M 67.62
WavLM-large (Chen et al., 2022) 317M 70.62
USM-300M (Zhang et al., 2023) 290M 71.06

3.5 Ambiguity in Emotion Labelling

Emotion annotation is challenging due to the inherent ambiguity of mixed emotion, the
personal variations in emotion expression, and the subjectivity in emotion perception (Cowen
and Keltner, 2017, 2021). Mixed emotions and personal variations in emotion expression
lead to inherent ambiguity of emotion. The subjectivity of emotional perception further
complicates the problem that different people would interpret an emotion expression differ-
ently. In response to this problem, most datasets were created using the strategy of having
multiple human annotators to provide multiple labels to each utterance. “Ground truth” is
then commonly defined as the majority vote for discrete labels (Busso et al., 2008, 2017, Li
et al., 2018, Poria et al., 2019) or the mean value for dimensional labels (Busso et al., 2008,
Ringeval et al., 2013, Busso et al., 2017). However, such ground truth ignores the inherent
uncertainty in emotion labelling.

1https://superbbenchmark.org/leaderboard, visited on December 15, 2023
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3.5.1 Modelling Uncertainty in Categorical Emotion Labels

Instead of aggregating annotation by majority voting, some research suggests treating emotion
classification as a multi-label task (Mower et al., 2010, Zadeh et al., 2018, Zhang et al., 2020,
Ju et al., 2020, Chochlakis et al., 2023) where all emotion classes assigned by any annotator
are considered as correct classes and the ground-truth label is presented as a multi-hot vector.
The model is trained to predict the presence of each emotion class for each utterance. An
issue with this approach is that it ignores the differences in strengths of different emotion
classes. When more annotators are involved, it is likely that all possible emotions will
eventually be marked correct for a given utterance.

An alternative approach uses “soft labels” as the proxy of ground truth, which is defined
as the relative frequency of occurrence of each emotion class (Fayek et al., 2016, Han et al.,
2017, Kim and Kim, 2018, Ando et al., 2018). The Kullback–Leibler (KL) divergence
or distance metrics between the soft labels and model predictions are used to train the
model. However, soft labels, being maximum likelihood estimates (MLE) of the underlying
distribution based on observed samples, might not provide an accurate approximation to
the unknown distribution when the number of observations (annotations) is limited. Also,
although adopting soft labels, those methods still focus on obtaining a “correct” label (i.e.,
pursuing improved classification accuracy). This results in a major inconsistency between
training and evaluation (Mower et al., 2009).

3.5.2 Modelling Uncertainty in Dimensional Emotion Attributes

A straightforward way of aggregating emotional attribute annotations from several annotators
is to take the average (Ringeval et al., 2013, Busso et al., 2008, Lotfian and Busso, 2019).
Despite its simplicity, this method is problematic when annotators show a large degree of
disagreement. Alternatively, an annotator-weighted mean has been proposed, which weights
individual annotations based on inter-annotator agreement while filtering out unreliable
annotators to improve the robustness of the results (Grimm and Kroschel, 2005, Kossaifi
et al., 2019). However, these approaches force the discrepancies between annotators to be
ignored.

Several approaches have been proposed to characterise the subjective property of emotion
perception by modelling the inter-annotator disagreement level by the standard deviation of
the dimensional labels, such as including a separate task to predict the standard deviation in
a multi-task framework (Han et al., 2021, 2017), and predicting the standard deviation using
Gaussian mixture regression models (Dang et al., 2017, 2018). Recently, alternative methods
including Gaussian process (Atcheson et al., 2019), generative variational autoencoder (Srid-
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har et al., 2021), and Monte Carlo dropout (Sridhar and Busso, 2020b) have been applied to
the problem without explicitly using the standard deviation of dimensional emotion labels as
additional training labels.

Another type of approach used for both categorical and dimensional annotations are multi-
annotator models where multiple models are explicitly built, each emulating an individual
annotator (Fayek et al., 2016, Chou and Lee, 2019, Davani et al., 2022). However, this
approach is not scalable. It is computationally viable only when the number of annotators is
relatively small, and it requires sufficient annotations from each annotator to be effective.

Beyond emotion recognition, label uncertainty is a common issue in many human per-
ception and understanding tasks, since a ground-truth reference is usually not well-defined
due to the subjective evaluation of annotators.

3.6 Challenges for Building an AER System

Apart from the ambiguity in emotion labelling described in the previous section that poses
challenges in the problem formulation of emotion modelling, there exist other challenges for
building an AER system towards practical applications.

3.6.1 Data Scarcity

Data scarcity is a major concern restricting the development of AER systems. Most publicly
available emotion datasets suffer from limited size and limited number of speakers (Koolagudi
and Rao, 2012, Pushpa et al., 2016), offer only a few hours of recordings and fewer than 20
speakers, which limits the generalisation of AER systems. Different people express emotions
differently, so it is important to include a range of speakers so that the model can capture
the intrinsic inter-speaker variability associated with the expression of emotion. Moreover,
different acoustic condition and different annotation criteria makes cross-corpus adaptation
challenging.

3.6.2 Lack of Naturalness and Imbalanced Emotional Content

Apart from limited size, the lack of naturalness is another issue associated with emotion
corpora. As discussed in Section 3.3, acted emotion datasets recorded by asking participants
to express target emotions is relatively more readily available while the emotions collected
tend to be more exaggerated. However, naturalistic emotion databases usually suffer from
imbalanced emotional content (i.e., dominated by neutral emotion). It can be challenging
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for an AER system to learn the minority emotion classes which can only contain a few
samples (Lotfian and Busso, 2019).

3.6.3 Assumption of Reference Text and Segmentation

Apart from the emotion ambiguity and data issues, there are some common assumptions that
also cause a mismatch between research experiments and practical applications such as the
use of reference transcriptions and segmentation.

Although text information has been shown effective for AER (Poria et al., 2018, Wu
et al., 2021), manually transcribed reference transcriptions are commonly used which are
usually not available in practice. ASR systems trained on standard speech corpora can give
poor recognition performance on emotional speech (Fernandez, 2004, Sahu et al., 2019) and
replacing reference transcriptions by erroneous ASR output leads to marked decrease in AER
performance (Wu et al., 2021). This motivates the study of multi-task training and transfer
learning to improve the AER performance with ASR transcriptions (Feng et al., 2020, Cai
et al., 2021b, Ghriss et al., 2022, Li et al., 2022).

Emotion can be labelled at either frame-level (e.g., tens of milliseconds (Ringeval et al.,
2013)) or utterance-level (or turn-level, e.g., several seconds (Busso et al., 2008, Lotfian
and Busso, 2019)). Frame-level labelling is typically used for emotion attributes, while
utterance-level labelling is commonly used for both emotion classes and attributes. In the
latter case, the segmentation of utterance can be important especially in conversational cases
involving multiple speakers where diarisation is needed before applying AER. There is a
current absence of suitable metrics to evaluate AER performance when segmentation errors
are present. In such cases, classification accuracy is insufficient as it can not handle segment
alignment.

3.7 Chapter Summary

This chapter introduces the background about automatic emotion recognition, including
description of emotion states (Section 3.1), literature review on SER systems (Section 3.2),
commonly used emotion corpora (Section 3.3), an example AER system (Section 3.4), as
well as current challenges in AER including ambiguity in emotion labelling (Section 3.5)
and limitations for building practical systems (Section 3.6).



Chapter 4

An Integrated System for AER and ASR
with Automatic Segmentation

As discussed in Section 3.6.3, although AER has drawn significant research interest, there
is still a mismatch between research experiments and practical applications. For example,
most current AER studies use manually segmented utterances without considering potential
sentence segmentation errors in practical dialogue systems. Moreover, automatic speech
recognition (ASR) systems trained on standard speech corpora can give poor recognition
performance on emotional speech (Fernandez, 2004, Sahu et al., 2019, Wu et al., 2021).
This chapter proposes integrating AER with ASR and speaker diarisation in a jointly-trained
system. Distinct output layers are built for four sub-tasks including AER, ASR, voice
activity detection and speaker classification based on a shared encoder. Taking the audio
of a conversation as input, the integrated system finds all speech segments and transcribes
the corresponding emotion classes, word sequences, and speaker identities. Two metrics are
proposed to evaluate AER performance with automatic segmentation: the time-weighted
emotion error rate (TEER) and the speaker-attributed time-weighted emotion error rate
(sTEER). This chapter is an extended version of the publication (Wu et al., 2023b)1, which is
the first work that considers emotion recognition with automatic segmentation and integrates
emotion recognition, speech recognition and speaker diarisation into a jointly-trained model.

The rest of this chapter is organised as follows. Section 4.1 introduces the proposed
integrated system. Section 4.2 introduces the TEER and sTEER metrics. The experimental
setup and results are shown in Section 4.3 and Sections 4.4 respectively. Analysis and
discussion are provided in Section 4.5 and are followed by the chapter summary.

1See Appendix A for a list of publications related to the thesis.
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Fig. 4.1 Overview of the proposed integrated system. Taking a dialogue as input, the VAD
and SI head perform automatic segmentation. The ASR and AER head recognise the text
and emotion based on the predicted segments.

4.1 An Integrated System

This chapter proposes an integrated system for emotion recognition, speaker diarisation and
speech recognition. Speaker diarisation is the process that detects speech regions of an audio
recording and groups them into homogeneous segments according to the relative identity
of the speaker. The outcome of speaker diarisation is referred to as segmentation in this
chapter. As illustrated in Fig. 4.1, the system takes the audio recording of a dialogue as
input. It automatically diarises the dialogue into segments associated with different speakers,
transcribes the audio segments into text, and predicts the speaker’s emotion state.

The structure of the proposed system is shown in Fig. 4.2, which contains four downstream
heads for voice activity detection (VAD), speaker identity (SI) extraction, ASR, AER and
an encoder shared by all downstream heads. Speaker diarisation is achieved by the VAD
head and the SI head. The VAD head classifies each frame into speech or non-speech. The
SI head learns speaker embeddings that capture the characteristics of each speaker. Based
on the predicted segmentation, the ASR head converts each speech segment into text and
the AER head predicts the emotion states of the corresponding speaker. A WavLM model
(see Section 2.2.4) is used as the shared encoder which takes raw speech waveform as input.
The downstream heads take the weighted sum of intermediate hidden states from the shared
encoder as input, shown as interface in Fig. 4.2. Each head has an individual set of weights,
which are trained jointly with the shared encoder and the downstream heads.

4.1.1 Shared Encoder and Interface

The WavLM model (see Section 2.2.4) is used as the shared encoder in this chapter, which
takes the raw waveform as input. The base version is used which contains a CNN block as
the feature extractor and 12 Transformer encoder blocks with 768-dimensional hidden states
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Fig. 4.2 Structure of the proposed integrated system. The intermediate representations of the
WavLM model (h vectors in the figure) are summed with trainable weights.

and 8 attention heads. The output of the encoder is a frame sequence with a frame shift of
20 ms.

All the semantic and non-semantic information co-exist in the same speech signal.
Research (Pasad et al., 2021, Yang et al., 2021, Chen et al., 2022) has shown that intermediate
representations of such foundation models contain different levels of information. The
weighted sum of embeddings from the CNN block and each Transformer encoder block is
used as the input to the downstream tasks to exploit this property. Each downstream head has
its own set of weights which are trainable.

4.1.2 Downstream Heads

The VAD head consists of 3 FC layers with a hidden dimension of 256 and leaky ReLU
activation plus an output FC layer with softmax activation which performs frame-level
speech/non-speech detection. The SI head consists of an X-vector speaker embedding
model (Snyder et al., 2018), which generates one speaker embedding for each input sequence.
The speaker embedding is fed into a FC layer with softmax activation for speaker classi-
fication during training. During testing, spectral clustering is conducted based on speaker
embeddings to produce speaker diarisation. The ASR head consists of 4 Bi-LSTM layers
(see Section 2.1.3) with dimension of 256, followed by a FC layer for token prediction. A
vocabulary of 29 graphemes is used2. The AER head consists of 2 Transformer encoder layers

2The vocabulary includes 26 uppercase English letters, along with space, period, and <blank>.
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of dimension 256. The representations are mean-pooled along the time axis before feeding
into a FC layer with softmax activation for emotion classification. Six emotion classes are
used: “happy”, “sad”, “angry”, “neutral”, “other”, “no majority agreement (NMA)”. “NMA”
denotes that the human annotators don’t have a majority agreed emotion class label for this
utterance.

4.1.3 Multi-Task Training Loss

Apart from the ASR head, the other three heads are trained using the cross-entropy loss (see
Section 2.2.1). The ASR head is trained using the connectionist temporal classification (CTC)
loss (Graves et al., 2006), which is commonly used in sequence-to-sequence tasks such as
ASR. The CTC loss considers all possible alignments of the input speech sequence to the
target text sequence and computes the negative log probability of the correct output sequence.
The shared encoder and four downstream heads are jointly trained using a multi-task loss:

LTotal = 𝜖VADLVAD + 𝜖SILSI + 𝜖ASRLASR + 𝜖AERLAER (4.1)

where 𝜖VAD, 𝜖SV, 𝜖ASR, 𝜖AER are coefficients that are set manually to keep the weighted loss
of the four heads in the same scale.

4.1.4 Training and Testing Procedures

Reference segmentations are used during training. The system takes segmented utterances as
input. The encoder and downstream heads are trained jointly using the multi-task loss defined
in Eqn. (4.1). The segmented utterances can contain silence at the beginning, between words
and at the end. The VAD head is trained based on the intra-utterance silence.

During testing, dialogues are input into the system. The system can benefit from knowing
the context. A sliding window of 3 s length and 1 s overlap is applied to the dialogue. VAD is
performed on each window. To avoid overlapped regions being counted twice at the output,
the results of the middle second is kept for each window. This is equivalent to taking the
previous 1 s and future 1 s as context when making a prediction on the current 1 s of audio
data. Post-processing is applied to the VAD predictions. Speech/non-speech regions shorter
than 0.25 s are removed. A smaller sliding window of 1 s length and 0.5 s overlap is then
applied to the detected speech regions. The SI head extracts a single speaker embedding from
each window. Spectral clustering is used based on the speaker embeddings which groups
segments from the same speaker together, thus producing an automatic segmentation. Based
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on the automatic segmentation, the ASR and AER heads takes each segment as input and
predict the text and emotion respectively.

4.2 Evaluating Emotion Classification with Automatic Seg-
mentation

The segments predicted by the system can have different start and end times to the reference
segments. Therefore, the classification accuracy is no longer sufficient to evaluate the
performance of emotion classification in this case since it cannot handle the alignment
between segments. This chapter, therefore, proposes the time-weighted emotion error rate
(TEER) in order to evaluate the AER performance given non-oracle segmentations. The
TEER is computed as follows:

TEER =
MS + FA + CONFemo

TOTAL
(4.2)

where missed speech (MS) is the duration of speech incorrectly classified as non-speech, false
alarm speech (FA) is the duration of non-speech incorrectly classified as speech, confusion
(CONFemo) is the audio duration where emotion is wrongly classified, and TOTAL is the
sum of the reference speech duration for all utterances.

Furthermore, the speaker-attributed TEER (sTEER) is proposed which expects the system
to accurately predict both the speaker and the corresponding emotion. The sTEER is
computed as follows:

sTEER =
MS + FA + CONFemo+spk

TOTAL
(4.3)

where CONFemo in Eqn. (4.2) is replaced by CONFemo+spk, which is the duration where
either speaker or emotion is wrong. sTEER reflects the overall performance of both speaker
diarisation and emotion classification.

4.3 Experimental Setup

4.3.1 Dataset

The IEMOCAP dataset (see Section 3.3.2) is used in this chapter which provides the time-
stamp of each utterance in a dialogue as well as word-level alignments of each utterance. The
alignments show that 40% frames in the segmented utterances are silence. Each utterance
received at least three annotations. The ground-truth class is defined via majority voting. A
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Table 4.1 Statistics of six-way classification setup of IEMOCAP.

Emotion class Happy Sad Angry Neutral Others NMA

# of utterances 1,636 1,103 1,084 1,708 2,001 2,507

six-way classification setup is used in this chapter. The emotion class “excited” is merged
with “happy”. All sentences with ground-truth emotion label other than “ happy”, “sad”,
“angry”, “neutral” are grouped into the class “others”. Sentences that don’t have a majority
agreed emotion label (i.e., tied votes) from the annotators are grouped into the sixth class
“NMA”3, which stands for no majority agreed. The number of utterances in each class are
given in Table 4.1. Speaker exclusive leave-one-session-out five-fold cross validation was
performed and the average results are reported. Speakers in the test set are unseen in the
training and validation set and utterances from the same dialogue are either all in the training
set or all in the validation set.

4.3.2 Evaluation Metrics

The false alarm rate (FAR) and missed speech rate (MSR) were used to evaluate the VAD
performance. FAR computes the ratio of the number of non-speech frames mispredicted
as speech to the total number of speech frames. MSR computes the ratio of the number of
speech frames mispredicted as non-speech to the total number of speech frames.

The diarisation error rate (DER) is used to evaluate the performance of diarisation which
maps the predicted relative speaker identity to the true speaker identity and measures the
fraction of time not attributed correctly to a speaker or to non-speech. DER is defined as the
duration of false alarm (FA), missed detection (MS), and speaker confusion errors (CONFspk)
divided by the ground-truth duration:

DER =
MS + FA + CONFspk

TOTAL
. (4.4)

Overlapped speech is considered when computing DER. Since manual annotations cannot be
precise at the audio sample level, it is common to remove from evaluation a forgiveness collar
around each segment boundary. Unless otherwise mentioned, a collar of 0.25 s is applied
when evaluating with automatic segmentation.

The word error rate (WER) and classification accuracy (ACCemo) are used to evaluate
the performance of speech recognition and emotion classification respectively with oracle
segmentation. WER is the ratio of errors in a transcript to the total words spoken, which is

3The ground truth of NMA utterances are marked as “xxx” in the database documentation.



4.3 Experimental Setup 49

defined as follows:
WER =

SUB + DEL + INS
TOTAL

(4.5)

where SUB is the number of substitutions, DEL is the number of deletions, INS is the number
of insertions, and TOTAL is the number of words in the reference.

With automatic segmentation, the concatenated minimum-permutation word error rate
(cpWER) (Watanabe et al., 2020) is used to evaluate the ASR system performance which
concatenates utterances of the same speaker and computes the WER. The sTEER and TEER
are used to evaluate the AER system which have been introduced in Section 4.2.

4.3.3 Baselines

Since this is the first work to examine AER with automatic segmentation, there are no readily
available systems or published numbers for direct comparison. Therefore, two additional
baseline systems were built for comparison.

• “Baseline-reference”: A cascaded system of separately optimised models (reference
models) which have been trained on external larger datasets. The reference ASR model
was pretrained using 100 hours of LibriSpeech (Panayotov et al., 2015)4 training data,
which has a WER of 5.64% on “test-clean” set and 12.15% on “test-other” set. The
reference speaker embedding model5 was pretrained on Voxceleb 1.0 (Nagrani et al.,
2017)6. Both the reference ASR model and the reference speaker embedding model
consist of a WavLM encoder and a downstream model with the same structure as
the corresponding head of the proposed system. A VAD module (Sun et al., 2021)
pretrained on the augmented multi-party interaction (AMI) meeting corpus (Carletta
et al., 2005)7 was used as the reference baseline for VAD. It consists of seven FC layers
with ReLU activation functions and has 2.1% FAR and 4.7% MSR on the AMI eval
set. No reference model was used for AER since we are evaluating on the emotion
dataset. The reference system is the cascade of the reference models in the order of
VAD, SI, and ASR/AER.

• “Baseline-frozen": A system which shares the same structure as the proposed system
except that the shared encoder was frozen during training. In this case, the four
downstream heads are independent of each other and the multi-task loss becomes
equivalent to training each head separately.

4More details about the LibriSpeech dataset can be found in Appendix B.1.
5Available at: https://huggingface.co/microsoft/wavlm-base-plus-sv
6More details about the Voxceleb 1.0 dataset can be found in Appendix B.2.
7More details about the AMI meeting dataset can be found in Appendix B.3.
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4.3.4 Training Specifications

The shared encoder was initialised with the publicly available WavLM Base+ model8. It was
finetuned jointly with the downstream head while the CNN feature extractor of the WavLM
model was frozen during finetuning. Speed perturbation was applied to the ASR and SI
heads. For each epoch, the speed of each waveform was randomly adjusted to 0.95 or 1.05
of the original speech or remain unchanged. Speed perturbation was not applied to AER
since speed is an important clue for emotion detection. Scaling coefficients 𝜖VAD and 𝜖SI in
Eqn. (4.1) were set to 1.2 while 𝜖ASR and 𝜖AER were set to 1.

4.4 Experimental Results

The performance of the SI, ASR and AER heads were first evaluated with oracle segmenta-
tions in Section 4.4.1. The complete system was then evaluated with automatic segmentation
in Section 4.4.2.

4.4.1 Performance with Oracle Segmentation

In this section, utterances based on the reference segmentation were used as input to the SI,
ASR and AER heads. The results are shown in Table 4.2. Comparing “Baseline-reference”,
pretrained on external larger datasets, to “Baseline-frozen”, where the encoder was frozen
and the downstream models were finetuned on the IEMOCAP dataset, the ASR head with
a frozen encoder reduced the WER from 33.3% to 31.4%, and the SI head with a frozen
encoder reduced the DER from 1.1% to 0.4%. The proposed system with the shared encoder
jointly finetuned with downstream heads further reduced the WER and DER to 24.6% and
0.3% respectively. The 6-way emotion classification accuracy increased from 44.4% to
49.5%. The proposed integrated system outperforms the baselines for all three heads, which

Table 4.2 Results with reference segmentation on IEMOCAP. The collar was set to 0 when
computing DER since oracle segmentation was assumed. “↑” denotes the higher the better,
“↓” denotes the lower the better. The best results of each column are shown in bold.

%ACCemo↑ %WER↓ %DER↓
Baseline-reference / 33.3 1.10

Baseline-frozen 44.4 31.4 0.40

Proposed 49.5 24.6 0.30

8Available at: https://huggingface.co/microsoft/wavlm-base-plus
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Table 4.3 VAD and speaker diarisation results on IEMOCAP. “↓” denotes the lower the better.
FAR stands for false alarm rate. MSR stands for missed speech rate. The best results of each
column are shown in bold.

%FAR↓ %MSR↓ %DER↓
Baseline-reference 5.15 1.30 8.20

Baseline-frozen 3.14 1.16 7.04

Proposed 2.91 1.06 6.87

Table 4.4 Speaker-attributed ASR and AER performance under automatic segmentation on
IEMOCAP. “↓” denotes the lower the better. The best results of each column are shown in
bold.

%cpWER↓ %sTEER↓ %TEER↓
Baseline-reference 43.8 / /

Baseline-frozen 41.2 69.5 68.7

Proposed 36.2 66.0 65.2

indicates that finetuning the pretrained encoder on emotion data helps to adapt it to the
specific domain, while sharing the encoder between the four downstream heads helps to
capture general information relevant to the domain and avoids overfitting to trivial patterns,
especially given the scarcity of data.

4.4.2 Performance with Automatic Segmentation

The VAD performance and diarisation results based on VAD predictions are summarised in
Table 4.3. The proposed system produced the best results on both VAD and diarisation. It
improves over “Baseline-frozen” with a relative decrease of 7.3% for FAR, 8.6% for MSR,
and 2.4% for DER.

ASR and AER were conducted based on the diarisation outputs. As shown in Table 4.4,
the proposed integrated system reduced cpWER by 12% and both sTEER and TEER by
5% relative to the baselines. sTEER is slightly higher than TEER as it takes speaker
prediction error into account. The proposed system outperforms the single AER head in both
emotion metrics, showing its superior performance for emotion recognition with automatic
segmentation.
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4.5 Discussion and Analysis

4.5.1 Trainable Weights of the Interface

The trainable weights of the four downstream heads are plotted in Fig. 4.3. As can be seen,
layer 0 and layer 4 are particularly useful for extracting speaker information. Layers 8-10
are more effective for AER and layer 11 contains most text information. This shows a
similar pattern to previous findings (Pasad et al., 2021, Chen et al., 2022) that block-wise
evolution of intermediate representations of a foundation model follows an acoustic-linguistic
hierarchy, where the lower layers encode speaker-related information and higher layers
encode phonetic/semantic information.
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�6�D
�G

�$
�Q�
�U�

	
�D�S
�S�

�1
�H�X
�W�U�D
�

�2
�W�
�H�U
�V

�1
�0
�$

�6�D�G

�$�Q��U�

	�D�S�S�

�1�H�X�W�U�D�

�2�W��H�U�V

�1�0�$

����� ���� ���� ������ ��� �����

���� ������ ��� ���� ������ ������

���� ���� ����� ������ ��� ������

��� ���� ���� ������ ������ �����

���� ��� ���� ������ ������ ������

��� ��� ������ ������ ����� ������

������

������

Fig. 4.4 Confusion matrix of six-way
emotion recognition.

4.5.2 Confusion Matrix of Six-Way Emotion Classification

Based on the 6-way predictions, 4-way classification accuracy considering “happy”, “sad”,
“angry”, “neutral” is 74.0%, which is better than the results of Wav2vec 2.0 Base (63.4%)
and WavLM Base+ (68.7%) from the SUPERB leaderboards (Yang et al., 2021). The class
“NMA” is relatively easily confused, as shown by the 6-way confusion matrix in Fig. 4.4. For
utterances classified as “NMA”, the human annotators gave different emotion class labels and
didn’t reach majority agreement. These utterances may contain ambiguous emotions, mixed
emotions, or emotions that tend to confuse the annotators. Among the other five classes,
“angry” is the least likely to be confused with “NMA” probably because “angry” is relatively
less ambiguous. By contrast, “neutral” is more likely to be wrongly predicted as “NMA”,
possibly because neutral emotions are relatively weak and human annotators are likely to
disagree due to subjective perception. Alternative ways to deal with “NMA” utterances will
be further discussed in Chapter 5.



4.6 Chapter Summary 53

4.6 Chapter Summary

This chapter introduces a system that integrates emotion recognition with speech recognition
and speaker diarisation in a jointly-trained model, which is the first to investigate emotion
recognition with automatic segmentation as needed in practical applications. The time-
weighted emotion error rate (TEER) and speaker-attributed time-weighted emotion error
rate (sTEER) have been proposed to evaluate emotion classification performance when
segmentation is non-oracle. Results on the IEMOCAP dataset show that the proposed jointly-
trained system consistently outperforms two strong baselines with separately optimised
single-task systems on all four tasks evaluated: voice activity detection, speaker diarisation,
speech recognition, and emotion recognition. Apart from enabling emotion recognition
with automatic segmentation, the system also improves speech recognition performance of
emotional speech given a 12% relative reduction in word error rate.





Chapter 5

Handling Ambiguity in Emotion Class
Labels

As discussed in Section 3.5, the inherent subjectivity of human emotion perception introduces
complexity in annotating emotion datasets. Multiple annotators are often involved in labelling
each utterance. Several typical annotation situations are given in Table 5.1.

Table 5.1 Typical situations for emotion class annotations. “MA” stands for majority agreed.
“NMA” stands for no majority agreed.

Annotations Majority Vote MA/NMA

Happy, Happy, Happy Happy MA
Happy, Happy, Neutral Happy MA
Happy, Neutral, Angry – NMA

Happy, Happy, Neutral, Neutral – NMA

The majority-agreed (MA) class is usually used as the ground truth (Busso et al., 2008,
Cao et al., 2014, Busso et al., 2017). Utterances that have no majority agreed (NMA) labels
(i.e., with tied votes) are typically excluded when training an emotion classifier (Kim et al.,
2013, Poria et al., 2017, Wu et al., 2021, Yang et al., 2021). Excluding NMA utterances
from training can pose problems. First, it discards a considerable amount of data (e.g., 25%
of IEMOCAP), which is not ideal given the already small size of emotion datasets. More
importantly, ambiguous emotions are prevalent in daily life. Excluding them may lead to
issues when the AER system encounters such expressions in practical applications.

This chapter investigates three methods to handle ambiguous emotion1:

1Work performed while W. W. was an intern at Google. Part of this chapter has been published as a
conference paper (Wu et al., 2024b). See Appendix A for more detail.
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AER system

N

AER system

“I don’t know”

AER system

(a) (b) (c)

Fig. 5.1 Illustration of the three approaches investigated in this chapter for handling ambiguity
in emotion. Three emotion classes are considered in this example: Angry, Frustrated,
Neutral.

1. Similar to the approach adopted in Chapter 4, NMA utterances are incorporated as an
additional class in the classifier, as illustrated in Fig. 5.1 (a). This approach proves
problematic as it reduces the classification performance of the other emotion classes.

2. NMA utterances are detected as out-of-domain (OOD) samples by quantifying the
uncertainty in emotion classification using evidential deep learning (Sensoy et al.,
2018). When a classifier trained on MA data encounters an NMA utterance during the
test, the model should identify it as an OOD sample by providing a high uncertainty
score, indicating its uncertainty regarding the specific emotion class to which the NMA
utterance belongs, as illustrated in Fig. 5.1 (b). This approach retains the classification
accuracy while effectively detects ambiguous emotion expressions.

3. To further obtain fine-grained distinctions among ambiguous emotions, emotion is
represented as a distribution instead of a single class label, as illustrated in Fig. 5.1 (c).
The task is thus re-framed from classification to distribution estimation where every
individual annotation is taken into account, not just the majority opinion. The evidential
uncertainty measure is extended to quantify the uncertainty in emotion distribution
estimation.

The rest of the chapter is organised as follows. Section 5.1 presents the general experi-
mental setup used in this chapter. Section 5.2 introduces the first approach which incorporates
NMA as an additional class. Section 5.3 introduces the second approach which quantifies
uncertainty in emotion classification via evidential deep learning. Section 5.4 introduces the
third approach which represents emotion as a distribution instead of a single class. Section 5.5
provides an analysis of cases when the second approach fails and how the third approach
comes to rescue in those cases, followed by chapter summary.
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5.1 Experimental Setup

5.1.1 Datasets

The IEMOCAP and CREMA-D datasets are used in this chapter (see Section 3.3.2). For the
IEMOCAP dataset, the annotations are grouped into five emotion classes: happy (merged
with excited), sad, neutral, angry, and others. The “others” category includes all emotions
not covered in the previous four categories which is dominated by frustration (92%). Based
on the grouped emotion categories, 14.2% of the utterances don’t have a majority agreed
emotion class label2 and only 16.1% of the utterances have an all-annotators-agreed emotion
label. CREMA-D contains six emotion categories: anger, disgust, fear, happy, neutral and
sad. 5.1% of utterances have an all-annotators-agreed emotion label and 8.7% don’t have a
majority agreed emotion class label.

Both datasets are divided into a MA (majority agreed) subset and a NMA (no majority
agreed) subset. All methods were trained only on MA data except for the first approach where
25% of NMA utterances were reserved for testing and the rest were included in training. For
IEMOCAP, Session 5 was reserved for testing, and Sessions 1-4 were split into training and
validation with a ratio of 4:1. For the CREMA-D dataset, the MA subset was split into train,
validation, test in the ratio 70 : 15 : 15 following prior work (Ristea and Ionescu, 2021).

5.1.2 Model Structure and Implementation Details

The model structure in Section 3.4 was used as backbone in this chapter, which follows
the SUPERB (Yang et al., 2021) setup and uses USM-300M (Zhang et al., 2023) as the
upstream foundation model. Since the CREMA-D dataset is extremely imbalanced (i.e.,
neutral accounts for over 50%), a balanced sampler was applied during training.

5.2 Ambiguous Emotion as an Additional Class

First, a naive method was tested which aggregates NMA utterances into an additional class
when training an emotion classifier. Some of the NMA utterances need to be involved during
training.

2This number differs from that in Chapter 4 because Chapter 4 directly groups the ground-truth labels
(majority votes) provided by the dataset following conventional approaches, while in this chapter, the raw
annotations are re-processed by first performing grouping and then conducting majority voting.
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5.2.1 Experiments: Including NMA as an Extra Class

The classification performance on MA data was compared between the original system
trained using only MA utterances and the first approach that added NMA as an additional
class during training. The classification performance was evaluated by classification accuracy
(ACC) and unweighted average recall (UAR) which is the sum of class-wise accuracy divided
by the number of classes. The results are shown in Table 5.2, which reveals that the addition
of the NMA class has a detrimental impact on the classification performance of the original
MA emotion classes. Comparing to the original classifier, the first approach yields a ∼23%
relative decrease in both ACC and UAR on IEMOCAP and a ∼20% relative decrease in ACC
and UAR on CREMA-D.

Table 5.2 Classification performance on MA utterances when including NMA as an additional
class for IEMOCAP and CREMA-D.

IEMOCAP CREMA-D
ACC↑ UAR↑ ACC↑ UAR↑

Original MA classifier 0.582 0.577 0.714 0.672
+ an extra NMA class 0.447 0.438 0.568 0.540

The confusion matrices are shown in Fig. 5.2. It can be seen from the bottom right entry
that NMA itself is challenging to predict, possibly because it essentially contains a mix of
different emotion content. The last column demonstrates that grouping these utterances into
one class can confuse the model, particularly for the classes neutral, sad, frustrated, and
disgust.
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Fig. 5.2 Confusion matrix of the first approach on IEMOCAP and CREMA-D where NMA
is included as an additional class.
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5.3 OOD Detection by Quantifying Emotion Classification
Uncertainty

Despite its simplicity, the first approach discussed in Section 5.2, which includes NMA as an
additional class, diminishes the classification performance of the MA classes. This section
studies an alternative method: whether an emotion classifier can appropriately respond with “I
don’t know” for ambiguous emotion data that does not fit into any predefined emotion classes.
For an emotion classifier trained on MA utterances, NMA utterances that haven’t been seen
during training can be treated as out-of-domain (OOD) samples. The model is expected to
output a high uncertainty score when encountering ambiguous emotions, indicating that the
utterance doesn’t belong to any of the predefined MA classes. This is realised by quantifying
the uncertainty in emotion classification using evidential deep learning (EDL) (Sensoy et al.,
2018).

5.3.1 Limitations of Softmax Activation Function

A neural network model classifier transforms the continuous logits at the output layer into
class probabilities by a softmax function (Eqn. (2.3)). The model prediction can thus be
interpreted as a categorical distribution with the discrete class probabilities associated with
the model outputs. The model is then optimised by maximising the categorical likelihood of
the correct class, known as the cross-entropy loss.

However, the softmax activation function is known to have a tendency to inflate the
probability of the predicted class due to the exponentiation applied to transform the logits,
resulting in unreliable uncertainty estimations (Gal and Ghahramani, 2016, Guo et al., 2017).
Furthermore, cross-entropy is essentially a maximum likelihood estimate (MLE), a frequentist
technique lacking the capability of inferring the variance of the predictive distribution.

In the following section, the model uncertainty is estimated using evidential deep learning
(EDL) (Sensoy et al., 2018) which places a “second-order probability”3 over the categorical
distribution.

5.3.2 Evidential Deep Learning

Consider an emotion class label as a one-hot vector y where y𝑘 is one if the emotion belongs
to class 𝑘 else zero. y is sampled from a categorical distribution π where each component

3It models the distribution of a distribution.
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π𝑘 corresponds to the probability of sampling a label from class 𝑘:

y ∼ P(y |π) = Cat(π) = πy𝑘
𝑘
. (5.1)

To model the probability of the predictive distribution, the categorical distribution is assumed
to be sampled from a Dirichlet distribution:

π ∼ p(π |α) = Dir(π |α) = 1
B(α)

𝐾∏
𝑘=1

πα𝑘−1
𝑘

(5.2)

where B(·) is the Beta function:

B(α) =
∏𝐾
𝑘=1 Γ (α𝑘 )

Γ

(∑𝐾
𝑘=1 α𝑘

) (5.3)

where Γ(·) denotes the Gamma function Γ(𝑧) =
∫ ∞

0 xz−1𝑒−xdx. α𝑘 is the hyperparameter
of the Dirichlet distribution and α0 =

∑𝐾
𝑘=1 α𝑘 is the Dirichlet strength. The output of a

standard neural network classifier is a probability assignment over the possible classes and the
Dirichlet distribution represents the probability of each such probability assignment, hence
modelling second-order probabilities and uncertainty. The modelling process is illustrated in
Fig. 5.3.

Dir(𝜋𝜋|𝛼𝛼)Cat(y|π) 𝒚𝒚 
𝐊𝐊

𝜶𝜶

Fig. 5.3 Illustration of the Dirichlet process.

Subjective logic (Jsang, 2018) establishes a connection between the Dirichlet distribution
and the belief representation in Dempster–Shafer belief theory (Dempster, 1968), also known
as evidence theory. Consider 𝐾 classes each associated with a belief mass 𝑏𝑘 and an overall
uncertainty mass 𝑢, which satisfies:

𝑢 +
𝐾∑︁
𝑘=1

𝑏𝑘 = 1 (5.4)
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Fig. 5.4 Illustration of the model structure for quantifying uncertainty in emotion classification
by evidential deep learning.

The belief mass assignment corresponds to the Dirichlet hyperparameter α𝑘 :

𝑏𝑘 =
α𝑘 − 1

α0
, (5.5)

where 𝑒𝑘 = α𝑘 − 1 is usually termed evidence. The overall uncertainty can then be computed
as:

𝑢 =
𝐾

α0
. (5.6)

A neural network f𝚲 is trained to predict Dir(π𝑖 |α𝑖) for a given sample x𝑖 where 𝚲 is
the model parameters. The network is similar to standard neural networks for classification
except that the softmax output layer is replaced with a ReLU activation layer to assure non-
negative outputs, which is taken as the evidence vector for the predicted Dirichlet distribution:
f𝚲(x𝑖) = e𝑖. The concentration parameter of the Dirichlet distribution can be calculated as
α𝑖 = f𝚲(x𝑖) + 1. Given Dir(π𝑖 |α𝑖), the estimated probability of class 𝑘 can be calculated
by:

E[π𝑖𝑘 ] =
α𝑖𝑘

α0𝑖
. (5.7)

Training

For brevity, superscript 𝑖 is omitted in this section. Given one-hot label y and predicted
Dirichlet Dir(π |α), the network can be trained by maximising the marginal likelihood of
sampling y given the Dirichlet prior. Since the Dirichlet distribution is the conjugate prior of
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the categorical distribution, the marginal likelihood is tractable:

P(y |α) =
∫

P(y |π)p(π |α)dπ =

∫ ∏
𝑘

πy𝑘
𝑘

1
B(α)

∏
𝑘

πα𝑘−1
𝑘

=
B(α + y)

B(α)

=
Γ(∑𝑘 α𝑘 )

Γ(∑𝑘 α𝑘 +
∑
𝑘 y𝑘 )

∏
𝑘 Γ(α𝑘 + y𝑘 )∏

𝑘 Γ(α𝑘 )
=

∏𝐾
𝑘=1 αy𝑘

𝑘

α0
∑𝐾
𝑘=1 y𝑘

.

(5.8)

It is equivalent to training the model by minimising the negative log marginal likelihood:

LNLL =

𝐾∑︁
𝑘=1

y𝑘 (log(α0) − log(α𝑘 )). (5.9)

Following Sensoy et al. (2018), a regularisation term is added to penalise the misleading
evidence:

LR = KL(Dir(π |α̃) | |Dir(π |1)), (5.10)

where Dir(π |1) denotes a Dirichlet distribution with zero total evidence and α̃ = y + (1 −
y) ⊙ α4 is the Dirichlet parameters after removal of the non-misleading evidence from
predicted α. This penalty explicitly enforces the total evidence to shrink to zero for a sample
if it cannot be correctly classified. The overall loss is L = LNLL + 𝜆LR where 𝜆 is the
regularisation coefficient, which was set to 0.8 for IEMOCAP and 0.2 for CREMA-D.

5.3.3 Evaluation Metrics

The proposed method is evaluated in terms of majority prediction, uncertainty estimation,
and OOD detection.

Majority Prediction

Majority prediction for MA utterances is evaluated by classification accuracy (ACC) and
unweighted average recall (UAR) which is the sum of class-wise accuracy divided by the
number of classes.

Uncertainty Estimation

Model calibration is evaluated by expected calibration error (ECE) (Naeini et al., 2015) and
maximum calibration error (MCE) (Naeini et al., 2015). ECE measures model calibration by
computing the difference in expectation between confidence and accuracy. The expectation

4⊙ denotes element-wise multiplication.
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is approximated by partitioning predictions into Q bins equally spaced in the [0,1] range
based on predicted confidence. ECE can then be computed by taking a weighted average of
the bins’ accuracy/confidence difference:

ECE =

𝑄∑︁
𝑞=1

|𝐵𝑞 |
𝑁

��Acc(𝐵𝑞) − Conf(𝐵𝑞)
�� . (5.11)

where 𝐵𝑞 is the samples in the 𝑞𝑡ℎ bin. |𝐵𝑞 | denotes the number of sample in the 𝑞𝑡ℎ bin
and 𝑁 denotes the total number of samples. A smaller ECE value indicates better model
calibration. MCE is a variation of ECE which measures the largest calibration gap:

MCE = max
𝑞∈{1,...,𝑄}

��Acc(𝐵𝑞) − Conf(𝐵𝑞)
�� . (5.12)

OOD Detection

The area under the receiver operating characteristic (AUROC) and the area under the
precision-recall curve (AUPRC) are used to evaluate the performance of OOD detection.

AUROC is calculated as the area under the ROC curve. Samples are classified as positive
based on different threshold values (e.g., predicted probability) and true positive rate (TPR)
and false positive rate (FPR) are computed at each threshold. TPR, also known as recall, is
the ratio of correctly predicted positive observations to all actual positives. FPR is the ratio of
incorrectly predicted positive observations to all actual negatives. An ROC curve plots FPR
against TPR at different thresholds and the AUROC is a single scalar value that summarises
the performance across all thresholds. Similarly, AUPRC is calculated as the area under
the precision-recall curve where precision computes the ratio of true positive predictions to
the total number of positive predictions. The estimated uncertainty is used as the decision
threshold for both AUROC and AUPRC. The baseline is 50% for AUROC and is the fraction
of positives for AUPRC. NMA utterances are set as the positive class to detect.

5.3.4 Experiments: Detecting NMA as OOD

Baselines

The proposed methods were compared to the following baselines:

• MLE: a deterministic classification network with softmax activation trained by the
cross-entropy loss between the majority vote label and model predictions. It is denoted
as “MLE” since cross-entropy is essentially maximum likelihood estimation.
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• MLE+: a MLE model with NMA as an extra class, which is the first approach described
in Section 5.2.

• MCDP: a Monte Carlo dropout (Gal and Ghahramani, 2016) model with a dropout rate
of 0.5 which is forwarded 100 times to obtain 100 samples during testing.

• Ensemble: an ensemble (Lakshminarayanan et al., 2017) of 10 MLE models with the
same structure trained by bagging.

Uncertainty estimation of the EDL model is computed by Eqn. (5.6) while max probability
is used as uncertainty measure for other methods.

Performance

The proposed EDL-based method is compared to baselines in Table 5.3 and Table 5.4 on
the IEMOCAP and CREMA-D datasets respectively. For the first approach (denoted as
“MLE+”), which trains an emotion classifier with NMA as an extra class, some of the NMA
utterances are included in MLE+ training while the remainder are used for testing. Therefore,
OOD detection is evaluated only on NMA (test) data for MLE+.

First, as shown by the values of ACC and UAR, the proposed method demonstrates
comparable classification performance to the baselines, suggesting that the extension to
uncertainty estimation does not undermine the model’s capabilities. Although the Ensemble
achieves the highest accuracy on CREMA-D, it involves training 10 individual systems. The
proposed method achieves overall the best classification performance with only a tenth of the
computational cost of Ensemble during both training and testing. In addition, the proposed
method offers superior model calibration, as shown by the lowest values of ECE and MCE.

Table 5.3 Results of quantifying uncertainty in emotion classification on the IEMOCAP
dataset. The baseline for AUPRC is 0.433 for the entire NMA set and 0.160 for the NMA
test subset. The best value in each column is indicated in bold, and the second-best value is
underlined.

Classify MA Detect NMA (all) Detect NMA (test)
ACC↑ UAR↑ ECE↓ MCE↓ AUROC↑ AUPRC↑ AUROC↑ AUPRC↑

MLE+ 0.447 0.438 0.303 0.383 / / 0.461 0.139
MLE 0.582 0.577 0.206 0.239 0.550 0.471 0.549 0.177

MCDP 0.584 0.572 0.128 0.184 0.566 0.491 0.568 0.203
Ensemble 0.593 0.595 0.439 0.594 0.567 0.491 0.563 0.192

EDL 0.611 0.596 0.103 0.145 0.610 0.530 0.620 0.227
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Table 5.4 Results of quantifying uncertainty in emotion classification on the CREMA-D
dataset. The baseline for AUPRC is 0.387 for the entire NMA set and 0.097 for the NMA
test subset.

Classify MA Detect NMA (all) Detect NMA (test)
ACC↑ UAR↑ ECE↓ MCE↓ AUROC↑ AUPRC↑ AUROC↑ AUPRC↑

MLE+ 0.568 0.540 0.216 0.476 / / 0.552 0.156
MLE 0.714 0.672 0.150 0.156 0.578 0.467 0.571 0.179

MCDP 0.717 0.687 0.102 0.109 0.619 0.481 0.614 0.201
Ensemble 0.731 0.674 0.362 0.496 0.598 0.481 0.605 0.198

EDL 0.711 0.714 0.057 0.080 0.645 0.506 0.657 0.234

It also outperforms the baselines in effectively identifying NMA as OOD samples, as shown
by the highest AUROC and AUPRC values.

Reject Option for Accuracy

This section performs a reject option where the system has a option to reject a test sample
based on predicted uncertainty. Fig. 5.5 shows the change of accuracy when samples
with uncertainty larger than a threshold are excluded. The model tends to provide less
accurate predictions when it is less confident about its prediction, shown by the decrease of
classification accuracy when the uncertainty threshold increases, which demonstrates the
effectiveness of uncertainty prediction.
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Fig. 5.5 The change of accuracy with respect to the uncertainty threshold for EDL-based
methods on IEMOCAP and CREMA-D.
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Table 5.5 Comparison of EDL methods with different activation functions on IEMOCAP and
CREMA-D.

IEMOCAP Classify MA Detect NMA (all) Detect NMA (test)
ACC UAR ECE MCE AUROC AUPRC AUROC AUPRC

EDL (ReLU) 0.611 0.596 0.103 0.145 0.610 0.530 0.620 0.227
EDL (Softplus) 0.608 0.574 0.035 0.173 0.617 0.534 0.639 0.251

EDL (Exponential) 0.588 0.601 0.167 0.230 0.593 0.502 0.619 0.225

CREMA-D Classify MA Detect NMA (all) Detect NMA (test)
ACC UAR ECE MCE AUROC AUPRC AUROC AUPRC

EDL (ReLU) 0.701 0.714 0.057 0.080 0.645 0.506 0.657 0.234
EDL (Softplus) 0.692 0.696 0.113 0.309 0.640 0.506 0.633 0.230

EDL (Exponential) 0.723 0.602 0.277 0.277 0.623 0.495 0.626 0.197

5.3.5 Analysis

Analysis of Alternative Activation Functions

As described in Section 5.3.2, ReLU is used as the output activation function in EDL to
ensure the evidence is non-negative. This section compares the use of different activation
functions including ReLU, softplus and exponential functions. The three activation functions
are plotted in Fig. 5.6.

As shown in Table 5.5, using exponential function tends to result in less effective model
calibration, shown by the largest ECE and MCE values. It also produces poorer perfor-
mance for NMA detection, shown by the smallest AUROC and AUPRC. Recall that AU-
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Fig. 5.6 Illustration of the
activation functions.
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Fig. 5.7 Reject option for accuracy for EDL methods with
different activation functions.
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Fig. 5.8 ECDF of uncertainty (left) and en-
tropy (right) on IEMOCAP for EDL method
with different activation functions.
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Fig. 5.9 ECDF of uncertainty (left) and en-
tropy (right) on CREMA-D for EDL method
with different activation functions.
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Fig. 5.10 ECDF of uncertainty (left) and en-
tropy (right) on IEMOCAP for EDL method
with different regularisation coefficient 𝜆.
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Fig. 5.11 ECDF of uncertainty (left) and en-
tropy (right) on CREMA-D for EDL method
with different regularisation coefficient 𝜆.

ROC/AUPRC measures the performance of classifying samples as NMA based on the
predicted uncertainty at different uncertainty thresholds.

Fig. 5.7 shows the reject option for accuracy of EDL with different activation functions.
A drop in accuracy when the uncertainty threshold increases from 0 to 0.1 is observed for
model using the exponential activation. This indicates that exponential activation tends to
lead to smaller uncertainty values.

The empirical cumulative distribution function (ECDF) of uncertainty and entropy on
IEMOCAP and CREMA-D are plotted in Fig. 5.8 and Fig. 5.9 respectively. It can be seen that
exponential activation leads to smaller uncertainty and entropy, which echos the statement in
Section 5.3.1 that exponential activation tends to inflate the probability of the correct class.
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Analysis of Regularisation Coefficient

This section analyses the effect of regularisation coefficient 𝜆 in Eqn. (5.10) for EDL. The
empirical CDF of uncertainty and entropy when different regularisation coefficients were
used is plotted in in Fig. 5.10 and Fig. 5.11 for IEMOCAP and CREMA-D respectively. It is
observed that larger 𝜆 values lead to a larger entropy and uncertainty. This aligns with the
definition of the regularisation term in Eqn. (5.10) which tends to enforce a flat prior with
small evidence.

5.4 Emotion Distribution Estimation

Consider the example shown in Fig. 5.12 with the annotations assigned to three utterances.
Since the majority emotion classes are “angry” for both utterances (a) and (b), they will be
assigned the same ground-truth label “angry” in the aforementioned classification system,
which implies that they convey the same emotion content and is clearly unsuitable. On
the contrary, utterance (c), though being an NMA utterance, is more likely to share similar
emotional content with utterance (b). Therefore, in order to obtain more comprehensive
representations of emotion content, we further propose representing emotion as a distribution
rather than a single class label and re-framing emotion recognition as a distribution estimation
problem rather than a classification problem. A novel algorithm is proposed which extends
EDL to estimate the underlying emotion distribution given observed human annotations and
quantify the uncertainty in emotion distribution estimation. In this approach, the system
is trained to maximise the marginal likelihood of observing all human annotations from a
multinomial distribution under the Dirichlet prior. All human annotations are considered
rather than relying solely on the majority vote class. Instead of simply saying “I don’t know”,
the proposed system demonstrates the ability to estimate the emotion distributions of the
NMA utterances and also offer a reliable uncertainty measure for the distribution estimation.

Ang Fru Neu
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1 0
Ang Fru Neu

(b)

5 4

0
Ang Fru Neu

(c)

5 5

0

Fig. 5.12 The bar chart shows the number of labels assigned by annotators to the emotion
class “Angry”, “Frustrated”, and “Neutral” in an example. In utterance (a), eight annotators
interpret the emotion as angry while one interprets it as frustrated.
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5.4.1 Representing Emotion as a Distribution

Consider an input utterance x𝑖 associated with 𝑀𝑖 labels from human annotators D𝑖 =

{y (𝑚)
𝑖
}𝑀𝑖
𝑚=1 where y (𝑚)

𝑖
= [y (𝑚)

𝑖1 , . . . , y (𝑚)
𝑖𝐾
] is a one-hot vector. Instead of representing the

emotion content by the majority vote class, the underlying emotion distribution π is estimated
based on the observations {y (𝑚)

𝑖
}𝑀𝑖
𝑚=1. The emotion classification problem is thus re-framed

as a distribution estimation problem. In contrast to the “soft label” method mentioned in
Section 3.5.1 which approximates the emotion distribution of each x𝑖 solely based on D𝑖 by
MLE and trains the model to learn this proxy in a supervised manner, the proposed approach
trains a distribution estimator f𝚲 across all data points {x𝑖,D𝑖}𝑁𝑖=1 where 𝑁 is the number of
utterances in training. This approach leverages the knowledge about the emotion expression
and annotation variability across different utterances,

5.4.2 Extending EDL for Distribution Estimation

For brevity, the superscript 𝑖 is omitted in this section. Assume {y (𝑚)}𝑀
𝑚=1 are samples drawn

from a multinomial distribution. Let ŷ =
∑𝑀
𝑚=1 y𝑚 represents the counts of each emotion

class:

{y (𝑚)}𝑀𝑚=1 ∼ P(y |π) = Mult(π, 𝑀) (5.13)

Mult(π, 𝑀) = Γ(𝑀 + 1)∏𝐾
𝑘=1 Γ(ŷ𝑘 + 1)

πŷ𝑘
𝑘
. (5.14)

The categorical distribution in Eqn. (5.1) is the special case when 𝑀 = 1.
The network is trained by maximising the marginal likelihood of sampling {y (𝑚)}𝑀

𝑚=1
given the predicted Dirichlet prior Dir(π |α):

P({y (𝑚)}𝑀𝑚=1 |α) =
∫

P({y (𝑚)}𝑀𝑚=1 |π)p(π |α)𝑑π

=

∫
Γ(𝑀 + 1)∏𝐾
𝑘=1 Γ(ŷ𝑘 + 1)

∏
𝑘

πŷ𝑘
𝑘

1
𝐵(α)

∏
𝑘

πα𝑘−1
𝑘

𝑑π

=
Γ(𝑀 + 1)∏𝐾
𝑘=1 Γ(ŷ𝑘 + 1)

𝐵(α + y)
𝐵(α)

=
Γ(𝑀 + 1)∏𝐾
𝑘=1 Γ(ŷ𝑘 + 1)︸              ︷︷              ︸

Part A

∏𝐾
𝑘=1 αŷ𝑘

𝑘

α0
∑𝐾
𝑘=1 ŷ𝑘︸      ︷︷      ︸

Part B

.

(5.15)
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The multinomial coefficient (Part A in Eqn. (5.15)) is independent of α and Part B in
Eqn. (5.15) is the same as Eqn. (5.8) except for replacing one-hot majority label y with ŷ.
It is thus verified that LNLL in Eqn. (5.9) can be generalised to the distribution estimation
framework by replacing one-hot majority label y with ŷ:

LNLL∗ =

𝐾∑︁
𝑘=1

ŷ𝑘 (log(α0) − log(α𝑘 )). (5.16)

The regulariser in Eqn. (5.10) is replaced with:

LR1 = KL(Dir(π |α̂) | |Dir(π |1)) (5.17)

where α̂ = ȳ + (1 − ȳ) ⊙ α5 and ȳ = 1
𝑀

∑𝑀
𝑚=1 y𝑚 is the soft label. An alternative regulariser

is proposed in order to explicitly regularise the predicted multinomial distribution:

LR2 = KL(ȳ | |E[π]). (5.18)

Hence, the EDL method described in Section 5.3.2 for classification has been extended to
quantify the uncertainty in distribution estimation, with the original method (Sensoy et al.,
2018) being a special case when 𝑀 = 1 and ŷ becomes the one-hot majority label y. In
addition, it is worth noting that the proposed approach does not require a fixed number of
annotators for every utterance and can easily generalise to a large number of annotators (i.e.,
for crowd-sourced datasets).

5.4.3 Further Evaluation Metrics and Baselines

In addition to the metrics introduced in Section 5.3.3 for majority prediction (ACC, UAR)
and uncertainty estimation (ECE, MCE), an additional metric is adopted to evaluate the
performance of emotion distribution estimation: negative log likelihood (NLL) of sampling
human annotations from the predicted emotion distribution.

An additional baseline is also adopted for distribution estimation, which is the “soft label”
approach mentioned in Section 3.5.1. It is trained by minimising KL divergence between the
soft label ȳ and predictions, which is denoted as “MLE*” since it is an extension of MLE
from one-hot majority vote labels to soft labels.

The systems proposed in Section 5.4 using regularisation terms defined in Eqn. (5.17)
and Eqn. (5.18) are denoted as “EDL*(R1)” and “EDL*(R2)” respectively.

5⊙ denotes element-wise multiplication.
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Table 5.6 Classification and calibration performance of distribution-based methods on MA
data. The best value in each column is indicated in bold.

IEMOCAP CREMA-D
ACC↑ UAR↑ ECE↓ MCE↓ ACC↑ UAR↑ ECE↓ MCE↓

MLE* 0.564 0.562 0.151 0.279 0.693 0.621 0.109 0.115
EDL*(R1) 0.623 0.612 0.081 0.208 0.740 0.694 0.029 0.095
EDL*(R2) 0.624 0.616 0.025 0.201 0.718 0.722 0.084 0.107

Table 5.7 Emotion distribution estimation results on IEMOCAP and CREMA-D. NMA
stands for NMA (all).

IEMOCAP CREMA-D
NLLMA ↓ NLLNMA ↓ NLLMA ↓ NLLNMA ↓

MLE 1.310 1.924 1.532 2.054
MCDP 0.972 1.266 0.965 1.292

Ensemble 2.572 2.055 2.285 2.089
EDL 0.958 1.019 0.757 1.021

MLE* 0.941 1.137 0.648 0.774
EDL*(R1) 0.861 0.951 0.614 0.722
EDL*(R2) 0.833 0.953 0.606 0.698

5.4.4 Experiments: Estimating Emotion Distribution

The proposed EDL* methods were first evaluated in terms of majority class prediction. The
results of distribution-based methods on classification of MA data are shown in Table 5.6.
Compared to the classification-based methods in Table 5.3 and Table 5.4, it can be seen
that EDL* does not reduce the performance of emotion classification (in terms of ACC
and UAR) and model calibration (in terms of ECE and NCE) on MA data. This indicates
that the information about the majority class is retained when representing emotion as a
distribution. Note that when representing emotion as a distribution, it is no longer appropriate
to consider NMA utterances as OOD samples, as illustrated by case (b) and (c) in Fig. 5.12.
Although still trained only on MA data, the proposed distribution-based system shows good
generalisation ability in predicting the emotion distribution of NMA data, which we will see
shortly. When encountering NMA data during testing, instead of simply returning “I don’t
know”, the proposed system can provide reliable estimation of its emotional content, which
is a key benefit.

The proposed EDL* methods were then evaluated regarding distribution estimation.
Table 5.7 compares EDL* to the baselines in terms of the negative log likelihood of sampling
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target labels from the predicted emotion distribution. As can be seen from the table, EDL*
methods produce improved distribution estimation, achieving the smallest NLL values on
both MA and NMA data. Among the two EDL* methods employing different regularisation
terms, EDL* with R2 (defined in Eqn. (5.18)), which directly applies regularisation to
the predicted distribution, exhibits better distribution estimation without sacrificing model
calibration.

Reject Option for NLL

A reject option was then evaluated for NLL (instead of accuracy) to examine model calibra-
tion. For a well-calibrated model, an increase in the NLL value, which is associated with
poorer distribution estimation, is expected when the model becomes less confident. Fig. 5.13
and Fig. 5.14 visualise the change of NLL for MA data and NMA data when uncertainty
increases for IEMOCAP and CREMA-D respectively. For MA data, i.e., the type of data that
has been seen by the models during training, most methods can successfully reject uncertain
samples except for MLE and Ensemble, as shown by an increase in NLL values when the
uncertainty threshold increases. However, for NMA data which the model hasn’t seen in
training, only the EDL* methods exhibit the ability to demonstrate an increasing trend in
NLL values. 0.5 1.0
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Fig. 5.13 Reject option for NLL on IEMO-
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Fig. 5.15 Visualisation of emotion distribution for case study. Utterance (a) from IEMOCAP.
Utterance (b) from CREMA-D.

5.4.5 Case Study

Emotion distributions estimated by different methods are visualised against the label distribu-
tions for two representative examples in Fig. 5.15. In general, distribution-based methods
show superior performance for distribution estimation than classification-based methods. In
the case of utterance (a) which received two “angry” labels and two “frustrated” labels, the
proposed EDL* methods stand out by effectively capturing the tie between the emotions,
whereas the predictions of classification-based methods tend to be predominantly skewed
towards “frustrated”. As for utterance (b), where both “disgust” and “neutral” receive four
votes, along with two votes for “angry” and one for “fear”, the emotion distributions predicted
by the EDL* methods also show a similar pattern. These examples show that the proposed
method can not only provide a more comprehensive emotion representation but also better
reflect the variability of human opinions. Additional examples can be found in Appendix C.

The proficiency of the proposed EDL* methods for estimating the emotion distribution
and providing reliable confidence predictions, demonstrates the method’s capacity to estimate
both aleatoric uncertainty (Matthies, 2007, Der Kiureghian and Ditlevsen, 2009), arising
from data complexity (i.e., the ambiguity of emotion expression), and epistemic uncer-
tainty (Der Kiureghian and Ditlevsen, 2009)6, corresponding to the amount of uncommitted
belief in subjective logic.

6These two type of uncertainty will be discussed in detail in Chapter 6.
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Fig. 5.16 Human annotations for (a) NMA utterance “Ses04M_impro02_F024” and (b) MA
utterance “Ses05M_impro01_M014”.

5.5 Analysis: When OOD Detection Fails

This section includes examples and analysis of particular utterances where OOD detection is
problematic and shows how distribution-based methods improve over the classification-based
systems in handling complex ambiguous emotions.

5.5.1 A False Negative Case

Consider the following false negative case where the OOD detection model fails to detect
an NMA sample. Utterance “Ses04M_impro02_F024” from the IEMOCAP dataset has two
“angry” labels and two “frustrated” labels as shown in Fig. 5.16 (a). The EDL system predicts
this utterance as “frustrated” with a belief mass of 0.567 and an overall uncertainty score of
0.433, which reveals that the system fails to detect the utterance as NMA.

A possible cause of this failure is that the model gets confused by MA utterances seen in
the training that convey similar emotional content, such as “Ses05M_impro01_M014” whose
annotations are shown in Fig. 5.16 (b) with a MA emotion class “frustrated”. Although
one annotator considered it as “angry”, the MA ground-truth target was “frustrated” in a
classification-based system. Both utterances occur within a dyadic situation where two
people disagree, with the speaker being the one who compromises, feeling unhappy and
frustrated. Such similar emotional content may confuse a classification-based system to
also predict the NMA utterance as frustrated. It is worth noting that data with the same
distribution as “Ses04M_impro02_F024”, which has tied votes, is not included during the
training of a classification-based model because there is no majority vote available to serve
as ground truth.

This complex emotional expression can be better described by the distribution-based
EDL* systems. The predicted distribution of the NMA and MA utterances are shown in
Fig. 5.17. It can be seen that the classification-based methods produce a similar distribution
for the two utterances, with “frustrated” being dominant. However, the proposed EDL*
methods can better match the label distribution and distinguish between these two cases.
Although not been trained on NMA data, the EDL* methods are still capable of providing
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Fig. 5.17 Predicted emotion distribution of (a) NMA utterance “Ses04M_impro02_F024”
and (b) MA utterance “Ses05M_impro01_M014”.

accurate predictions of its emotional content. This is a key benefit of the distribution-based
approaches.

5.5.2 A False Positive Case

Next, a typical false positive instance is provided where a MA utterance is mis-detected
as OOD. The MA utterance “1087_IEO_FEA_LO” from the CREMA-D dataset has four
“neutral”, two “sad”, and three “fear” human labels as in Fig. 5.18 (a). The NMA utterance
“1052_ITH_FEA_XX” has four “neutral”, two “sad”, and four “fear” human labels as in
Fig. 5.18 (b). The OOD system successfully predicts the NMA utterance as OOD with
an overall uncertainty of 0.691 while also predicting the MA utterance as an OOD sample
with an overall uncertainty of 0.623.7 This failure is possible because the MA utterance
“1087_IEO_FEA_LO” contains a complex mixture of emotions shown by the rather flat label
distribution similar to “1052_ITH_FEA_XX”, which confuses the OOD detection system.
Note that the MA class “neutral” in Fig. 5.18 (a) comprises only 4

4+2+3 × 100% = 44.4%
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(b) “1052_ITH_FEA_XX”

Fig. 5.18 Human annotations for (a) MA utterance “1087_IEO_FEA_LO” and (b) NMA
utterance “1052_ITH_FEA_XX”.

7Assume the OOD detection threshold is taken as 0.5.
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of the annotations and hence is not an absolute majority, which reduces the severity of this
detection error.

Again, the distribution-based EDL* methods show superior capability in handling such
complex case. The predicted distribution of the utterances are shown in Fig. 5.19. For
the MA utterance, although human opinions diverge, the classification-based methods only
capture the majority prediction, with the predicted distribution being dominated by “neutral”.
However, the emotion distribution predicted by the proposed EDL* methods retains the
probability for “sad” and “fear” which accounts for the minority human opinions. Therefore,
we show that the proposed EDL* method improves over the OOD system by providing a more
comprehensive representation of emotional content as well as a more inclusive representation
of human opinions.

5.6 Chapter Summary

In subjective tasks like emotion recognition, there is usually no single “correct” answer.
The conventional approach of imposing a single ground truth through majority voting may
overlook valuable nuances within each annotator’s evaluation and the disagreements between
them, potentially resulting in the under-representation of minority views. It also disregards
a considerable amount of data. In this chapter, the emotion classification problem is re-
examined, starting with an exploration of ways to handle data with ambiguous emotions.

It is first shown that incorporating ambiguous emotions as an extra class reduces the
classification performance of the original emotion classes. Then, evidence theory is adopted
to quantify uncertainty in emotion classification which allows the classifier to output “I don’t
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Fig. 5.19 Predicted emotion distribution of (a) MA utterance “1087_IEO_FEA_LO” and (b)
NMA utterance “1052_ITH_FEA_XX”.



5.6 Chapter Summary 77

know” when it encounters utterances with ambiguous emotion. The model is trained to predict
the hyperparameters of a Dirichlet distribution, which models the second-order probability
of the probability assignment over emotion classes. Furthermore, to capture finer-grained
emotion differences, the emotion classification problem is transformed into an emotion
distribution estimation problem. All annotations are taken into account rather than only the
majority opinion. A novel approach is proposed which extends standard EDL to quantify
uncertainty in emotion distribution estimation. Experimental results show that given an
utterance with ambiguous emotion the proposed approach is able to provide a comprehensive
representation of its emotion content as a distribution with a reliable uncertainty measure.





Chapter 6

Estimating Uncertainty in Emotion
Attributes

In AER, labels assigned by different human annotators to the same utterance are often
inconsistent due to the inherent complexity of emotion and the subjectivity of perception.
Although deterministic labels generated by averaging or voting are often used as the ground
truth, it ignores the intrinsic uncertainty revealed by the inconsistent labels. Chapter 5 has
discussed three approaches to handling inconsistency in categorical emotion annotations.
This chapter extends the evidential deep learning approach to dimensional emotion attributes.

As discussed in Section 3.1, an emotional state can be defined based on either categorical
or dimensional theory. The categorical theory claims the existence of a small number of basic
discrete emotions that are inherent in our brain and universally recognised. Dimensional
emotion theory characterises emotional states by a small number of roughly orthogonal funda-
mental continuous-valued bipolar dimensions, also known as emotion attributes, which allow
us to model more subtle and complex emotions and are thus more common in psychological
studies.

Two types of uncertainties commonly exist in AER: aleatoric uncertainty and epistemic
uncertainty (Matthies, 2007, Der Kiureghian and Ditlevsen, 2009). The inconsistency in
emotion annotations is a typical manifestation of aleatoric uncertainty, also referred to as
data uncertainty, which arises from the intrinsic complexity of emotion data. Aggregating
such inconsistent labels with deterministic labels obtained by majority voting (Busso et al.,
2008, 2017) or (weighted) averages (Grimm and Kroschel, 2005, Ringeval et al., 2013,
Lotfian and Busso, 2019, Kossaifi et al., 2019) ignores the discrepancies between annotators
and the aleatoric uncertainty in emotion data. Epistemic uncertainty, also known as model
uncertainty, is associated with uncertainty in model parameters that best explain the observed
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data. Aleatoric and epistemic uncertainty are combined to induce the total uncertainty, also
called predictive uncertainty, that measures the confidence of model predictions.

In this chapter, deep evidential emotion regression (DEER) is proposed to estimate these
uncertainties in emotion attributes1. In contrast to Bayesian neural networks that place
priors on model parameters (Blundell et al., 2015, Kendall and Gal, 2017), evidential deep
learning (Sensoy et al., 2018, Malinin and Gales, 2018, Amini et al., 2020) places priors over
the likelihood function. Every training sample adds support to a learned higher-order prior
distribution called the evidential distribution. Sampling from this distribution gives instances
of lower-order likelihood functions from which the data was drawn.

In DEER, the inconsistent human labels of each utterance are considered as observations
drawn independently from an unknown Gaussian distribution. To probabilistically estimate
the mean and variance of the Gaussian distribution, a normal-inverse-gamma (NIG) prior is
introduced, which places a Gaussian prior over the mean and an inverse-gamma prior over
the variance. The AER system is trained to predict the hyperparameters of the NIG prior
for each utterance by maximising the per-observation-based marginal likelihood of each
observed label under this prior. As a result, DEER enables a joint estimation of emotion
attributes along with the aleatoric and epistemic uncertainties. As a further improvement,
a novel regulariser is proposed based on the mean and variance of the observed labels to
better calibrate the uncertainty estimation. The proposed methods were evaluated on the
MSP-Podcast and IEMOCAP datasets. Experiments show that DEER produced SOTA results
for both the mean values and the distribution of emotion attributes.

The rest of this chapter is organised as follows. Section 6.1 introduces the proposed
DEER approach. Experimental setup and results are presented in Section 6.2 and Section 6.3
respectively. Section 6.4 provides analysis and discussion, followed by the chapter summary.

6.1 Deep Evidential Emotion Regression

6.1.1 Problem Setting

Consider an input utterance x with 𝑀 emotion attribute labels y (1) , . . . , y (𝑀) provided by
multiple annotators. Assuming y (1) , . . . , y (𝑀) are observations drawn i.i.d. from a Gaussian
distribution with unknown mean µ and unknown variance σ2, where µ is drawn from a
Gaussian prior and σ2 is drawn from an inverse-gamma prior:

y (1) , . . . , y (𝑀) ∼ N(µ,σ2)
1Part of this chapter has been published as a conference paper (Wu et al., 2023a). See Appendix A for more

detail.
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µ ∼ N(γ,σ2υ−1), σ2 ∼ Γ−1(α,β)

where γ ∈ R, υ > 0, and Γ(·) is the Gamma function with α > 1 and β > 0.
Denote {µ,σ2} and {γ,υ,α,β} as Ψ and Ω. The posterior p(Ψ|Ω) is a NIG distribution,

which is the Gaussian conjugate prior:

p(Ψ|Ω) = p(µ|σ2,Ω) p(σ2 |Ω) = N(γ,σ2υ−1) Γ−1(α,β)

=
βα√υ

Γ(α)
√

2𝜋σ2

(
1

σ2

)α+1
exp

{
−2β + υ(γ − µ)2

2σ2

} (6.1)

Drawing a sample Ψ𝑖 from the NIG distribution yields a single instance of the likelihood
function N(µ𝑖,σ

2
𝑖
). The NIG distribution therefore serves as the higher-order, evidential

distribution on top of the unknown lower-order likelihood distribution from which the
observations are drawn. The NIG hyperparameters Ω determine not only the location but
also the uncertainty associated with the inferred likelihood function.

By training a deep neural network model to output the hyperparameters of the eviden-
tial distribution, evidential deep learning allows the uncertainties to be found by analytic
computation of the maximum likelihood Gaussian without the need for repeated inference
for sampling (Amini et al., 2020). Furthermore, it also allows an effective estimate of the
aleatoric uncertainty computed as the expectation of the variance of the Gaussian distribu-
tion, as well as the epistemic uncertainty defined as the variance of the predicted Gaussian
mean. Given an NIG distribution, the prediction, aleatoric, and epistemic uncertainty can be
computed as:

Prediction:E[µ] = γ (6.2)

Aleatoric:E[σ2] = β

α − 1
, ∀α > 1 (6.3)

Epistemic: Var[µ] = β

υ(α − 1) , ∀α > 1 (6.4)

6.1.2 Training

The training of DEER is structured as fitting the model to the data while enforcing the prior
to calibrate the uncertainty when the prediction is wrong.



82 Estimating Uncertainty in Emotion Attributes

Maximising the Data Fit

The likelihood of an observation y given the evidential distribution hyperparameters Ω is
computed by marginalising over the likelihood parameters Ψ:

p(y |Ω) =
∫

p(y |Ψ)p(Ψ|Ω) dΨ = Ep(Ψ|Ω) [p(y |Ψ)] (6.5)

An analytical solution exists in the case of placing an NIG prior on the Gaussian likelihood
function:

p(y |Ω) = Γ(1/2 +α)
Γ(α)

√︂
υ

𝜋
(2β(1 + υ))α

(
υ(y − γ)2 + 2β(1 + υ)

)−( 1
2+α)

= St2α

(
y |γ, β(1 + υ)

υ α

) (6.6)

where St𝜈 (𝑡 |𝑟, 𝑠) is Student’s t-distribution evaluated at 𝑡 with location parameter 𝑟, scale
parameter 𝑠, and 𝜈 degrees of freedom. The predicted mean and variance can be computed
analytically as

E[y] = γ, Var[y] = β(1 + υ)
υ(α − 1) (6.7)

Var[y] represents the total uncertainty of model prediction, which is equal to the summation
of the aleatoric uncertainty E[σ2] and epistemic uncertainty Var[µ] according to the law of
total variance:

Var[y] = E[Var[y |Ψ]] + Var[E[y |Ψ]]
= E[σ2] + Var[µ]

(6.8)

To fit the NIG distribution, the model is trained by maximising the sum of the marginal
likelihoods of each human label y (𝑚) . The negative log likelihood (NLL) loss can be
computed as

LNLL(θ) = − 1
𝑀

𝑀∑︁
𝑚=1

log p(y (𝑚) |Ω) = − 1
𝑀

𝑀∑︁
𝑚=1

log
[
St2α

(
y (𝑚) |γ, β(1 + υ)

υ α

)]
(6.9)

where θ is the model parameters. This is the proposed per-observation-based NLL loss,
which takes each observed label into consideration for AER. This loss serves as the first
part of the objective function for training a deep neural network model with parameter θ to
predict the hyperparameters {γ,υ,α,β} to fit all observed labels of x.
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Calibrating the Uncertainty on Errors

The second part of the objective function regularises training by calibrating the uncertainty
based on the incorrect predictions. A novel regulariser is formulated which contains two
terms: Lµ and Lσ that respectively regularises the errors on the estimation of the mean µ

and the variance σ2 of the Gaussian likelihood.
The first term Lµ is proportional to the error between the model prediction and the

average of the observations:

Lµ(θ) = Φ |ȳ − E[µ] | (6.10)

where | · | is 𝐿1 norm, ȳ = 1
𝑀

∑𝑀
𝑚=1 y (𝑚) is the averaged label which is usually used as the

ground truth in regression-based AER, and Φ is an uncertainty measure associated with the
inferred posterior. The reciprocal of the total uncertainty is used as Φ in this chapter, which
can be calculated as

Φ =
1

Var[y] =
υ(α − 1)
β(1 + υ) (6.11)

The regulariser imposes a penalty when there’s an error in prediction and dynamically scales
it by dividing by the total uncertainty of inferred posterior. It penalises the cases where
the model produces an incorrect prediction with a small uncertainty, thus preventing the
model from being over-confident. For instance, if the model produces an error with a small
predicted variance, Φ is large, resulting in a large penalty. Minimising the regularisation term
enforces the model to produce accurate prediction or increase uncertainty when the error is
large.

In addition to imposing a penalty on the mean prediction as in Amini et al. (2020), a
second term Lσ is proposed in order to calibrate the estimation of the aleatoric uncertainty.
As discussed in the introduction, aleatoric uncertainty in AER is shown by the different
emotion labels given to the same utterance by different human annotators. This chapter uses
the variance of the observations to describe the aleatoric uncertainty in the emotion data. The
second regularisation term is defined as:

Lσ (θ) = Φ |σ̄2 − E[σ2] | (6.12)

where σ̄2 = 1
𝑀

∑𝑀
𝑚=1(y (𝑚) − ȳ)2.
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6.1.3 Testing

Since NIG is the Gaussian conjugate prior, its posterior p(Ψ|D) is in the same parametric
family as the prior p(Ψ|Ω). Therefore, given a test utterance x∗, the predictive posterior
p(y∗ |D) has the same form as the marginal likelihood p(y |Ω), whereD denotes the training
set.

p(y∗ |D) =
∫

p(y∗ |Ψ)p(Ψ|D) dΨ (6.13)

p(y |Ω) =
∫

p(y |Ψ)p(Ψ|Ω) dΨ (6.14)

In DEER, the predictive posterior and posterior are both conditioned on Ω, written
as p(y∗ |D,Ω) and p(Ψ|D,Ω) to be precise. Also, the information of D is contained in
Ω∗ since Ω∗ = 𝑓θ̂ (x∗) and θ̂ is the optimal model parameters obtained by training on D.
Then the predictive posterior can be written as p(y∗ |Ω∗). Given the conjugate prior, the
predictive posterior in DEER can be computed by directly substituting the predicted Ω∗ into
the expression of marginal likelihood derived in Eqn. (6.6), skipping the step of calculating
the posterior.

6.1.4 Summary and Comparison to Categorical Cases

For an AER task that consists of 𝐾 emotion attributes, DEER trains a deep neural network
model to simultaneously predict the hyperparameters {Ω1, . . . ,Ω𝐾} associated with the 𝐾
attribute-specific NIG distributions, where Ω𝑘 = {γ𝑘 ,υ𝑘 ,α𝑘 ,β𝑘 }(𝑘 = 1, . . . , 𝐾). A DEER
model thus has 4𝐾 output units. The system is trained by minimising the total loss w.r.t. θ as:

Ltotal(θ) =
𝐾∑︁
𝑘=1

𝜖𝑘L𝑘 (θ) (6.15)

L𝑘 (θ) = LNLL
𝑘 (θ) + 𝜆𝑘

[
Lµ
𝑘
(θ) + Lσ

𝑘 (θ)
]

(6.16)

where 𝜖𝑘 is the weight satisfying
∑𝐾
𝑘=1 𝜖𝑘 = 1, 𝜆𝑘 is the scale coefficient that trades off the

training between data fit and uncertainty regularisation.
At test-time, the predictive posteriors are 𝐾 separate Student’s t-distributions p(y |Ω1),

p(y |Ω2), ... , p(y |Ω𝐾), each of the same form as derived in Eqn. (6.6). Apart from obtaining a
distribution over the emotion attribute of the speaker, DEER also allows analytic computation
of the uncertainty terms, as summarised in Table 6.1.
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Table 6.1 Summary of the uncertainty terms for DEER.

Term Expression

Predicted mean E[y] = E[µ] = γ

Predicted variance
(Total uncertainty)

Var[y] = β(1+υ)
υ(α−1)

Aleatoric uncertainty E[σ2] = β
α−1

Epistemic uncertainty Var[µ] = β
υ(α−1)

Table 6.2 compares the evidential deep learning approaches for discrete emotion classes
(the EDL* method proposed in Chapter 5) and continuous emotion attributes (the DEER
method described above). The multinomial likelihood with the Dirichlet prior is used
for discrete emotion labels while the Gaussian likelihood with the NIG prior is used for
continuous emotion attributes.

Table 6.2 Comparison of EDL approaches for discrete and continuous annotations.

Label y Likelihood Prior Marginal Likelihood

Discrete Multinomial P(y |π) Dir(π |α) P(y |α) =
∫

P(y |π) Dir(π |α)dπ

Continuous Gaussian p(y |Ψ) NIG(Ψ|Ω) p(y |Ω) =
∫

p(y |Ψ) NIG(Ψ|Ω)dΨ

6.2 Experimental Setup and Metrics

6.2.1 Dataset

The MSP-Podcast and IEMOCAP datasets (see Section 3.3.2) are used in this chapter.
The annotations of both datasets use 𝐾 = 3 with valence, arousal (also called activation),
and dominance as the emotion attributes. MSP-Podcast uses a seven-point Likert scale
for attribute annotation. Release 1.8 was used in the experiments, which contains 73,042
utterances from 1,285 speakers amounting to more than 110 hours of speech. The average
variance of the labels assigned to each sentence is 0.975, 1.122, 0.889 for valence, arousal,
and dominance respectively. The standard splits for training (44,879 segments), validation
(7,800 segments) and testing (15,326 segments) were used in the experiments.

The IEMOCAP corpus uses a five-point Likert scale. The average variance of the
labels assigned to each sentence is 0.130, 0.225, 0.300 for valence, arousal, and dominance
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Fig. 6.1 Illustration of the model structure. Weights 𝑤1, . . . , 𝑤12 for the weighted sum of the
12 Transformer encoder outputs are trainable and satisfy

∑12
𝑖=1 𝑤𝑖 = 1.

respectively. Unless otherwise mentioned, systems on IEMOCAP were evaluated by training
on Session 1-4 and testing on Session 5.

6.2.2 Model Structure

The model structure used in this chapter follows the upstream-downstream framework (Yang
et al., 2021, Bommasani et al., 2021), as illustrated in Fig. 6.1. WavLM Base+ (Chen et al.,
2022) was used as the upstream foundation model2 which has 12 Transformer encoder blocks
with 768-dimensional hidden states and 8 attention heads. The parameters of the pretrained
model are frozen and the weighted sum of the outputs of the 12 Transformer encoder blocks
are used as the speech embeddings and fed into the downstream model.

The downstream model consists of two 128-dimensional Transformer encoder blocks
with 4-head self-attention, followed by an evidential layer that contains four output units for
each of the three attributes, which has a total of 12 output units. The model contains 0.3M
trainable parameters. A softplus activation3 is applied to {υ,α,β} to ensure υ,α,β > 0
with an additional +1 added to α to ensure α > 1. A linear activation is used for γ ∈ R.
The proposed DEER model is trained to simultaneously learn three evidential distributions
for the three attributes. The weights in Eqn. (6.15) are set as 𝜖𝑣 = 𝜖𝑎 = 𝜖𝑑 = 1/3. The scale
coefficients are set to 𝜆𝑣 = 𝜆𝑎 = 𝜆𝑑 = 0.1 for Eqn. (6.16).

2Available at: https://huggingface.co/microsoft/wavlm-base-plus
3softplus(𝑥) = log(1 + exp(𝑥))
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6.2.3 Baselines

The proposed method is compared to the following three baseline systems:

• GP: a Gaussian process (Williams and Rasmussen, 2006) with a radial basis function
kernel, trained by maximising the per-observation-based marginal likelihood.

• MCDP: a Monte Carlo dropout (Gal and Ghahramani, 2016) system with a dropout
rate of 0.4. During inference, the system was forwarded 50 times with different dropout
random seeds to obtain 50 samples.

• Ensemble: an ensemble (Lakshminarayanan et al., 2017) of 10 systems initialised and
trained with 10 different random seeds.

The MCDP and ensemble baselines use the same model structure as the DEER system, except
that the evidential output layer was replaced by a standard FC output layer with three output
units to predict the values of valence, arousal and dominance respectively. Following prior
work (AlBadawy and Kim, 2018, Atmaja and Akagi, 2020b, Sridhar and Busso, 2020b), the
concordance correlation coefficient (CCC) loss,

Lccc = 1 − 𝜌ccc (6.17)

was used for training the MCDP and ensemble baselines where 𝜌ccc is defined in Eqn. (6.18).
The CCC loss is computed based on the sequence within each mini-batch of training data. The
CCC loss has been shown by previous studies to improve the continuous emotion predictions
compared to the RMSE loss (Povolny et al., 2016, Trigeorgis et al., 2016, Le et al., 2017).
For MCDP and ensemble, the predicted distribution of the emotion attributes are estimated
based on the obtained samples by kernel density estimation.

6.2.4 Evaluation Metrics

Mean Prediction

Following prior work in continuous emotion recognition (Ringeval et al., 2015, 2017, Sridhar
and Busso, 2020a, Leem et al., 2022), the concordance correlation coefficient (CCC) was
used to evaluate the predicted mean. CCC combines the Pearson’s correlation coefficient
with the square difference between the mean of the two compared sequences:

𝜌ccc =
2𝜌σrefσhyp

σ2
ref + σ2

hyp +
(
µref − µhyp

)2 , (6.18)
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where 𝜌 is the Pearson correlation coefficient between a hypothesis sequence (system predic-
tions) and a reference sequence, where µhyp and µref are the mean values, and σ2

hyp and σ2
ref

are the variance values of the two sequences. Hypotheses that are well correlated with the
reference but shifted in value are penalised in proportion to the deviation. The value of CCC
ranges from −1 (perfect disagreement) to 1 (perfect agreement).

The root mean square error (RMSE) averaged over the test set is also reported. RMSE
can be computed as follows:

RMSE =

√√√
1
𝑁

𝑁∑︁
𝑖=1
(yhyp
𝑖
− yref

𝑖
)2 (6.19)

where 𝑁 is the number of samples, y
hyp
𝑖

is the prediction of the 𝑖th sample, yref
𝑖

is the ground
truth of the 𝑖th sample. Since the average of the human labels, ȳ, is defined as the ground truth
in both datasets, ȳ were used as the reference in computing the CCC and RMSE. However,
using ȳ also indicates that these metrics are less informative when the aleatoric uncertainty
is large.

Uncertainty Estimation

Uncertainty estimation ability is measured by negative log likelihood (NLL), which is
computed by fitting data to the predictive posterior p(y). In this chapter, NLL(avg) defined as
− log p(ȳ) and NLL(all) defined as − 1

𝑀

∑𝑀
𝑚=1 log p(y (𝑚)) are both used. NLL(avg) measures

how much the averaged label ȳ fits into the predicted posterior distribution, and NLL(all)
measures how much every single human label y (𝑚) fits into the predicted posterior. A lower
NLL indicates better uncertainty estimation.

6.3 Experimental Results

6.3.1 Baseline Comparisons

The proposed DEER method are compared to the baselines described in Section 6.2.3. The
results are shown in Table 6.3. The proposed DEER system outperforms the baselines on
most of the attributes and the overall values. In particular, DEER outperforms all baselines
consistently in the NLL(all) metric, indicating its superior performance in distribution
estimation.
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Table 6.3 Comparison with the baselines. “v”, “a”, “d” stands for valence, arousal, dominance.
“↑” denotes the higher the better, “↓” denotes the lower the better. The best results in each
column shown in bold. The second best results underlined.

CCC ↑ RMSE ↓ NLL(avg) ↓ NLL(all) ↓
MSP-Podcast v a d v a d v a d v a d

GP 0.342 0.595 0.486 0.811 0.673 0.566 1.447 1.408 1.297 1.727 1.808 1.592
MCDP 0.476 0.667 0.594 0.874 0.702 0.623 1.680 1.300 1.071 2.050 2.027 1.776

Ensemble 0.511 0.679 0.608 0.855 0.692 0.615 1.864 1.384 1.112 2.096 2.066 1.795
DEER 0.506 0.698 0.613 0.772 0.680 0.576 1.334 1.285 1.156 1.696 1.692 1.577

IEMOCAP v a d v a d v a d v a d

GP 0.535 0.717 0.512 0.763 0.479 0.657 1.209 0.791 1.047 1.295 1.205 1.380
MCDP 0.539 0.724 0.568 0.786 0.561 0.702 1.291 0.849 1.133 1.549 1.325 1.747

Ensemble 0.580 0.754 0.560 0.778 0.476 0.686 1.296 0.864 1.110 1.584 1.218 1.749
DEER 0.596 0.756 0.569 0.755 0.457 0.638 1.070 0.795 1.035 1.275 1.053 1.283

Table 6.4 Cross comparison of the CCC value on MSP-Podcast and IEMOCAP. “v”, “a”,
“d” stands for valence, arousal, dominance. “Version” of MSP-Podcast denotes the release
version of the dataset, and only the results from the same dateset version are comparable.
“Test set” of IEMOCAP denotes the train/test split. “Ses05” denotes training on Session 1-4
and testing on Session 5. “5CV” denotes leave-one-session-out 5-fold cross validation.

MSP-podcast

Paper Version v a d Average

Ghriss et al. (2022) 1.6 0.412 0.679 0.564 0.552
Mitra et al. (2022) 1.6 0.57 0.75 0.67 0.663

Srinivasan et al. (2022) 1.6 0.627 0.757 0.671 0.685
DEER 1.6 0.629 0.777 0.684 0.697

Leem et al. (2022) 1.8 0.212 0.572 0.505 0.430
DEER 1.8 0.506 0.698 0.613 0.606

IEMOCAP

Paper Setting v a d Average

Atmaja and Akagi (2020a) Ses05 0.421 0.590 0.484 0.498
Atmaja and Akagi (2021) Ses05 0.553 0.579 0.465 0.532

DEER Ses05 0.596 0.756 0.569 0.640

Srinivasan et al. (2022) 5CV 0.582 0.667 0.545 0.598
DEER 5CV 0.625 0.720 0.548 0.631

6.3.2 Cross Comparison of Mean Prediction

Table 6.4 compares results obtained with those previously published in terms of the CCC
value. Previous papers have reported results on both version 1.6 and 1.8 of the MSP-Podcast
dataset. Experiments were also conducted on MSP-Podcast version 1.6 for comparison.
Version 1.6 is a subset of version 1.8 and contains 34,280 segments for training, 5,958
segments for validation and 10,124 segments for testing. For IEMOCAP, apart from training
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on Session 1-4 and testing on Session 5 (Ses05), the proposed system was also evaluated by
a 5-fold cross-validation (5CV) based on a “leave-one-session-out” strategy. In each fold,
one session was left out for testing and the others were used for training. The configuration
is speaker-exclusive for both settings. As shown in Table 6.4, the proposed DEER systems
achieved SOTA results on both versions of MSP-Podcast and both test settings of IEMOCAP.

6.4 Analysis

This section provides analysis of the DEER method including the effect of the aleatoric
regulariser and per-observation-based likelihood loss, visualisation of predicted uncertainty,
a reject option based on the predicted uncertainty, and fusion with text modality.

6.4.1 Effect of the Aleatoric Regulariser

First, by setting the aleatoric regulariser Lσ in Eqn. (6.16) to zero, an ablation study of the
effect of the proposed extra regularisation term Lσ was performed. The results are given
in the “Lσ = 0” rows in Table 6.5. In this case, only Lµ is used to regularise LNLL and the
results are compared to those trained using the complete loss defined in Eqn. (6.16), which
are shown in the “L in Eqn. (6.16)” rows. From the results, Lσ improves the performance in
CCC and NLL(all), but not in NLL(avg), as expected.

Table 6.5 Results using variants of the DEER loss in Eqn. (6.16). “v” , “a”, “d” stands for
valence, arousal, dominance. “↑” denotes the higher the better, “↓” denotes the lower the
better. The “L in Eqn. (6.16)” row systems used the complete total loss of DEER. The
“Lσ = 0” row systems had no Lσ regularisation term in the total loss. The “LNLL = L̄NLL”
row systems replaced the individual human labels with L̄NLL in the total loss.

CCC ↑ RMSE ↓ NLL(avg) ↓ NLL(all) ↓
MSP-Podcast v a d v a d v a d v a d

L in Eqn. (6.16) 0.506 0.698 0.613 0.772 0.680 0.576 1.334 1.285 1.156 1.696 1.692 1.577
Lσ = 0 0.451 0.687 0.607 0.784 0.679 0.580 1.345 1.277 1.159 1.706 1.705 1.586
LNLL = L̄NLL 0.473 0.682 0.609 0.808 0.673 0.566 1.290 1.060 0.899 2.027 2.089 1.969

IEMOCAP v a d v a d v a d v a d

L in Eqn. (6.16) 0.596 0.755 0.569 0.755 0.457 0.638 1.070 0.795 1.035 1.275 1.053 1.283
Lσ = 0 0.582 0.752 0.553 0.772 0.466 0.655 1.180 0.773 1.061 1.408 1.069 1.294
LNLL = L̄NLL 0.585 0.759 0.555 0.786 0.444 0.633 1.001 0.727 1.036 1.627 1.329 1.441
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6.4.2 Effect of the Per-Observation-Based LNLL

Next, the effect of the proposed per-observation-based NLL loss defined in Eqn. (6.9), LNLL,
is compared to an alternative. Instead of using LNLL,

L̄NLL = − log p(ȳ |Ω) (6.20)

is used to compute the total loss during training, and the results are given in the “LNLL =

L̄NLL” rows in Table 6.5. While LNLL considers the likelihood of fitting each individual
observation into the predicted posterior, L̄NLL only considers the averaged observation.
Therefore, it is expected that using L̄NLL instead of LNLL yields a smaller NLL(avg) but
larger NLL(all), which have been validated by the results in the table.

6.4.3 Visualisation

Based on a randomly selected subset test set of MSP-Podcast version 1.8, the aleatoric,
epistemic and total uncertainty of the dominance attribute predicted by the proposed DEER
system are shown in Fig. 6.2.
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Fig. 6.2 Visualisation of (a) aleatoric (b) epistemic (c) total uncertainty of dominance for
MSP-Podcast. 𝑥-axis is the test utterance index.
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Fig. 6.2 (a) shows the predicted mean ± square root of the predicted aleatoric uncertainty
(E[µ] ±

√︁
E[σ2]) and the average label ± the standard deviation of the human labels (ȳ ± σ̄).

It can be seen that the predicted aleatoric uncertainty (blue) overlaps with the label standard
deviation (grey) and the overlapping is more evident when the mean predictions are accurate
(i.e., samples around index 80-100).

Fig. 6.2 (b) shows the predicted mean ± square root of the predicted epistemic uncertainty
(E[µ] ±

√︁
Var[µ]). The epistemic uncertainty is high when the predicted mean deviates from

the target (i.e., samples around index 40-50) while low when the predicted mean matches the
target (i.e., samples around index 80-100).

Fig. 6.2 (c) shows the predicted mean ± square root of the total uncertainty (E[y] ±√︁
Var[y]) which combines the aleatoric and epistemic uncertainty. The total uncertainty is

high either when the input utterance is complex or the model is not confident.

6.4.4 Reject Option

A reject option was applied to analyse the uncertainty estimation performance, where the
system has the option to accept or decline a test sample based on the uncertainty prediction.
Since the evaluation of CCC is based on the whole sequence rather than individual samples,
its computation would be affected when the sequence is modified by rejection (Wu et al.,
2022a). Therefore, the reject option is performed based on RMSE.

The confidence is measured by the total uncertainty given in Eqn. (6.7). Fig. 6.3 shows
the performance of the proposed DEER system with a reject option on MSP-Podcast and
IEMOCAP. A percentage of utterances with the largest predicted variance were rejected. The
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Fig. 6.3 Reject option of RMSE based on predicted variance for (a) MSP-Podcast and (b)
IEMOCAP.
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results at 0% rejection corresponds to the RMSE achieved on the entire test data. As the
percentage of rejection increases, test coverage decreases and the average RMSE decreases
showing the predicted variance succeeded in confidence estimation. The system then trades
off between the test coverage and performance.

6.4.5 Fusion with Text Modality for AER

This section examines whether text information is useful for emotion attribute prediction.
A bi-modal experiment is presented that explicitly4 incorporates text information into the
model. The text transcriptions of the speech data were obtained from a publicly available
ASR model “wav2vec2-base-960h” 5 which finetuned the Wav2vec 2.0 (see Section 2.2.4)
model on 960 hours LibriSpeech data6 (Panayotov et al., 2015). Transcriptions were first
encoded by a RoBERTa model (see Section 2.2.3) and fed into another two-layer Transformer
encoder. As shown in Fig. 6.4, outputs from the text Transformer were concatenated with the
outputs from the audio Transformer encoder and fed into the evidential output layer.
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Fig. 6.4 Model structure for bi-modal experiments.

The results are shown in Table 6.6. Incorporating text information improves the estimation
of valence but not necessarily for arousal and dominance. Similar phenomena were observed
by Triantafyllopoulos et al. (2022). A possible explanation is that text is effective for
sentiment analysis (positive or negative) but may not be as informative as audio to determine

4Some level of semantic information could already be implicitly encoded by the speech foundation model.
5Available at: https://huggingface.co/facebook/wav2vec2-base-960h
6Details about the LibriSpeech dataset can be found in Appendix B.1.
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Table 6.6 CCC value for bi-modal experiments. “A” and “T” stands for audio and text. “v”,
“a”, and “d” stand for valence, arousal, and dominance. Release 1.8 is used for MSP-Podcast.
“Ses05” setup used for IEMOCAP that trains on Session 1-4 and tests on Session 5.

MSP-podcast IEMOCAP
Modality v a d v a d

A 0.506 0.698 0.613 0.596 0.756 0.569
A+T 0.559 0.699 0.614 0.609 0.754 0.575

a speaker’s level of excitement. CCC for dominance improves more for IEMOCAP than
MSP-Podcast possibly because IEMOCAP is an acted dataset and the emotion may be
exaggerated compared with MSP-Podcast which contains naturalistic emotion.

6.5 Chapter Summary

Two types of uncertainty exist in AER: (i) aleatoric uncertainty arising from the inherent
ambiguity of emotion and personal variations in emotion expression; (ii) epistemic uncertainty
associated with the estimated network parameters given the observed data. This chapter
introduces DEER for estimating those uncertainties in emotion attributes. Treating observed
attribute-based annotations as samples drawn from a Gaussian distribution, DEER places a
normal-inverse-gamma (NIG) prior over the Gaussian likelihood. A novel training loss is
proposed which combines a per-observation-based NLL loss with a regulariser on both the
mean and the variance of the Gaussian likelihood. Experiments on the MSP-Podcast and
IEMOCAP datasets show that DEER can produce state-of-the-art results in estimating both
the mean value and the distribution of emotion attributes. The use of NIG, the conjugate
prior to the Gaussian distribution, leads to tractable analytic computation of the marginal
likelihood as well as aleatoric and epistemic uncertainty associated with attribute prediction.
Uncertainty estimation is analysed by visualisation and a reject option.

Beyond the scope of AER, DEER could also be applied to other tasks with subjective
evaluations yielding inconsistent labels, which will be discussed in Chapter 7. It is noted that
the proposed method made a Gaussian assumption on the likelihood function for the analytic
computation of the uncertainties. Chapter 7 introduces an alternative method that does not
restrict the distribution to be a certain type.



Chapter 7

Subjective Human Evaluations

Chapter 5 and Chapter 6 have discussed the variability in emotion annotation. Such variability
is not confined to emotion perception but is also prevalent in other subjective tasks that involve
human evaluation. In this chapter, we extend the scope from emotion recognition to a general
framework for modelling variability in subjective human evaluations.

Human evaluation is fundamental to machine learning research, guiding processes such
as data annotation and model assessment, which for instance include perceptual quality
evaluation of synthesised speech, text, and images (Ma et al., 2015, Patton et al., 2016, Talebi
and Milanfar, 2018, Lo et al., 2019, Borade and Netak, 2020, Ramesh and Sanampudi, 2022),
annotation generation for weak supervision (Ratner et al., 2016, Wu et al., 2022b), and model
optimisation based on human preferences (Schatzmann et al., 2007, Asri et al., 2016, Gür
et al., 2018, Ruiz et al., 2019, Shi et al., 2019, Lin et al., 2021). Collecting human annotations
or evaluations often requires substantial resources and may expose human annotators to
distressing and harmful content in sensitive tasks (e.g., toxic speech detection, suicidal risk
prediction, and depression detection). This inspires the exploration of human annotator
simulation (HAS) as a scalable and cost-effective alternative, which facilitates large-scale
dataset evaluation, benchmarking, and system comparisons.

Variability is a unique aspect of real-world human evaluation, since individual variations
in cognitive biases, cultural backgrounds, and personal experiences (Hirschberg et al., 2003,
Wiebe et al., 2004, Haselton et al., 2015) can lead to variability in human interpretation (Lot-
fian and Busso, 2019, Mathew et al., 2021, Maniati et al., 2022). HAS aims to incorporate the
variability present in human evaluation rather than solely relying on majority opinions, which
mitigates potential biases and over-representation in scenarios where dominant opinions
could potentially overshadow minority viewpoints (Dixon et al., 2018, Hutchinson et al.,
2020), thus promoting fairness and inclusivity.
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This chapter investigates HAS for the automatic generation of human-like annotations
that takes into account the variability in human evaluation1. A novel meta-learning frame-
work that treats HAS as a zero-shot density estimation problem is introduced, which allows
for the efficient generation of human-like annotations for unlabelled test inputs. Under this
framework, two new model classes, conditional integer flows and conditional softmax flows,
are proposed to account for ordinal and categorical annotations respectively, which are com-
mon types of annotations in human evaluation tasks. The proposed methods show superior
capability and efficiency to predict the aggregated behaviours of human annotators, match
the distribution of human annotations, and simulate the level of inter-annotator agreement on
three real-world human evaluation tasks: emotion recognition, toxic speech detection, and
speech quality assessment.

The rest of the chapter is organised as follows. Section 7.1 introduces the background of
HAS along with problem formulation and related work. Section 7.2 describes the proposed
framework for variability-aware HAS including models for ordinal and categorical annota-
tions in Section 7.2.2 and Section 7.2.3 respectively. Three real-word human evaluation tasks
that are used to assess the performance of the proposed method are described in Section 7.3.
Section 7.4 introduces the experimental setup and evaluation metrics. The results and analysis
are presented in Section 7.5, followed by the chapter summary.

7.1 Human Annotator Simulation (HAS)

7.1.1 The Sources of Variability in Human Evaluation

Human perception refers to the process by which individuals interpret and make sense of
the sensory information they receive from the environment. It involves the integration of
sensory data, cognitive processes, emotions, and previous experiences. Subjective perception
emphasises that each individual’s perception of the world is unique and influenced by their
internal mental states, beliefs, attitudes, and past experiences. As a result, people can interpret
and react to the same stimuli differently, leading to diverse and subjective perceptions.

Each person’s sensory organs, such as their eyes and ears, may have slight variations
in sensitivity and acuity, leading to different perceptions of the same stimuli. Cognitive
biases, the inherent mental shortcuts or tendencies that influence how humans perceive and
process information, can lead to difference in judgement and decision-making. People’s past
experiences, cultural norms, and upbringing also shape their perceptions. Different cultural

1Part of this chapter has been published as a conference paper (Wu et al., 2024a). See Appendix A for more
detail.
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backgrounds can lead to distinct interpretations of the same event, leading to diverse reactions.
The variability in humans can be manifest in various tasks such as colour perception, emotion
recognition, art appreciation, and feedback preferences.

Embracing and understanding the variability of human perception is vital for various
research fields such as psychology, neuroscience, human-computer interaction, etc., and
has practical implications in designing human-centred systems and promoting empathy
and diversity. It helps create products and interfaces that cater to diverse user needs and
preferences in fields like human-computer interaction and user experience design. Being
aware of the variability of perception is crucial in ethical decision-making. It helps ensure that
different perspectives and cultural sensitivities are considered, which in turn helps identify
and address potential biases that might disproportionately affect certain groups or lead to
unfair outcomes.

7.1.2 The Variability in Human Evaluation is Valuable

As discussed in Section 7.1.1, each individual’s perception of the world is unique and in-
fluenced by their physical state and cognitive biases, which leads to diverse and subjective
interpretations. Such subjectivity can be manifest in various tasks such as emotion recogni-
tion (Hirschberg et al., 2003, Mihalcea and Liu, 2006), perceptual quality assessment (Wiebe
et al., 2004, Seshadrinathan et al., 2010, Zen and Vanderdonckt, 2016), and user experience
evaluation (Zen and Vanderdonckt, 2016). It has been argued that achieving a deterministic
“ground truth” in subjective tasks like human evaluation is not feasible, nor essential (Alm,
2011, Wu et al., 2022e). Therefore, we advocate for methodologies that focus on modelling
annotators’ subjective interpretations, rather than seek to reduce the variability in annotations:
instead of only predicting the majority opinion, it is important to account for human percep-
tion variability when designing a human annotator simulator. Below are three examples that
demonstrate the importance of modelling variability in HAS:

Revealing data ambiguity. Incorporating the variability in human perception allows
HAS systems to reveal potential ambiguity or complexity in data, providing valuable insight
for further analysis2.

Mitigating bias and over-representation. Incorporating the variability in human judge-
ments prevents HAS from being biased towards a certain perspective and ignoring minority

2Taking emotion perception as an example, there are certain cases that convey fairly clear emotional
expressions (e.g., laughing) and most annotators agree that the speaker is happy. However, there also exist
cases where the emotion is more subtle and human opinions can easily diverge. For instance, in a dyadic
situation where two people disagree, with the speaker being the one who compromises (i.e., the case illustrated
in Fig. 5.16), some people would perceive the emotion as frustrated while others may interpret it as angry.
These types of data contain ambiguous emotion that is inherently more complex to deal with.
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Descriptor 𝒙𝒙𝒊𝒊

“It's ridiculous” Angry Sad

Annotations 𝓓𝓓𝒊𝒊

Event 𝒅𝒅𝒊𝒊

Angry

Fig. 7.1 Definition of an event for HAS.

viewpoints, leading to a more inclusive representation of opinions where all viewpoints are
given due consideration.

Improving model alignment. Optimisation based on human feedback has led to superior
performance on tasks such as text generation (Christiano et al., 2017, Ouyang et al., 2022,
Rafailov et al., 2023), which aligns the behaviour of language models with human preferences.
HAS could be helpful in this task, as it is an efficient and cost-effective alternative to
generating human feedback.

7.1.3 Problem Formulation and Related Work

Problem Formulation

Denote an event as d𝑖, which consists of a descriptor (e.g., an utterance or text) x𝑖 and a set
of 𝑀𝑖 human annotations D𝑖 = {η (𝑚)𝑖

}𝑀𝑖
𝑚=1 for x𝑖. The definition of an event is illustrated in

Fig. 7.1. Note that different events may be labelled by different sets of annotators. Given a
dataset of training events D = {(x𝑖,D𝑖)}𝑁𝑖=1, HAS aims to model the conditional annotation
distribution p(η𝑖 |x𝑖) given the observations D𝑖 of η𝑖 provided by different annotators. For
a unseen test descriptor x∗, a HAS system can predict p(η∗ |x∗) to simulate human-like
annotations D∗ = {η (𝑚)∗ }𝑀∗𝑚=1 in a way that reflects how it would be labelled by human
annotators.

Related Work

Prior work mainly investigated three approaches to simulating human annotations. Although
some of these techniques have already been discussed in previous chapters, they are re-
introduced in this section for a better understanding and comparison.

The first approach uses a single proxy variable η′
𝑖

(e.g., majority vote) to summarise all
annotations for each descriptor x𝑖 (Kim et al., 2013, Djuric et al., 2015, Patton et al., 2016,
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Poria et al., 2017). This creates a proxy dataset D′ = {(x𝑖,η′𝑖 )}𝑁𝑖=1 and converts HAS into
a supervised learning problem, which is usually solved by fitting a discriminative model
to estimate the conditional distribution for the proxy variable. During testing, given an
unseen descriptor x∗, the model predicts the proxy variable η′∗ for x∗. Clearly, modelling
a single proxy variable as in this approach fails to take into account the subjectivity and
diversity in human behaviour and perception. Other work incorporated the variance of human
annotations into the proxy variable (Deng et al., 2012, Prabhakaran et al., 2012, Plank et al.,
2014, Dang et al., 2017, Han et al., 2017, Leng et al., 2021). However, all these approaches
still focus on obtaining the “correct” label (e.g., aiming for improved prediction accuracy)
and minimising the discrepancy among annotators (e.g., reducing “noise” in annotations)
rather than embracing inter-annotator disagreements.

The second approach explicitly models the behaviour of different annotators using
different individual models in an ensemble or different heads in a single model (Fayek et al.,
2016, Chou and Lee, 2019, Davani et al., 2022). This approach is computationally feasible
only when the number of annotators is relatively small and when a sufficient quantity of
annotation is available for each annotator, which is not applicable to large crowd-sourced
datasets (Lotfian and Busso, 2019, Mathew et al., 2021) that are common in real-world
applications.

The third approach approximates subjective probability distributions using Markov chain
Monte Carlo with people (Sanborn and Griffiths, 2007, Harrison et al., 2020), which requires
human annotators to be involved in the process in a dynamic setting. These methods present
the descriptor x∗ to human participants and asks them to provide a sequence of decisions D∗
following the Metropolis-Hasting acceptance rule (Metropolis et al., 1953, Hastings, 1970).
The annotation distribution p(η∗ |x∗) is then estimated based on D∗. In other words, this
requires access to human annotations D∗ for estimating the annotation distribution for each
x∗, and there is no obvious way to transfer information between different events. Therefore,
these methods cannot be applied to simulate annotation distributions for unlabelled test
descriptors.

7.2 A Meta-Learning Framework for Zero-Shot HAS

This chapter proposes a novel framework for HAS that meta-learns a flow model to estimate
the human annotation distribution p(η |x) across all training events D. The proposed model
learns to learn (i.e., meta-learns) how to estimate the underlying distribution of human
annotations D𝑖 for any given descriptor x𝑖 by leveraging the diverse human annotations,
rather than designing a proxy variable to summarise D𝑖 as in the first approach described in
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Fig. 7.2 Diagram for the proposed zero-shot human annotator simulation framework.

Section 7.1.3. Unlike the second approach in Section 7.1.3 which separately models each
individual human annotator with a different model, the proposed method is compatible with
large crowd-sourced datasets since it amortises across annotators with a single flow model.
Moreover, the proposed model is a zero-shot human annotation simulator which can estimate
the human annotation distribution p(η∗ |x∗) for any unseen test descriptor x∗ without access
to any human annotations D∗ for x∗, in contrast to the third method in Section 7.1.3 which
requires human annotators to be dynamically involved in the process of labelling x∗.

7.2.1 A Latent Variable Model for HAS

The proposed meta-learning framework for HAS is realised using a latent variable model3:

pθ (y |x) =
∫

p(y |v)pϕ(v |z)p𝚲(z |x)dvdz, (7.1)

where the conditional prior p𝚲(z |x) learns to summarise useful information about x and
encode the possible disagreements over x among different human annotators, which is helpful
for the likelihood pϕ(y |z) =

∫
p(y |v)pϕ(v |z)dv to simulate human-like annotations.

Fig. 7.2 illustrates the proposed framework. Specifically, the conditional prior is modelled
by a conditional factorised Gaussian distribution p𝚲(z |x) = N(z |µ𝚲(x), diag(σ2

𝚲(x)))
whose mean µ𝚲(x) and variance σ2

𝚲(x) are parameterised by a neural network with parame-
ters 𝚲. The intermediate variable v is obtained by a deterministic invertible transformation
pϕ(v |z) = 𝛿(v−fϕ(z)), where fϕ(z) is parameterised by an invertible neural network with
parameters ϕ, and 𝛿(·) is the multivariate Dirac delta function. This results in a conditional
normalising flow (CNF):

pθ (v |x) =
∫

𝛿(v − fϕ(z))p𝚲(z |x)𝑑z = p𝚲
(
f−1

ϕ (v)
��� x) �����det

(
𝜕f−1

ϕ
(v)

𝜕v

)����� , (7.2)

3For clarity, different notations are used for human annotations η and model outputs y.
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where det(·) denotes the determinant operator, 𝜕f−1
ϕ
(v)/𝜕v denotes the Jacobian matrix of

f−1
ϕ
(v), and θ B {ϕ,𝚲} denotes all parameters in this base CNF. This modelling choice has

the advantage of having a tractable marginal likelihood as in Eqn. (7.2) while not restricting
the intermediate variable v to a specific type of distribution as in previous methods, e.g.,
Gaussian (Han et al., 2017) and Student’s-t (Chapter 6) distributions, thus offering enhanced
tractability, flexibility and generality. In addition, samples can be efficiently drawn from
this model by first drawing z ∼ p𝚲(z |x) from the conditional prior and then computing the
deterministic flow transformation v = fϕ(z).

Finally, the output variable y is obtained by augmenting the intermediate variable v

using the transformation p(y |v), in order to accommodate different types of annotation. For
continuous annotations, the identity transformation p(y |v) = 𝛿(y −v) is used, which exactly
recovers the base CNF model. However, real-world human evaluation tasks often involve
discrete annotations that are either ordinal or categorical. In the following sections, two new
model classes with meta-learning objectives are introduced to accommodate these annotation
types.

7.2.2 Conditional Integer Flows for Ordinal Annotations

I-CNF Modelling

Discrete ordinal annotations are often used in K-point rating systems, where the ratings
are integer-valued with a clear ordering. A new class of models is proposed, named con-
ditional integer flows (I-CNFs), which augment the base CNFs by quantising the con-
tinuous intermediate variable v to its nearest integer by using a rounding transformation
p(y |v) = I(y − 1/2 < 𝑣 ≤ y + 1/2), where I(·) is the indicator function. Let 𝑜 be an ordinal
variable that represents the ordinal human rating for an input x. The marginal likelihood of
I-CNF is given by

pθ (𝑜 = y |x) =
∫ ∞

−∞
I(y − 1/2 < v ≤ y + 1/2)pθ (v |x)dv =

∫ y+1/2

y−1/2
pθ (v |x)dv, (7.3)

where pθ (v |x) is the marginal likelihood of the base CNF defined in Eqn. (7.2). Since
the marginal likelihood of I-CNF given in Eqn. (7.3) is analytically intractable due to the
rounding transformation, it is approximated using numerical integration. In practice, the
rectangular rule is found to work well in terms of both performance and efficiency in this
setting, where the density of pθ (v |x) within the interval v ∈ (y−1/2, y+1/2] is approximated
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Fig. 7.3 Illustration for I-CNF training and simulation workflow.

by the midpoint density value:∫ y+1/2

y−1/2
pθ (v |x)dv ≈

((
y + 1

2

)
−

(
y − 1

2

))
· pθ

(
(y − 1/2) + (y + 1/2)

2

���� x)
= pθ (y |x).

(7.4)

This means that Eqn. (7.2) can be used as a proxy to evaluate the likelihood of I-CNF. The
structure of proposed I-CNF is illustrated in Fig. 7.3.

Meta-Learning I-CNF

Using the numerical approximation given in Eqn. (7.4), the loss L(θ; d𝑖) for I-CNF on a
single event d𝑖 can be defined as the average negative log marginal likelihood of Eqn. (7.2)
evaluated on the human annotations D𝑖 = {η (𝑚)𝑖

}𝑀𝑖
𝑚=1 given the corresponding input x𝑖:

L(θ; d𝑖) = −
1
𝑀𝑖

𝑀𝑖∑︁
𝑚=1

©­«log p𝚲
(
𝑓 −1
ϕ (η

(𝑚)
𝑖
)
��� x𝑖) + log

������det ©­«
𝜕 𝑓 −1

ϕ
(η (𝑚)
𝑖
)

𝜕η (𝑚)
𝑖

ª®¬
������ª®¬ . (7.5)

Following the episodic training scheme (Vinyals et al., 2016, Snell et al., 2017, Chen et al.,
2023b), density estimation on each dataset is treated as a learning problem and randomly
sample a subset of such learning problems to train on at each step during meta-training. This
results in a meta-learning objective across the training events in D:

Lmeta(θ;D) = Ed𝑖∼p(D) [L(θ; d𝑖)], (7.6)
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where p(D) denotes the uniform distribution over D. Intuitively, this objective maps each
human annotation to the latent space of the corresponding descriptor by the I-CNF during
meta-training, which helps the model to build a diverse latent representation that captures the
variability in human annotations across different descriptors.

At test time, the I-CNF can simulate human-like annotations for an unseen, unlabelled
input x∗ by first drawing v (𝑚)∗ ∼ pθ (v |x∗) from the base CNF then applying the rounding
function y (𝑚)∗ = ⌊v (𝑚)∗ ⌋, for 𝑚 = 1, · · · , 𝑀∗, where 𝑀∗ denotes the number of annotations to
be simulated.

7.2.3 Conditional Softmax Flows for Categorical Annotations

S-CNF Modelling

To account for non-ordinal categorical annotations (e.g., emotion categories), a new class of
models called conditional softmax flows (S-CNFs) is proposed, which augments the base
CNFs by applying the softmax function p(y |v) = 𝛿 (y − softmax(v)) to transform the con-
tinuous intermediate variable v into categorical probabilities y. Let 𝑐 be a categorical variable
with probability P(𝑐 = 𝑘 |y) = y𝑘 (𝑘 = 1, · · · , 𝐾) that represents the categorical human
annotation for an input x, with P(𝑐 = 𝑘 |v) =

∫
y𝑘𝛿 (y − softmax(v)) dy = softmax(v)𝑘 .

The marginal likelihood of S-CNF is given by

Pθ (𝑐 = 𝑘 |x) =
∫

P(𝑐 = 𝑘 |v)pθ (v |x)dv =

∫
softmax(v)𝑘pθ (v |x)dv, (7.7)

where pθ (v |x) is the marginal likelihood of the base CNF defined in Eqn. (7.2). Since the
marginal likelihood of the S-CNF given in Eqn. (7.7) is analytically intractable due to the soft-
max transformation, it is approximated using variational inference (Wainwright et al., 2008)
with a learnable mean-field Gaussian variational posterior q𝛀(v |y) = N(v |µ𝛀(y), diag(σ2

𝛀(y))),
which can be seen as a probabilistic inverse of the softmax transformation p(y |v). Applying
Jensen’s inequality to the log marginal likelihood of the S-CNF in Eqn. (7.7), a tractable
evidence lower bound (ELBO) is obtained:

log Pθ (𝑐 = 𝑘 |x) ≥ Eq𝛀 (v |y)
[
log P(𝑐 = 𝑘 |v) + log pθ (v |x) − log q𝛀(v |y)

]
. (7.8)

It is worth noting that the softmax flow likelihood P(𝑐 = 𝑘 |v) = softmax(v)𝑘 places non-
zero probability mass for every category 𝑘 = 1, · · · , 𝐾, which is different from argmax
flow (Hoogeboom et al., 2021) whose likelihood only places probability mass for a single
category. From a modelling perspective, softmax flow has a greater capacity to represent
the variability and uncertainty in human annotations. From an optimisation perspective, the
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Fig. 7.4 Illustration for S-CNF training and simulation workflow.

ELBO for softmax flow is always well-defined, whereas the ELBO for argmax flow is not
defined when the model output does not match the human annotation, since the log-likelihood
would be log(0) in this case, which requires additional thresholding tricks to fix (Hoogeboom
et al., 2021).

Meta-Learning S-CNF

Using the variational approximation defined in Eqn. (7.8), the loss L(θ,𝛀; d𝑖) for S-CNF
on a single event d𝑖 can be defined as the average negative ELBO evaluated on the set of the
human annotations D𝑖 = {η (𝑚)𝑖

}𝑀𝑖
𝑚=1 for the corresponding descriptor x𝑖: L(θ,𝛀; d𝑖) =

L(θ,𝛀; d𝑖) = −
1
𝑀𝑖

𝑀𝑖∑︁
𝑚=1
Eq𝛀 (v |η

(𝑚)
𝑖
)

[
𝐾∑︁
𝑘=1

η (𝑚)
𝑖,𝑘

log P(𝑐𝑖 = 𝑘 |v) + log pθ (v |x𝑖) − log q𝛀(v |η
(𝑚)
𝑖
)
]
,

(7.9)
where the expectation over the variational posterior is approximated by Monte Carlo simu-
lation with the reparameterisation trick (Kingma and Welling, 2014). As in Section 7.2.2,
we follow the episodic training scheme with a meta-learning objective Lmeta(θ,𝛀;D) =
Ed𝑖∼p(D) [L(θ,𝛀; d𝑖)] for meta-training and use a similar flow sampling scheme but apply
the softmax function y (𝑚)∗ = softmax(v (𝑚)∗ ) to the samples v (𝑚)∗ from the base CNF at test
time. Note that each sample of S-CNF is a categorical distribution with probabilities y (𝑚)∗ .

The structure of proposed S-CNF is illustrated in Fig. 7.4. The procedure of sampling
from and optimising S-CNF are summarised in Algorithm 1 and 2.
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Algorithm 1 Sampling from S-CNF
Input: x

Output: Categorical probability y

Compute µ𝚲(x),σ2
𝚲(x) = g𝚲(x)

Sample z ∼ N(µ𝚲(x), diag(σ2
𝚲(x))

Compute v = fθ (z)
Compute y = softmax(v)

Algorithm 2 Optimising S-CNF

Input: x,D = {η (1) , · · · ,η (𝑀)}
Output: ELBO LELBO on dataset D
for 𝑚 = 1, · · · , 𝑀 do

Compute µ𝛀(η (𝑚)),σ2
𝛀(η

(𝑚)) = h𝛀(η (𝑚))
for 𝑗 = 1, · · · , 𝑄 do

Sample v 𝑗 ∼ q𝛀(v |η (𝑚))
Compute L (𝑚)

𝑗
= −∑𝐾

𝑘=1 η (𝑚)
𝑘

log P(𝑐 =
𝑘 |v 𝑗 ) + log pθ (v 𝑗 |x) − log q𝛀(v 𝑗 |η (𝑚))

end for
Compute LELBO

𝑚 = 1
𝑄

∑𝑄

𝑗=1 L
(𝑚)
𝑗

end for
Compute LELBO = 1

𝑀

∑𝑀
𝑚=1 LELBO

𝑚

7.3 Evaluation Tasks

The proposed meta-learned zero-shot density estimation method for HAS from Section 7.2
was evaluated by three representative real-world human evaluation tasks for speech and
natural language processing. I-CNF was evaluated on emotion attribute prediction and speech
quality assessment where ordinal annotations are normally used. S-CNF was evaluated on
emotion category annotation and toxic speech detection where categorical annotations are
used.

7.3.1 Emotion Annotation

The proposed method is first evaluated on AER. Both discrete emotion class labelling and
continuous emotion attribute prediction are studied in this chapter. The proposed method
can enhance the fairness of emotion annotation as it better handles different opinions among
human annotators.

Emotion Dataset

The MSP-Podcast dataset (see Section 3.3.2) was used for the emotion annotation tasks.
Release 1.6 was used, which contains 50k+ utterances from 1k+ speakers consisting of
80+ hours of speech. The standard splits of training (34,280 segments), validation (5,958
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segments) and test (10,124 segments) are used. Each utterance was labelled by at least 5
human annotators, and there are 6.7 annotations per utterance on average.

The emotion class labels were grouped into five categories: “angry”, “sad”, “happy”,
“neutral”, and “other”. In MSP-Podcast, each annotator can choose from ten emotion classes
to label the primary emotion of an utterance: “angry”, “sad”, “happy”, “surprise”, “fear”,
“disgust”, “contempt”, “neutral”, “other”. Although only one option is allowed, they can
say “other” and define their own emotion class which can be more than one. During label
processing, the original “other” class is split into sub-classes depending on the manual
defined label and merged with the predefined labels. The grouping used here was as follows:
(i) “Angry” includes “angry”, “disgust”, “contempt”, “annoyed”; (ii) “Sad” includes “sad”,
“frustrated”, “disappointed”, “depressed”, “concerned”; (iii) “Happy” includes “happy”,
“excited”, “amused”; (iv) “Neutral” includes “neutral”; (v) “Other” includes all other emotion
sub-classes not listed above. It is worth noting that 16.5% of the utterances in this dataset do
not have a majority emotion class, showing strong disagreement among the human annotators.

For emotion attribute annotation, annotators label the attributes in terms of valence,
arousal, and dominance on a 7-point Likert scale.

7.3.2 Toxic Speech Detection

Toxic speech detection aims to filter out harmful and offensive language in written or spoken
communications, such as insults, threats and harassment, which can lead to emotional distress,
cyberbullying, and hostile online environments. Developing effective toxic detection methods
is crucial for creating safer and more respectful online environments and promoting positive
interactions and healthy communications among users. The proposed method incorporates
interpretations from different human annotators, leading to a comprehensive understanding
of hate speech, which is a good substitute for human annotators to reduce their exposure to
distressing and harmful content.

Toxic Speech Dataset

The HateXplain dataset (Mathew et al., 2021) is used in this experiment, which contains over
20k text posts from Twitter and Gab. These posts are labelled using crowd-sourcing with the
commonly used 3-category annotation: hate, offensive, normal. Each post is annotated by
three annotators. Cases where all the three annotators choose a different class (919 out of
20,148 posts) were originally excluded from the standard split of the dataset. These cases
are incorporated into training, validation, and test sets in an 8:1:1 ratio to better reflect the
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inter-annotator disagreements, resulting in 16,118 posts for training, 2,014 for validation,
and 2,016 for testing in total.

7.3.3 Speech Quality Assessment

Speech quality assessment plays an important role in the development of speech processing
systems such as text-to-speech (TTS) synthesis. Speech quality is a complex, subjective
psychoacoustic outcome of human perception. The mean opinion score (MOS) is a commonly
used metric to evaluate the speech quality in TTS, which is obtained by having human
listeners rate the perceived quality of the synthesised speech on a numerical scale typically
ranging from 1 to 5, where a higher score indicates better-perceived speech quality, then
average the scores across all listeners. Apart from estimating the MOS (i.e., the average
score), it is also worthwhile considering the annotator scoring range and distribution to take
into account the subjective nature of individual preferences, perceptions and biases. The
proposed method is a cost-effective alternative to the time-consuming and expensive human
assessment of speech quality which models the subjectivity that different human listeners
may have.

TTS MOS Dataset

The SOMOS dataset (Maniati et al., 2022) is used in this experiment. The speech dataset
consists of 20k+ utterances generated from 200 TTS systems along with the natural LJ
Speech4 (Ito and Johnson, 2017) and 2,000 unique sentences which on average have 10
words. The SOMOS dataset is annotated using crowd-sourcing. Each audio segment is
evaluated by at least 17 unique annotators out of 987 participated human annotators, and there
are 17.9 annotations per segment on average. The human annotators were asked to evaluate
the naturalness of each audio sample on a 5-point Likert scale from 1 (very unnatural) to
5 (completely natural). The standard split provided by the dataset is used, which contains
141,100 training segments, 3,000 validation segments and 3,000 test segments.

7.4 Experimental Setup and Metrics

7.4.1 Backbone Architecture

A neural-network-based encoder g𝚲 is built to model µ𝚲(x),σ2
𝚲(x) given input x where

𝚲 is the model parameters. g𝚲 follows an upstream-downstream paradigm. The upstream

4Details about the LJ Speech dataset can be found in Appendix B.4.
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Table 7.1 Configuration of the model structure (number of layers * layer dimension).

Task Input modality g𝚲-upstream g𝚲-downstream fθ h𝛀

Emotion class labelling speech WavLM Base+ 2*128 3*64 1*64
Toxic speech detection text RoBERTa Base 2*128 3*64 1*64

Speech quality assessment speech WavLM Base+ 2*128 3*16 /
Emotion attribute prediction speech WavLM Base+ 2*128 3*64 /

uses a foundation model pretrained on a large amount of unlabelled data to learn universal
representations. The downstream model uses the learned representation from the upstream
model for specific applications.

For tasks involving speech as input (i.e., emotion annotation, speech quality assessment),
WavLM Base+5 (see Section 2.2.4) was used as the upstream model. The parameters of the
pretrained WavLM were frozen and the weighted sum of the outputs of the 12 Transformer
encoder blocks were used as the speech embeddings feeding into the downstream model.
RoBERTa Base6 (see Section 2.2.3) was used as upstream model to encode text input for
toxic speech detection, which has 12 Transformer layers, 768 hidden units, and 12 attention
heads. The RoBERTa encoder was frozen.

The downstream model consisted of two Transformer encoder blocks followed by two
FC layers. The Transformer encoder layers have a dimension of 128 and four attention heads.
The output layer contains two heads to predict the mean and standard deviation of the latent
distribution p𝚲(z |x).

The invertible flow model fθ uses the real NVP blocks (Dinh et al., 2017). The variational
encoder for S-CNF h𝛀 contains a FC layer and two output heads for the mean and standard
deviation of the variational distribution q𝛀(v |y). More detail can be found in Table 7.1.

7.4.2 Baselines

The proposed I-CNF and S-CNF were compared to baselines of various types such as
ensemble methods, Bayesian methods, and conditional generative models:

• Deep ensemble (Ensemble) (Lakshminarayanan et al., 2017) which consists of 10
systems initialised and trained using different random seeds;

• Monte Carlo dropout (MCDP) (Gal and Ghahramani, 2016) with a dropout rate of 0.4;

• Bayes-by-backprop (BBB) (Blundell et al., 2015) with a standard Gaussian prior;

5Available at: https://huggingface.co/microsoft/wavlm-base-plus
6Available at: https://huggingface.co/roberta-base
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• Conditional variational autoencoder (CVAE) (Kingma and Welling, 2014) which has
the same g𝚲 structure as S-CNF for modelling p(z |x) and two 64-d FC layers for the
encoder and the decoder;

• Conditional argmax flow (A-CNF) (Hoogeboom et al., 2021) with an identical model
structure to S-CNF;

• Gaussian process (GP) (Williams and Rasmussen, 2006) with a radial basis function
kernel which takes features extracted from the upstream model as input and is trained
by maximising the per-observation-based marginal likelihood;

• EDL-based systems described in Chapter 5 and Chapter 6 for categorical and continu-
ous labels respectively, which are trained by maximising the per-observation-based
marginal likelihood with a modified regularisation term.

Ensemble, MCDP, BBB and EDL used the same model structure as g𝚲 apart from removing
the output head for predicting variance of latent distribution. 𝑀∗ = 100 samples were used to
compute evaluation metrics at test time. The Ensemble only consists of 10 systems due to its
expensive computational cost.

The system was trained for 30 epochs and the model with the best validation performance
was used for testing. The number of ELBO samples was set to 20. Experiments were run for
three different seeds and the standard error is reported along with the average.

7.4.3 Evaluation Metrics

Several metrics are adopted to measure the empirical performance of the HAS system in
terms of mean/majority prediction, distribution matching, and human variability simulation.

Mean/Majority Prediction

For ordinal annotations, the root mean squared error is used to evaluate the quality of the

mean prediction for all test inputs: RMSEȳ =

√︃
1
𝑁

∑𝑁
𝑖=1(ȳ𝑖 − η̄𝑖)2, where ȳ𝑖 =

1
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𝑖
, and 𝑁 is the number of test samples. For categorical annotations, the

classification accuracy (ACC) for the majority vote is evaluated for all test inputs that have
majority human annotations.

Distribution Matching

The negative log likelihood (NLL) is used to evaluate how well the model estimates the
human annotation distribution: NLLall = − 1

𝑁

∑𝑁
𝑖=1

(
1
𝑀𝑖
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)
.
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Inter-Annotator Disagreement Simulation

Apart from evaluating the goodness of fit, additional metrics are adopted to explicitly measure
how well the model simulates the variability and disagreements in human annotations:

• The root mean squared error of the standard deviations of the annotations for all test
inputs:

RMSE𝑠 =

√√√
1
𝑁

𝑁∑︁
𝑖=1
(𝜎𝑖 − 𝑠𝑖)2, (7.10)

where for ordinal annotations
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√√√
1
𝑀𝑖

𝑀𝑖∑︁
𝑚=1
(η (𝑚)
𝑖
− η̄𝑖)2, 𝑠𝑖 =

√√√
1
𝑀∗

𝑀∗∑︁
𝑚=1
(y (𝑚)
𝑖
− ȳ𝑖)2 (7.11)

and for categorical annotations

𝜎𝑖 =
1
𝐾

𝐾∑︁
𝑘=1

√√√
1
𝑀𝑖

𝑀𝑖∑︁
𝑚=1
(η (𝑚)
𝑖,𝑘
− η̄𝑖,𝑘 )2, 𝑠𝑖 =

1
𝐾

𝐾∑︁
𝑘=1

√√√
1
𝑀∗

𝑀∗∑︁
𝑚=1
(y (𝑚)
𝑖,𝑘
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where 𝐾 denotes the number of classes, 𝜂𝑖 is the average of human annotations for
event d𝑖, y (𝑚)

𝑖
is a simulated annotation, ȳ𝑖 is the average of simulated annotations for

event d𝑖, and 𝑀∗ is the number of simulated annotations;

• The absolute error of the average standard deviations of the annotations for all test
inputs: E(𝑠) = |𝜎̄ − 𝑠 |, where 𝜎̄ =

∑𝑁
𝑖=1 𝜎𝑖 and 𝑠 =

∑𝑁
𝑖=1 𝑠𝑖;

• The absolute error of inter-annotator disagreement levels. For categorical annotations,
Fleiss’ kappa (κ) (Fleiss, 1971) is adopted where κ is a real number between −1 and +1,
with −1 indicating no observed agreement and +1 indicating perfect agreement. The
absolute error between the kappas of human annotations (κ) and simulated annotations
(κ̂) for all test inputs is reported: E(κ̂) = |κ̂ − κ|. For ordinal annotations, intra-class
correlation coefficient (ICC) (Shrout and Fleiss, 1979) is adopted which ranges from
0 to 1. The absolute error E(ICC) between the ICC(1,k) of human annotations and
simulated annotations (κ̂) is reported.



7.5 Experimental Results 111

7.5 Experimental Results

7.5.1 I-CNF for Ordinal Annotations

Performance

Table 7.2 and Table 7.3 report the test results for all compared methods for speech quality
assessment and emotion attribute prediction respectively. The proposed I-CNF achieves
competitive performance for mean prediction. More importantly, I-CNF obtains the best
performance for distribution match (in terms of NLLall) and inter-annotator disagreement
simulation (measured by RMSE𝑠, E(𝑠) and E(ICC)) among all of the compared methods
for both tasks.

Table 7.2 Test performance on the speech quality assessment task. “↓” denotes the lower
the better. The best value in each column is shown in bold, and the second-best value is
underlined.

RMSE𝑦̄ ↓ NLLall ↓ RMSE𝑠 ↓ E(s̄) ↓ E(ICC) ↓
GP 0.359±0.001 1.693±0.000 0.472±0.000 0.412±0.000 0.433±0.000

EDL 0.449±0.023 1.636±0.001 0.375±0.022 0.356±0.025 0.107±0.029
MCDP 0.390±0.013 1.787±0.008 0.783±0.035 0.742±0.031 0.495±0.010

Ensemble 0.410±0.008 1.858±0.000 0.740±0.007 0.704±0.006 0.136±0.028
BBB 0.613±0.011 1.934±0.015 0.944±0.017 0.918±0.017 0.480±0.003

CVAE 0.419±0.013 1.703±0.022 0.598±0.033 0.561±0.035 0.214±0.028
I-CNF 0.392±0.016 1.609±0.003 0.251±0.007 0.123±0.013 0.079±0.015

Table 7.3 Test performance on the emotion attribute annotation task. “↓” denotes the lower
the better. The best value in each column is shown in bold, and the second-best value is
underlined.

RMSE𝑦̄ ↓ NLLall ↓ RMSE𝑠 ↓ E(s̄) ↓ E(ICC) ↓
GP 0.667±0.000 2.928±0.000 0.408±0.000 0.415±0.000 0.169±0.000

EDL 0.755±0.002 1.911±0.005 0.465±0.039 0.504±0.037 0.172±0.017
MCDP 0.887±0.007 5.545±0.026 0.610±0.005 0.474±0.006 0.087±0.014

Ensemble 0.923±0.017 6.280±0.084 0.836±0.017 0.718±0.019 0.057±0.003
BBB 0.720±0.014 5.332±0.034 0.643±0.001 0.516±0.001 0.241±0.003

CVAE 0.704±0.004 4.906±0.005 0.502±0.003 0.324±0.003 0.192±0.003
I-CNF 0.665±0.006 1.707±0.030 0.296±0.019 0.132±0.002 0.032±0.012
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Case Study

To better illustrate the properties of the annotations simulated by different methods, simulated
distributions were visualised against the ground-truth distributions for two representative
examples of speech quality assessment in Fig. 7.5. It can be seen that the proposed I-CNF
is the only method which gives an accurate distribution match and good inter-annotator
disagreement simulation in both cases. In contrast, all the other methods tend to either
produce annotations centred around the mean score or collapse to one score (typically 3 or
4). More case study examples can be found in Appendix E.1.
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(a) Utterance “conv_2007_0090_057”
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(b) Utterance “conv_2007_0090_060”

Fig. 7.5 Visualisation of simulated annotations on the speech quality assessment task for
case study. For the visualisation purpose, the points that have same 𝑥 values are spread along
𝑦-axis according to density to avoid overlapping.
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7.5.2 S-CNF for Categorical Annotations

Performance

Table 7.4 and Table 7.5 report the test results for all of the compared methods for emotion
class labelling and toxic speech detection. Ensemble achieves the best majority prediction
accuracy (ACC) at the cost of training 10 independent systems. The proposed S-CNF achieves
the second-best majority prediction accuracy with only a tenth of the computational cost
of Ensemble. More importantly, S-CNF is the best at matching the distributions of human
annotations (in terms of NLLall) and simulating inter-annotator disagreements (measured by
RMSE𝑠, E(𝑠) and E(κ̂)) among all of the compared methods.

Table 7.4 Test performance on the emotion category annotation task. CVAE collapses to one
category for all inputs. “↑” denotes the higher the better. “↓” denotes the lower the better.
The best value in each column is shown in bold, and the second-best value is underlined.

ACC ↑ NLLall ↓ RMSE𝑠 ↓ E(s̄) ↓ E(κ̂) ↓
EDL 0.583±0.005 1.417±0.003 0.266±0.004 0.175±0.002 0.123±0.012

MCDP 0.582±0.003 1.423±0.012 0.294±0.001 0.193±0.000 0.467±0.005
Ensemble 0.603±0.002 1.458±0.004 0.271±0.003 0.160±0.004 0.344±0.017

BBB 0.565±0.010 1.459±0.011 0.289±0.005 0.187±0.008 0.511±0.034
CVAE 0.275±0.000 1.661±0.000 0.333±0.000 0.244±0.000 —
A-CNF 0.583±0.002 1.430±0.006 0.239±0.001 0.097±0.002 0.382±0.015
S-CNF 0.591±0.002 1.403±0.011 0.218±0.000 0.020±0.002 0.068±0.021

Table 7.5 Test performance on the toxic speech detection task. CVAE collapses to one
category for all inputs. “↑” denotes the higher the better. “↓” denotes the lower the better.
The best value in each column is shown in bold, and the second-best value is underlined.

ACC ↑ NLLall ↓ RMSE𝑠 ↓ E(s̄) ↓ E(κ̂) ↓
EDL 0.670±0.006 0.908±0.003 0.276±0.001 0.093±0.001 0.092±0.009

MCDP 0.656±0.009 0.951±0.032 0.300±0.002 0.129±0.003 0.143±0.008
Ensemble 0.682±0.002 0.909±0.012 0.289±0.001 0.100±0.003 0.064±0.006

BBB 0.670±0.001 0.949±0.021 0.300±0.009 0.127±0.022 0.207±0.051
CVAE 0.406±0.000 1.150±0.000 0.345±0.000 0.208±0.000 —
A-CNF 0.628±0.003 0.892±0.011 0.297±0.001 0.087±0.008 0.198±0.027
S-CNF 0.673±0.002 0.837±0.008 0.263±0.001 0.002±0.001 0.026±0.012
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Case Study

To better illustrate the properties of the annotations simulated by different methods, the
simulated distributions against the ground-truth distributions for three representative examples
are visualised in Fig. 7.6 (more case study examples can be found in Appendix E.2). Overall,
the mean of the samples generated by S-CNF aligns the best with the average human
label, indicating its superior performance in estimating the aggregated behaviour of human
annotators. Interestingly, the samples generated by S-CNF are the most diverse among all
compared methods, which manage to simulate the variability of the behaviour of different
individual human annotators. In sharp contrast, the samples generated by all the other
methods are highly concentrated around their sample means. The visualised result for each
example is analysed below:
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Fig. 7.6 Visualisation of simulated annotations on the emotion category annotation task for
case study. The 𝑦-axis corresponds to the probability mass. Each sample is a categorical dis-
tribution. The probability mass values of different categories in each categorical distribution
are connected for the purpose of better visualisation. CVAE is omitted because it collapses
to one category for all inputs.
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(a) Human annotators reach a consensus in this case. The majority of samples generated by
S-CNF exhibit prominent peaks aligned with the ground-truth emotion class “neutral”.
In contrast, many samples generated by A-CNF peak at other emotion classes.

(b) Human opinions diverge in this case. The majority of samples generated by S-CNF
are sharp categorical distributions peaking at one of the two majority emotion classes
“happy” and “neutral”. Additionally, a few samples generated by S-CNF peak at the
emotion class “angry”, which manages to simulate the minority viewpoint held by
some annotators. Very few human annotators attribute this utterance to the emotion
classes “sad” and “other”, and S-CNF likewise produces scarce samples peaking at
these classes.

(c) Five human annotators give distinct emotion labels in this case, resulting in a tie
in the label means. The tie comes from annotators’ diverse individual perceptions
of the emotion rather than consensus on its ambiguity. S-CNF is the only model
that can simulate both the diverse behaviours of different individual annotators and
the aggregated behaviour of all annotators since the individual samples are sharp
categorical distributions peaking at one of the five emotion classes and the mean of the
samples aligns well with the label mean.

7.5.3 Computational Time Cost

The computational time cost of all of the methods that have been compared for the three
tasks studied in the chapter are shown in Table 7.6 and Table 7.7 . Denote 𝑀∗ as the number
of annotations to be simulated. The ensemble model with 𝑀∗ members involves training and
testing 𝑀∗ individual models, which increases the training time by 𝑀∗× and the inference
time by 𝑀∗×. MCDP and BBB require 𝑀∗ forward passes during inference to generate 𝑀∗
samples and therefore cost 𝑀∗× inference time. All other methods require a single forward
pass. In contrast to neural-network-based methods of complexity 𝑂 (𝑛2), the training and
inference of GP involves matrix inversion of complexity 𝑂 (𝑛3).

7.5.4 Analysis

This section provides analysis in order to give a better understanding of the proposed method.
The results of one run are reported due to computational costs.
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Table 7.6 Computational time cost (sec) of speech quality assessment and emotion attribute
annotation. Due to training complexity, the number of annotations it simulate 𝑀∗ is set to 10
for ensemble while 100 for all other methods.

Speech quality assessment Emotion attribute annotation
Training Inference Training Inference

GP 3.88±0.01E+03 6.27±0.07E+01 1.00±0.00E+04 2.61±0.03E+02
EDL 2.92±0.01E+03 5.17±0.19E+01 7.69±0.03E+03 1.91±0.00E+02

MCDP 1.37±0.32E+03 3.64±1.29E+03 3.89±0.01E+03 1.76±0.03E+04
Ensemble 1.39±0.00E+04 5.10±0.05E+02 3.91±0.01E+04 1.67±0.00E+03

BBB 1.51±0.00E+03 5.33±0.02E+03 4.25±0.01E+03 1.81±0.01E+04
CVAE 1.41±0.00E+03 5.27±0.06E+01 4.13±0.00E+03 2.26±0.05E+02
I-CNF 1.34±0.07E+03 5.10±0.02E+01 3.98±0.08E+03 1.76±0.00E+02

Table 7.7 Computational time cost (sec) of emotion class annotation and toxic speech
detection. Due to training complexity, the number of annotations it simulate 𝑀∗ is set to 10
for ensemble while 100 for all other methods.

Emotion category annotation Toxic speech detection
Training Inference Training Inference

EDL 6.78±0.01E+03 2.90±0.01E+02 1.90±0.01E+02 2.67±0.02E+01
MCDP 7.20±0.10E+03 1.82±0.01E+04 2.42±0.02E+02 5.99±0.02E+02

Ensemble 1.46±0.00E+05 1.67±0.01E+03 2.39±0.01E+03 4.00±0.04E+01
BBB 7.55±0.01E+03 1.79±0.01E+04 3.22±0.01E+02 5.79±0.01E+02

A-CNF 7.04±0.02E+03 2.31±0.07E+02 3.14±0.04E+02 1.40±0.11E+01
S-CNF 6.99±0.00E+03 2.12±0.02E+02 2.63±0.02E+02 1.37±0.09E+01

Analysis of Standard Deviation of Simulated Samples

It has been observed in previous sections that flow models tend to have a larger differ-
ence between RMSE𝑠 and E(𝑠). This section provides a detailed analysis of this ob-
servation. Let 𝑁 be the number of test utterances. Three standard deviation (std) re-
lated metrics are computed: (i) RMSE between std of predictions and human labels:

RMSE𝑠 =

√︃
1
𝑁

∑𝑁
𝑖=1 (𝑠𝑖 − 𝜎𝑖)

2; (ii) Mean absolute error between std of predictions and

std of human labels: MAE𝑠 = 1
𝑁

∑𝑁
𝑖=1 |𝑠𝑖 − 𝜎𝑖 |; (iii) Absolute error between average std

of predictions and average std of human labels E(𝑠) = |𝑠𝑖 − 𝜎̄𝑖 |. The results are shown in
Table 7.8.



7.5 Experimental Results 117

Table 7.8 Analysis of standard deviation of simulated samples.

Emotion class labelling Speech quality
RMSE𝑠 MAE𝑠 E(s̄) RMSE𝑠 MAE𝑠 E(s̄)

MCDP 0.305 0.233 0.206 0.809 0.762 0.762
Ensemble 0.277 0.222 0.166 0.747 0.703 0.703

BBB 0.284 0.226 0.178 0.952 0.917 0.917
CVAE 0.333 0.244 0.244 0.574 0.535 0.534
EDL 0.267 0.200 0.133 0.381 0.368 0.368
GP / 0.472 0.419 0.412

A-CNF 0.223 0.209 0.046 /
S/I-CNF 0.218 0.198 0.015 0.229 0.184 0.067

The flow model tends to have larger discrepancy between MAE𝑠 and E(𝑠). According to
the triangular inequality:

E(𝑠) =
����� 1
𝑁

𝑁∑︁
𝑖=1

𝑠𝑖 −
1
𝑁

𝑁∑︁
𝑖=1

𝜎𝑖

����� =
����� 1
𝑁

𝑁∑︁
𝑖=1
(𝑠𝑖 − 𝜎𝑖)

����� ≤ 1
𝑁

𝑁∑︁
𝑖=1
|𝑠𝑖 − 𝜎𝑖 | = MAE𝑠 (7.13)

which shows that E(𝑠) is a lower bound of MAE𝑠. The equality condition is satisfied when
all samples are uniformly either greater than or less than the compared value. Therefore, a
larger discrepancy between these two values indicates that the standard deviation of some
samples exceeds that of the labels, while for others, it is lower. A smaller discrepancy
indicates that the standard deviation of samples tend to be consistently larger of smaller than
that of the labels. In Fig. 7.7, 100 test utterances were randomly selected and the std of
samples generated by different models are plotted, which supports the above conclusion. The
proposed S-CNF and I-CNF has the best performance for matching the diversity of human
annotations.
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Fig. 7.7 Standard deviation of simulated samples.

Adjusting Diversity of CNFs by Prior Tempering

One advantage of the CNF approach is that the sample diversity can be easily controlled
on demand without re-training by tempering the standard deviation of p𝚲(z |x) at test time.
Fig. 7.8 explores the effect of prior tempering on performance. More detail is shown in
Table 7.9. Overall, the trend is clear that the simulated annotations become more diverse
as the temperature increases. The default temperature value 1 used during training (i.e., no
tempering) achieves the best trade-off among majority prediction accuracy (ACC), distribu-
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Fig. 7.8 The effect of prior tempering on the performance of S-CNF and I-CNF. The 𝑥-axis
corresponds to the prior temperature. The other two tasks show similar trend and is omitted
here.
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Table 7.9 Adjusting the diversity of CNFs by prior tempering (T).

Emotion class Toxic speech Speech quality Emotion attribute
T ACC s̄ ACC s̄ RMSE𝑦̄ s̄ RMSE𝑦̄ s̄

0.8 0.594 0.200 0.671 0.125 0.377 0.963 0.650 0.735
0.9 0.594 0.216 0.675 0.157 0.380 1.083 0.654 0.924
1.0 0.593 0.229 0.673 0.188 0.384 1.201 0.658 1.171
1.1 0.592 0.241 0.671 0.216 0.388 1.322 0.662 1.314
1.2 0.590 0.251 0.669 0.242 0.393 1.440 0.665 1.570

Table 7.10 Adjusting the diversity of MCDP models by dropout rate (DP).

Emotion class Toxic speech Speech quality Emotion attribute
DP ACC s̄ ACC s̄ RMSE𝑦̄ s̄ RMSE𝑦̄ s̄

0.1 0.583 0.040 0.661 0.049 0.385 0.180 0.899 0.432
0.2 0.589 0.040 0.666 0.061 0.412 0.236 0.884 0.486
0.3 0.590 0.045 0.654 0.081 0.408 0.294 0.868 0.504
0.4 0.585 0.051 0.662 0.085 0.367 0.227 0.871 0.527
0.5 0.589 0.053 0.662 0.088 0.356 0.278 0.880 0.595

tion matching (NLLall), and inter-annotator disagreement simulation (in terms of E(𝑠) and
E(κ̂)). In addition, as compared in Table 7.10, prior tempering in CNF is more efficient and
covers a wider range of dynamics than adjusting the dropout rate in MCDP.

7.6 Limitations and Ethics Statement

Before concluding the chapter, it is worth discussing the potential concerns associated with
training models on labels generated by models. AI models, being data-driven, are heavily
reliant on the quality of training data. Biased, incomplete, or inaccurate data could put the
model at the risk of reinforcing and even amplifying these biases, leading to unintended
consequences. The complexity of modern large neural network models can lead to a lack of
interpretability and explainability, making it difficult to understand how they arrive at their
decisions. This black box problem can limit the ability to identify and mitigate potential
biases or errors in the system. Despite the rapid evolution of AI technology, over-reliance on
these systems remains a cause for concern.
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7.7 Chapter Summary

Human annotator simulation (HAS) serves as a cost-effective substitute for human evaluation
such as data annotation and system assessment. Human perception and behaviour during
human evaluation exhibits inherent variability due to diverse cognitive processes and subjec-
tive interpretations, which should be taken into account in modelling to better mimic the way
people perceive and interact with the world. This chapter introduces a novel meta-learning
framework that treats HAS as a zero-shot density estimation problem, which incorporates
human variability. This overcomes the drawbacks of prior work and allows for the efficient
generation of human-like annotations for unlabelled test inputs. In this framework, a meta-
learning objective has been derived for two new model classes, conditional integer flows and
conditional softmax flows, to account for ordinal and categorical annotations, respectively.
The proposed method consistently and significantly outperforms a wide range of methods on
three real-world human evaluation tasks, showing a superior ability and efficiency to predict
the aggregated behaviour of human annotators, match the distribution of human annotations,
and simulate inter-annotator disagreements. It is hoped that this work could help mitigate
unfair biases and over-representation in HAS and reduce the exposure of human annotators
to potentially harmful content, thus promoting ethical AI practices.



Chapter 8

Detection of Mental Disorders and
Cognitive Diseases

In recent years, awareness and concern for mental health, such as Alzheimer’s disease
(AD) and depression, have significantly increased. This chapter discusses the use of speech
information for automatic detection of depression and Alzheimer’s disease. Depression is
a widespread mental disorder that is manifest through ongoing sadness, a lack of interest
in activities previously enjoyed, and also diminished thinking capabilities. According to
WHO, depression affects about 280 million people in the world (World Health Organisation,
2024) involving all age groups and cultural backgrounds, potentially causing persistent
thoughts of death or suicidal ideation (Edition et al., 2013). Despite this prevalence, the
diagnosis of depression are by nature difficult and time consuming as there is no single
clinical characterisation of a depressed individual. At present, there is no objective measure
for depression detection with clinical utility (Cummins et al., 2015). Dementia is a category of
neurodegenerative diseases that entails a long-term and usually gradual decrease of cognitive
functioning. Alzheimer’s disease is the leading cause of dementia, impacting millions of
people across the world (Mattson, 2004).

The precise diagnosis of AD and depression is essential for their effective management
and the initiation of timely intervention. This has driven forward research in the automatic
detection of AD (Ivanov et al., 2013, Mirheidari et al., 2018, Cui et al., 2023) and depres-
sion (Moore II et al., 2007, Yu et al., 2015, He et al., 2021, Wu et al., 2023c). Studies have
explored a variety of hand-crafted features, including acoustic aspects like pitch variation,
syllable rate, and spectrogram analysis (Moore II et al., 2007, Low et al., 2010, Ooi et al.,
2012, Ivanov et al., 2013, Yu et al., 2015, Mirheidari et al., 2018), along with linguistic as-
pects such as part-of-speech information, sentence structure, and vocabulary diversity (Bucks
et al., 2000, Fraser et al., 2016, Yang et al., 2016, Gong and Poellabauer, 2017). The advent
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of deep learning pretrained speech and language models, such as WavLM, Whisper, and
BERT, has offered promising results for extracting features relevant to diagnosing AD and
depression (Balagopalan et al., 2020, Syed et al., 2020, Wu et al., 2022c, Yuan et al., 2020,
Cui et al., 2023, Wu et al., 2023c).

The rest of this chapter is organised as follows. Section 8.1 introduces background
information including approaches to detecting depression and AD. Section 8.2 presents
the benchmark datasets used in this chapter. Section 8.3 discusses current challenges in
automatic detection of mental disorders. Section 8.4 uses foundation models for detecting
depression via spontaneous speech. Section 8.5 applies the EDL methods introduced in
Chapter 5 to confidence estimation for automatic diagnosis of depression and AD.

8.1 Background

8.1.1 Depression

Depression (also called major depressive disorder or clinical depression) is a common
but serious mood disorder. Typical symptoms include depressed mood and/or markedly
diminished interest or pleasure in combination with four of: (i) psychomotor retardation or
agitation; (ii) diminished ability to think/concentrate or increased indecisiveness; (iii) fatigue
or loss of energy; (iv) insomnia or hypersomnia; (v) significant weight loss or weight gain;
(vi) feelings of worthlessness or excessive/inappropriate guilt; (vii) recurrent thoughts of
death or recurrent suicidal ideation (Edition et al., 2013). Whilst many people feel some form
of depression in their life, it is considered an illness when an individual has these symptoms
for longer than a two-week period.

Diagnosis of depression is complex. It relies heavily on the ability, desire and honesty of
a patient to communicate their symptoms, moods or cognitions when, by definition, their
outlook and motivation are impaired. This makes diagnostic information time consuming
to gather and requires a large degree of clinical training, practice, and certification to
produce acceptable results. Currently there is no objective measure, with clinical utility, for
depression (Cummins et al., 2015). Depression is commonly assessed by clinical interview
along with rating scales such as Hamilton rating scale for depression (Hamilton, 1986), Beck
depression index (Beck et al., 1996), patient health questionnaire (Kroenke et al., 2001), etc.

To enhance current diagnostic methods, an objective screening mechanism is necessary.
A wide range of biological markers have been investigated to be associated with depression
such as neurotransmitter dysfunction (Luscher et al., 2011) and genetic abnormalities (Gatt
et al., 2009). However, no specific bio-marker has been found to date. Recent advances have
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been made in using affective computing and social signal processing as a diagnostic tool for
depression (Cohn et al., 2009, Cummins et al., 2013, Joshi et al., 2013, Scherer et al., 2013,
Williamson et al., 2013) which rely in particular on facial and body tracking algorithms to
capture characteristic behavioural changes relating to depression.

Automatically detecting mental illness using speech, more specifically non-verbal par-
alinguistic cues, has gained popularity in recent years. Speech can be collected cheaply,
remotely, non-invasively and non-intrusively which makes it an attractive candidate for use
in an automated system. Depressed individuals usually exhibit decreased verbal activity
productivity, a diminished prosody and monotonous and “lifeless” sounding speech (Hall
et al., 1995, Sobin and Sackeim, 1997). A wide range of audio features have been trialled for
automatic depressed speech classification including prosodic, voice quality, spectral, glottal
features and the combination of them (Moore II et al., 2007, Low et al., 2010, Cummins et al.,
2011, Ooi et al., 2012, Alghowinem et al., 2012, 2013a,b). Apart from audio information,
text (Williamson et al., 2016, Yang et al., 2016, Sun et al., 2017, Gong and Poellabauer, 2017)
and video (Pampouchidou et al., 2017, He et al., 2021) also provide useful information for
depression detection. Inspired by emerging deep learning techniques, various neural network
structure and the integration of multi-modal features through deep learning models has been
found to be promising for depression detection (Ma et al., 2016, Yang et al., 2017, Al Hanai
et al., 2018, Haque et al., 2018, Ray et al., 2019).

8.1.2 Alzheimer’s Disease

Alzheimer’s disease (AD) is a chronic neurodegenerative disease with a progressive pattern of
cognitive and functional impairment. Symptoms like language impairment, memory loss, self-
neglect, and behaviour issues are found in patients as the disease worsens (Mattson, 2004).
AD is currently incurable, but timely intervention can effectively decelerate progression.
Therefore, the detection of AD is crucial and attracts extensive attention worldwide (Ritchie
et al., 2017).

Conventional methods for AD detection are mainly based on clinical tests for cognitive
decline and independence in everyday activities (Velayudhan et al., 2014). The most com-
monly used neuropsychological assessments include mini-mental state examination (Folstein
et al., 1975), clinical dementia rating (Morris, 1991), general practitioner assessment of
cognition (Brodaty et al., 2002), Montreal cognitive assessment (Nasreddine et al., 2005) and
hierarchical dementia scale-revised (Cole et al., 2015). However, these diagnostic processes
are constrained due to time requirements and accessibility of resources. As the number of
people diagnosed with AD is rapidly increasing, the high prevalence of the disease and the
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high costs associated with traditional approaches to detection stimulates the research on
automatic detection of AD (Zeisel et al., 2020).

AD can be detected from brain imaging exams such as computed tomography (CT) ,
magnetic resonance imaging (MRI) or positron emission tomography (PET). Many current
AD detection studies use medical imaging with various machine learning techniques and
deep neural network models (Li et al., 2007, Termenon et al., 2013, Moradi et al., 2015,
Zhang et al., 2015, Mirzaei et al., 2016, Sarraf and Tofighi, 2016, Lu et al., 2018, Pellegrini
et al., 2018, Ortiz et al., 2018).

Throughout the course of AD, patients have been observed suffering a loss of lexical-
semantic skills, including suffering anomia, reduced word comprehension, object naming
problems, semantic paraphasia, and a reduction in vocabulary and verbal fluency (Bayles
and Boone, 1982, Forbes-McKay and Venneri, 2005). Speech in patients with AD is mostly
characterised by a low speech rate and frequent hesitations at the phonetic and phonological
level (Kavé and Levy, 2003). Since spoken language is an easily captured signal that can
reflect the speaker’s cognitive abilities, researchers have been motivated to investigate the
use of speech and language features as biomarkers for AD detection (Szatloczki et al., 2015,
Weiner et al., 2019). Various machine learning models have been adopted for AD detection
using acoustic information (Yu et al., 2015, Ivanov et al., 2013, Luz et al., 2018, Haider et al.,
2019), linguistic information (Fraser et al., 2016, Mirheidari et al., 2018, Li et al., 2021b,
Ye et al., 2021, Syed et al., 2020) and their combination (Haider et al., 2019, Pulido et al.,
2020, Luz et al., 2020) and shows the early symptoms of AD are detectable from speech and
language features.

It is known that cognitive impairments caused by dementia affects the speech production
system (Ross et al., 1990). A growing body of research has demonstrated that quantifiable
indicators of cognitive decline associated with AD are detectable in spontaneous speech (de la
Fuente Garcia et al., 2020). Existing methods of automatic AD detection from spontaneous
speech can roughly be divided into methods based on speech (Ivanov et al., 2013, Yu
et al., 2015, Luz et al., 2018, Haider et al., 2019) and methods based on transcripts derived
from speech (Mirheidari et al., 2018, Li et al., 2021b, Ye et al., 2021, Syed et al., 2020).
Conventional audio-based methods exploit a variety of acoustic features such as pitch
variance, syllable rate, phoneme-based measures, formant-based articulatory coordination
features, log-Mel spectrogram, MFCC features, and other paralinguistic features (Yu et al.,
2015, Ivanov et al., 2013, Mirheidari et al., 2018, Luz, 2017, Meghanani et al., 2021). The
performance could be further improved by considering (dis)fluency features and speech
pause distributions such as turn-taking patterns and speech rate (Luz et al., 2018, 2020, Yuan
et al., 2020, Campbell et al., 2021, Pastoriza-Domínguez et al., 2022). The transcript-based
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methods adopt various type of features derived from text content such as part-of-speech
information, grammatical constituents, vocabulary richness (Bucks et al., 2000, Fraser et al.,
2016), as well as word vector representations (Mirheidari et al., 2018, Guerrero-Cristancho
et al., 2020). In addition to the use of hand-crafted features, pretrained language models based
on deep neural networks, such as BERT and RoBERTa, have shown promising performance
as feature extractors for AD detection in recent years (Balagopalan et al., 2020, Yuan
et al., 2020, Syed et al., 2020, Rohanian et al., 2021b, Syed et al., 2021). Studies show that
transcript-based methods tend to achieve better performance than audio-based methods (Luz
et al., 2020, Balagopalan et al., 2020, Li et al., 2021b) and the combination of audio and
text modalities usually leads to improved performance (Luz et al., 2020, Syed et al., 2020,
Cummins et al., 2020, Balagopalan et al., 2020, Sarawgi et al., 2020). Model ensembles
have also been studied to improve the robustness of the system where different classifiers are
combined to produce the final decision (Cummins et al., 2020, Rohanian et al., 2021b, Qiao
et al., 2021)

Although linguistic features are effective in detecting AD, the preparation for manual
transcripts is time-consuming and costly. A fully automatic pipeline for AD detection
replacing human transcribers by ASR systems is highly desirable. The major challenge is
that the quality of speech transcription may degrade significantly when the speech is from
language impaired patients. This requires a more effective way of integrating ASR models
into the analysis and detection processes. Work on this include using commercial ASR
systems (Rohanian et al., 2021a, Qiao et al., 2021), pretrained ASR models (Zhu et al., 2021),
ASR systems adapted to spontaneous speech and elderly speech (Pan et al., 2021, Li et al.,
2021b, Ye et al., 2021), and ASR models finetuned for AD (Qin et al., 2021).

8.2 Corpora for Depression and AD

This section describes the datasets used for detection of depression and AD in this chapter.

8.2.1 DAIC-WOZ

The distress analysis interview corpus - wizard-of-oz (DAIC-WOZ) database (DeVault et al.,
2014) is part of a larger corpus, the distress analysis interview corpus (Gratch et al., 2014),
that contains clinical interviews designed to support the diagnosis of psychological distress
conditions such as anxiety, depression, and post-traumatic stress disorder. These interviews
were collected as part of a larger effort to create a computer agent that interviews people and
identifies verbal and non-verbal indicators of mental illness. Data collected include 189 audio
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and video recordings and extensive questionnaire responses. This part of the corpus includes
wizard-of-oz interviews, conducted by an animated virtual interviewer called Ellie, controlled
by a human interviewer in another room. The data has been transcribed and annotated for a
variety of verbal and non-verbal features. Among the 189 recordings, ∼30% are labelled as
depressed.

8.2.2 ADReSS

The ADReSS dataset (Luz et al., 2020), released with the Alzheimer’s dementia recognition
through spontaneous speech (ADReSS) challenge, consists of a statistically balanced, acous-
tically enhanced set of recordings of spontaneous speech sessions along with segmentation
and detailed time-stamped transcriptions. It consists of speech recordings and transcripts of
spoken picture descriptions elicited from participants through the “cookie theft” picture from
the Boston diagnostic aphasia exam. The recorded speech has been segmented for voice
activity using a simple voice activity detection algorithm based on signal energy threshold.
The segmented dataset contains 1,955 speech segments from 78 non-AD subjects and 2,122
speech segments from 78 AD subjects. The average number of speech segments produced by
each participant was 24.86. The recordings were acoustically enhanced with stationary noise
removal and audio volume normalisation was applied across all speech segments to control
for variations caused by recording conditions such as microphone placement.

8.3 Current Challenges in Automatic Detection of Depres-
sion and AD

8.3.1 Variability in Manifestations

Variability in manifestations causes difficulties in finding a unified representation for mental
disorders. Typical sources of unwanted forms of variability (referred to as nuisance factors)
includes (i) biological trait primitives such as race, ethnicity, gender, age; (ii) cultural trait
primitives such as first language, dialect, and sociolect; (iii) emotional signals such as anger,
fear, and energetic states; (iv) social signals such as conversational sounds, intimacy and
dominance; (v) voice pathology such as speech disorders, intoxication and respiratory tract
infection; (vi) co-existence of other forms of paralinguistic information. The between-class
(healthy vs depressed) acoustic variability is diluted by linguistic information and speaker
characteristics.
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8.3.2 Data Scarcity

One major challenge in automatic mental illness detection is data scarcity. Medical corpora
are usually limited in terms of both number of speakers and duration. Privacy concerns sur-
rounding sensitive health information restricts access to large-scale, comprehensive datasets.
Healthcare data are often protected by stringent regulations and ethical considerations, limit-
ing data sharing and collaboration across institutions. Additionally, the annotation difficulty
associated with labelling medical data, particularly for nuanced conditions like depression and
AD, poses a significant challenge. Manual annotation by medical experts is time-consuming,
expensive, and subject to inter-rater variability. Moreover, detection of mental illness mostly
relies on interview data which is a sparse scenario. Compared to emotion recognition where
data samples are labelled at segment-level (i.e., one label per utterance), interview-based
datasets are mainly labelled at session-level (i.e., one label per interview). This means
that given same amount the speech data, the effective number of samples are far less for
depression and AD datasets than emotion datasets. Data scarcity affects the robustness and
generalisability of automatic diagnosis systems, especially given variability in depression
manifestation discussed above.

8.3.3 Data Imbalance

Apart from the limited size, medical datasets often also suffer from severe data imbalance
where positive cases tend to be far fewer than negative cases (i.e., healthy control group). Data
augmentation and balancing approaches are current fields of interest, and F1 is commonly
used instead of accuracy for evaluation which balances the trade-off between precision and
recall.

8.3.4 Reliability and Confidence Estimation

Confidence estimation is crucial for a trustworthy automatic diagnostic systems which
informs the clinician about the confidence of model predictions and helps reduce the risk
of misdiagnosis. Deep learning models often suffer from calibration issues, leading to high
confidence in incorrect predictions (i.e., confidently wrong). While confidence estimation
techniques have been applied in areas like speech recognition (Wessel et al., 2001, Jiang,
2005, Yu et al., 2011, Li et al., 2021c) and dialogue systems (Tur et al., 2005), their application
in detecting mental illnesses through speech analysis remains largely unexplored.
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8.4 Speech-Based Depression Detection using Foundation
Models

Despite encouraging progress (Moore II et al., 2007, Low et al., 2010, Ooi et al., 2012,
Williamson et al., 2016, Al Hanai et al., 2018) indicating that correlations of depression
are detectable in spontaneous speech, speech-based depression detection (SDD) is still
challenging due to the variability in depression manifestations and lack of training data.

Recently, foundation models have sparked a research paradigm shift in many fields of
artificial intelligence (see Section 2.2.2). It has been shown that self-supervised learning (SSL)
representations, the intermediate layer output of an SSL pretrained foundation model, are
often useful for many downstream tasks (Yang et al., 2021). In particular, speech foundation
models, such as Wav2vec 2.0 (W2V2), HuBERT, and WavLM, are attracting increasing
attention and have achieved SOTA results in many speech processing tasks, including ASR
and AER (Zhang et al., 2022b, Morais et al., 2022), etc. Despite this great success, SSL
representations have not been extensively studied for SDD.

This section studies the use of SSL-pretrained speech foundation models to handle
the challenges in SDD1. This approach allows the data sparsity issue to be handled via
the large amount of unlabelled data used for SSL pretraining. Such unlabelled data can
be produced by many speakers that cover a wide range of speaker variability and hence
can help to model speaker-dependent depression manifestation variability. A block-wise
analysis is first performed to compare the SSL representations from different layers of
different foundation models and to understand which types of information is more effective
in SDD. Next, foundation models are finetuned for the ASR and AER tasks separately, to
investigate knowledge transfer from ASR and AER to SDD and the effect of finetuning on
the intermediate layers. Three different speech foundation models, W2V2, HuBERT and
WavLM, are compared. ASR transcriptions are encoded by RoBERTa, a text foundation
model, and incorporated. The ensemble with multiple foundation models gives SOTA results
on the benchmark DAIC-WOZ dataset.

The remainder of the section is organised as follows. Section 8.4.1 introduces the
backbone structure. Section 8.4.2 describes the proposed data augmentation method. The
experimental setup is presented in Section 8.4.3. Sections 8.4.4 and 8.4.5 present a block-
wise analysis of speech foundation models and the use of ASR transcriptions in depression
detection respectively. The foundation models are combined in Section 8.4.6, followed in
Section 8.4.7 by a summary.

1Part of this section has been published as a conference paper (Wu et al., 2023c). See Appendix A for more
detail.
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Fig. 8.1 (a) Model structure. (b) The block-wise analysis framework.

8.4.1 Model Structure

In this section, SDD is formulated as a binary classification task that determines whether the
speaker is depressed or not. The SDD system takes a dialogue X (i.e., a clinical interview) as
input, which consists of a sequence of sentences X = {x1, ...,x𝑇 } where 𝑇 is the number of
sentences in the dialogue. The model structure is illustrated in Fig. 8.1 (a) which contains
a foundation model followed by a depression detection block. The foundation model takes
a sentence S𝑡 as input (e.g., speech waveform or text) and produces a vector of size (𝜏𝑡 , 𝐷)
where 𝜏𝑡 is the number of frames in S𝑡 and 𝐷 is the feature dimension. Temporal pooling
(mean pooling was used in this section) is then applied to the output of the foundation model,
producing a 𝐷 dimensional (-dim) vector x𝑡 for each sentence. The depression detection
block then takes a dialogue consisting of a 𝑇-length sequence with 𝐷-dim vectors as inputs
to perform the diagnosis.

Three pretrained foundation models were used in this section: wav2vec 2.02 (W2V2),
HuBERT3, and WavLM4 (see Section 2.2.4). The Base versions were used for all three
foundation models which contain twelve 768-dim Transformer encoder blocks and about
95M parameters. The depression detection block consists of two 128-dim Transformer

2Available at: https://huggingface.co/facebook/wav2vec2-base
3Available at: https://huggingface.co/facebook/hubert-base-ls960
4Available at: https://huggingface.co/microsoft/wavlm-base-plus
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encoder blocks with four attention heads each, followed by a FC output layer. The depression
detection block has 0.3M parameters.

8.4.2 Sub-Dialogue Shuffling

As explained in Section 8.3.2, depression is usually assessed by clinical interview and labelled
at the session-level, which is a very data sparse scenario. For instance, the DAIC-WOZ
datasets consists of 50+ hours of speech recordings that correspond to merely 189 samples.
Furthermore, data imbalance is another severe issue since the positive cases are much fewer
than negative cases (28% vs 72% in training). Therefore, it is crucial to use data augmentation
to alleviate both data scarcity and imbalance issues for SDD.

In this section, the training set is augmented using sub-dialogue shuffling, which samples
a sub-dialogue x𝑠:𝑒 from each complete dialogue x1:𝑇 , where 𝑠 and 𝑒 are the randomly
selected start and end utterance indexes. The details are given in Algorithm 3. First, the
number of positive and negative samples in the training set are counted and 𝑀+ is set which
is the desired number of sub-dialogues for each positive dialogue (lines 1-3 of Algorithm 3).
To augment while balancing the training samples, 𝑀− is computed based on 𝑁+, 𝑁−, and
𝑀+ (line 4). Then, 𝑀+ and 𝑀− sub-dialogues are generated for each complete dialogue
belonging to the positive and negative classes respectively (lines 8-10 of Algorithm 3). 𝜖𝑙 and

Algorithm 3 Sub-dialogue shuffling

1: 𝑁+ ← Number of positive samples in the training set
2: 𝑁− ← Number of negative samples in the training set
3: Set number of sub-dialogues for each positive sample 𝑀+

4: 𝑀− ← 𝑁+ × 𝑀+/𝑁−
5: Set 𝜖𝑙 , 𝜖ℎ satisfying 0 < 𝜖𝑙 < 𝜖ℎ <= 1
6: for Dialogue X(𝑛) , 𝑛 = 1, 2, . . . , 𝑁 do
7: 𝑇 ← len(X(𝑛))
8: if X(𝑛) is positive then 𝑀 ← 𝑀+

9: else 𝑀 ← 𝑀−

10: end if
11: for Sub-dialogue X(𝑛)𝑚 , 𝑚 = 1, 2, . . . , 𝑀 do
12: Sample 𝜖 uniformly from [𝜖𝑙 , 𝜖ℎ)
13: 𝑑 ← 𝜖𝑇 − 1
14: Sample 𝑠 randomly from range [0, 𝑇 − 𝑑)
15: 𝑒 ← 𝑠 + 𝑑
16: X(𝑛)𝑚 ← X(𝑛)𝑠:𝑒
17: end for
18: end for
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𝜖ℎ are two variables that determine the length range of the sub-dialogues. When generating a
sub-dialogue, its length 𝑑 is first defined by a coefficient randomly drawn from [𝜖𝑙 , 𝜖ℎ) (lines
12-13). The start index 𝑠 is then randomly chosen from its available range and the end index
is then determined (lines 14-16).

8.4.3 Experimental Setup

The DAIC-WOZ dataset (see Section 8.2.1) is used in this section. For a fair comparison to
prior work (Gong and Poellabauer, 2017, Al Hanai et al., 2018, Ravi et al., 2022, Wu et al.,
2022c), results on the development subset are reported. 30 out of 107 interviews within the
training set and 12 out of 35 interviews within the development set are labelled as depressed.
Classification performance is evaluated by the F1 score, which is the harmonic mean of the
precision and recall. Precision computes the proportion of positive identifications being
actually correct, which is defined as follows:

Precision =
TP

TP + FP
(8.1)

where TP (true positives) is the number of samples correctly predicted as “positive”, and FP
(false positives) is the number of samples wrongly predicted as “positive”. Recall computes
the proportion of actual positives being identified correctly, which is defined as follows:

Recall =
TP

TP + FN
(8.2)

where FN (false negatives) is the number of samples wrongly predicted as “negative”. F1
score is then defines as:

F1 =
2

1
Precision +

1
Recall

=
2 × Precision × Recall

Precision + Recall
(8.3)

which measures the trade-off between precision and recall and is thus suitable for evaluate
the classification performance when the class distribution is imbalanced. The model was
initialised and trained for 20 different random seeds and both the highest (F1(max)) and
the average (F1(avg)) value are reported, along with the standard deviation (F1(std)) across
seeds.



132 Detection of Mental Disorders and Cognitive Diseases

8.4.4 Experiment: Block-Wise Analysis of Foundation Models

It has been previously found that the output of different encoder blocks of a speech foundation
model contains different levels of information (Pasad et al., 2021, Zheng et al., 2022). The
block-wise evolution of the representations follows an acoustic-linguistic hierarchy, where
the shallowest layers encode acoustic features, followed by the word meaning information,
and phonetic and word identities. The analysis of the intermediate block representations
could provide insights to better understand the information relevant to SDD. This section
performs such an analysis. The model structure used for block-wise analysis is shown in
Fig. 8.1 (b). Each time output from one intermediate Transformer block from the foundation
model is used for downstream SDD.

Effect of Data Augmentation

The effect of data augmentation was first investigated using the output of the last (12th)
Transformer block of the pretrained WavLM model (WavLMPT

12 ). Augmenting data trades off
between generating more data and matching the true data distribution. As shown in Table 8.1,
the F1 score increases and standard deviation decreases as the number of sub-dialogues
for each positive sample 𝑀+ increases up until 1000, then F1 decreases and the standard
deviation increases. The model runs the risk of overfitting the training data if each original
sequence is replicated too many times. The following experiments used 𝑀+ = 500, balancing
performance and training time.

Table 8.1 SDD results with increased number of augmented utterances on DAIC-WOZ.
WavLMPT

L12 used as input. 𝑀+ is the number of sub-dialogues for each positive sample.

M+ 100 200 500 1000 1500

F1(avg) 0.451 0.583 0.647 0.679 0.669
F1(max) 0.640 0.700 0.714 0.762 0.727
F1(std) 0.131 0.082 0.033 0.027 0.031

Pretrained SSL Representations

The parameters of the three pretrained foundation models (W2V2PT, HuBERTPT, WavLMPT)
were frozen and the SDD results using different intermediate blocks of the models are shown
in Table 8.2. F1(avg) of the intermediate blocks of three models are plotted in Fig. 8.2. For
all three models, F1 first improves as the layer number increases and then F1 decreases.
Overall, WavLMPT produces an F1 score higher than the other two models. The features
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Table 8.2 SDD results using the outputs from different intermediate blocks of different
pretrained foundation models on DAIC-WOZ. “id” indicates index of intermediate blocks.
Highest F1 value in each column shown in bold.

W2V2PT HuBERTPT WavLMPT

id F1(avg) F1(max) F1(std) id F1(avg) F1(max) F1(std) id F1(avg) F1(max) F1(std)

2 0.531 0.615 0.044 2 0.557 0.615 0.033 2 0.545 0.636 0.033
4 0.549 0.667 0.055 4 0.582 0.621 0.020 4 0.571 0.629 0.029
6 0.597 0.700 0.056 6 0.606 0.667 0.046 6 0.630 0.692 0.034
8 0.627 0.667 0.043 8 0.628 0.714 0.049 8 0.700 0.750 0.024
10 0.536 0.667 0.060 10 0.667 0.762 0.052 10 0.685 0.720 0.031
12 0.519 0.636 0.066 12 0.610 0.696 0.034 12 0.647 0.714 0.033

extracted from the 10th -block give the highest F1 for HuBERTPT while the features extracted
from the 8th-block have the overall best performance for W2V2PT and WavLMPT. It has
been found (Pasad et al., 2021) that the first few W2V2 Transformer blocks show increased
similarity with Mel filterbank energy (MFB) features, indicating that shallow layers encode
acoustic information much like MFB. Word meaning information is mainly encoded in
middle blocks, especially around the 8th-block (Pasad et al., 2021). Hence it can be inferred
that features contain word meaning information are useful for SDD.
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Fig. 8.2 Trends of DAIC-WOZ F1(avg) values at different blocks for the pretrained foundation
models.

ASR and AER Finetuned Representations

This section investigates how finetuning changes the findings in the previous section. It
has been implied in the previous section that the intermediate layer containing information
correlated with word meaning is effective to SDD. It has also been found (Wu et al., 2022c)
that emotion information is also useful to SDD. Thus, our foundation models are finetuned
based on data for ASR and AER tasks. Three finetuned systems are investigated in this paper
with parameters frozen after finetuning:
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Table 8.3 SDD results using the outputs from different intermediate blocks of different
foundation models finetuned for ASR and AER on DAIC-WOZ. Highest F1 value in each
column shown in bold.

W2V2ASR W2V2AER WavLMAER

id F1(avg) F1(max) F1(std) id F1(avg) F1(max) F1(std) id F1(avg) F1(max) F1(std)

2 0.556 0.696 0.051 2 0.541 0.615 0.050 2 0.537 0.600 0.022
4 0.598 0.700 0.052 4 0.579 0.643 0.043 4 0.627 0.690 0.027
6 0.639 0.690 0.045 6 0.605 0.737 0.041 6 0.638 0.667 0.027
8 0.615 0.649 0.025 8 0.640 0.688 0.036 8 0.707 0.786 0.032

10 0.558 0.645 0.040 10 0.608 0.696 0.058 10 0.720 0.769 0.036
12 0.531 0.615 0.054 12 0.558 0.667 0.045 12 0.684 0.750 0.032

• W2V2ASR: W2V2 base model finetuned for ASR on the 960 hours of LibriSpeech
data5.

• W2V2AER: W2V2 base model finetuned on 110 hours of MSP-Podcast dataset for
AER by adding two extra FC layers6.

• WavLMAER: WavLM base model finetuned in the same way as W2V2AER for AER7.

The SDD results of the finetuned models are shown in Table 8.3. Comparing the results
of W2V2ASR and W2V2AER with W2V2PT , as shown in Fig. 8.3 (a), the peak of W2V2ASR

is further towards earlier blocks while the peak of W2V2AER is towards later blocks. As
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(a) W2V2 finetuned on ASR and AER.
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Fig. 8.3 Trends of DAIC-WOZ F1(avg) values at different blocks for the foundation models
finetuned for ASR and AER.

5Available at: https://huggingface.co/facebook/wav2vec2-base-960h
6The concordance correlation coefficients (see Section 6.2.4) for valence, activation, and dominance are

0.418, 0.658, 0.562 for W2V2AER.
7The concordance correlation coefficients (see Section 6.2.4) for valence, activation, and dominance are

0.445, 0.667, 0.597 for WavLMAER.
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shown in Fig. 8.3 (b), the performance of WavLMAER also improves over WavLMPT on later
layers. The finetuned foundation models presumably learn more task-specific information.
For a W2V2 model finetuned with character-level CTC loss (see Section 4.1.3), the output of
the last few layers are more directly related to the word identities. Finetuning the foundation
model for AER improves the overall performance, indicating that emotion and depression
share some paralinguistic indicators encoded by the finetuned models.

8.4.5 Experiment: The Use of ASR Transcriptions

It has been shown that text information is effective for SDD (Williamson et al., 2016, Dinkel
et al., 2019). However, reference transcriptions are usually not available in practice. This
section uses an ASR system to transcribe the depression detection interview and investigates
the performance of using erroneous transcriptions in SDD. Automatic transcriptions were
obtained from the final output of the W2V2ASR model which has a WER of 3.4% on
LibriSpeech “test-clean” set and 8.6% on “test-other” set but 40.9% on DAIC-WOZ. The
ASR and reference transcripts were encoded by a text foundation model, the RoBERTa Base
model8 (see Section 2.2.3) and fed into the depression detection block. The SDD results
with ASR generated hypotheses and reference transcriptions are compared in Table 8.4
(RoBERTaHyp, RoBERTaRef). Replacing the reference transcriptions with ASR generated
hypotheses leads to a decrease of 0.36 in average F1 score and also a larger standard deviation.

Utterance-level representations derived from RoBERTaHyp were combined with those
derived from the 6th-block representations of the ASR-finetuned W2V2 model (W2V2ASR

6 )
by concatenation. From Table 8.4, this combination produced better SDD results than using
the reference transcriptions alone.

Table 8.4 Comparison of using reference and ASR transcriptions for SDD on DAIC-WOZ,
where Cat{·, ·} refers to a concatenation.

System F1(avg) F1(max) F1(std)

RoBERTaHyp 0.599 0.667 0.042
RoBERTaRef 0.635 0.667 0.029

Cat{RoBERTaHyp,W2V2ASR
6 } 0.648 0.714 0.028

8Available at: https://huggingface.co/roberta-base
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Table 8.5 Results of combining different speech and text foundation models on DAIC-WOZ,
where Cat{·, ·} refers to a concatenation.

System F1(avg) F1(max) F1(std)

RoBERTaHyp 0.599 0.667 0.042
WavLMPT

8 0.700 0.750 0.024
WavLMAER

10 0.720 0.769 0.036

Cat{WavLMPT
8 , RoBERTaHyp} 0.725 0.759 0.021

Cat{WavLMAER
10 , RoBERTaHyp} 0.756 0.800 0.023

Table 8.6 Ensemble of foundation models. Cat{·, ·} refers to a concatenation.

System Ensemble 1 Ensemble 2

W2V2PT
6

√

HuBERTPT
10

√

WavLMPT
8

√ √

WavLMAER
10

√

Cat{WavLMAER
10 , RoBERTaHyp} √

F1(avg) 0.800 0.829
F1(max) 0.857 0.886

8.4.6 Experiment: Combinations of Foundation Models

This section studies further combinations of SSL representations derived from both speech
and text foundation models. Similar to the experiments in Table 8.4, speech SSL repre-
sentations were combined with the ASR transcriptions by a concatenation, and the results
are shown in Table 8.5. Combining speech and ASR-hypothesis-based text representations
can improve F1(avg) and F1(max) as well as reduce F1(std), which improves both SDD
classification performance and stability.

Finally, the use of a system ensemble by voting is investigated. Two ensembles are tested:

1. The ensemble of systems based on three speech foundation models: W2V2PT
6 , HuBERTPT

10 ,
WavLMPT

8

2. The ensemble of systems from three modalities: WavLMPT
8 (audio modality), WavLMAER

10
(emotion modality), Cat{WavLMAER

10 , RoBERTaHyp} (text modality)

The results of using ensembles are shown in Table 8.6. Reference transcriptions are not
used in these ensembles and our best-performing depression detection systems require only
the speech input. Table 8.7 cross compares our results with those published in literature.
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Table 8.7 Cross comparison on DAIC-WOZ development subset.

Paper F1(avg) F1(max)

Gong and Poellabauer (2017) - 0.70
Al Hanai et al. (2018) - 0.77

Shen et al. (2022) - 0.85
Ravi et al. (2022) 0.69 -
Wu et al. (2022c) - 0.87

Proposed 0.83 0.89

Ravi et al. (2022) used W2V2 and reported the average result across five models. Reference
transcriptions were used by Gong and Poellabauer (2017), Al Hanai et al. (2018), Shen et al.
(2022), Wu et al. (2022c). The comparison shows that the ensemble of foundation models
produced competitive performance for depression detection based on speech input only.

8.4.7 Summary

This section studies the use of SSL representations in speech-based depression detection.
An analysis of SSL representations derived from different layers of pretrained foundation
models is first presented for SDD, which provides insight to suitable indicator for depression
detection. Knowledge transfer is then performed from ASR and AER to SDD by finetuning
the foundation models. Results show that finetuning pretrained speech foundation models
for AER improves SDD performance, indicating that some indicators are shared between
AER and SDD. SDD performance when using ASR transcriptions matches that of using
reference transcriptions when combined with the hidden representations derived from an
ASR-finetuned foundation model. By integrating representations from multiple foundation
models, SOTA SDD results are achieved on the DAIC-WOZ dataset without using the
reference transcriptions. A similar approach has been applied to AD detection (Cui et al.,
2023) where W. W. is the co-first author. Details can be found in Appendix A.2.

8.5 Confidence Estimation for Detection of AD and Depres-
sion

Estimating confidence levels is key in medical tasks. While supportive in diagnosis, deep
learning models often suffer from calibration issues, leading to high confidence in incorrect
predictions (i.e., confidently wrong). Confidence estimation can increase the reliability
and interpretability of diagnostics powered by deep learning, offering clinicians a clearer
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understanding of how much trust to place in automated predictions to reduce the risk of
misdiagnosis. It can also facilitate the identification of ambiguous and borderline cases,
necessitating the input of clinical expertise. While confidence estimation techniques have
been applied in areas like speech recognition (Wessel et al., 2001, Jiang, 2005, Yu et al.,
2011, Li et al., 2021c) and dialogue systems (Tur et al., 2005), their application in detecting
mental illnesses through speech analysis remains largely unexplored.

This section investigates confidence estimation for automatic AD and depression detec-
tion based on speech recordings from clinical interviews9. Standard deep neural network
classifiers are often trained to maximise the categorical probability of the correct class using
the cross-entropy loss, whose output logit values are converted into pseudo-categorical prob-
ability distributions as the predictions using a softmax function. This standard framework
is known to have unreliable uncertainty estimation (Gal and Ghahramani, 2016, Guo et al.,
2017). In this section, the EDL-based uncertainty estimation approach developed in Chapter 5
is adapted for confidence estimation which introduces a dynamic Dirichlet prior distribution
to model the second-order probability over the predictive distribution. The dynamic Dirichlet
prior is predicted by a deep neural network trained by minimising the Bayes risk of the
prediction. Multiple evaluation metrics are adopted to evaluate the proposed method in
terms of classification performance and confidence estimation. Results on the ADReSS and
DAIC-WOZ datasets show that the proposed method outperforms the baselines in terms of
both classification accuracy and model calibration. To the best of our knowledge, this is the
first work that investigates confidence estimation for automatic AD and depression detection
based on clinical interviews.

The rest of the section is organised as follows. Section 8.5.1 introduces the proposed
approach of confidence estimation. The experimental setup and evaluation metrics are
presented in Sections 8.5.2 and 8.5.3 respectively. The experimental results are given in
Section 8.5.4, followed by the summary in Section 8.5.7.

8.5.1 Confidence Estimation Method

Confidence is defined as the probability corresponding to the predicted class in the predictive
distribution10. A standard neural network classifier predicts a categorical distribution which
represents the probabilistic assignment over the possible classes. In this section, the EDL
approach proposed in Chapter 5 is modified and adapted for confidence estimation which

9Part of this section has been published as a conference paper (Wu et al., 2024c). See Appendix A for more
detail.

10In this section, confidence is treated as a posterior probability. In some applications only relative confidence
is required since a threshold will be fixed.
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places a dynamic Dirichlet prior over the categorical distribution to measure the probability
of the predictive distribution (i.e., second-order probability) instead of a point estimate.

Modelling Second-order Probability

The problem setup follows that in Chapter 5, which is summarised below. Consider the
target label as a one-hot vector y where y𝑘 is one if class 𝑘 is the correct class else zero. y

is sampled from a categorical distribution π where each component π𝑘 corresponds to the
probability of sampling a label from class 𝑘 . A Dirichlet prior is introduced to model the
distribution over the categorical distribution:

y ∼ P(y |π) = Cat(y |π), π ∼ p(π |α) = Dir(π |α). (8.4)

where α is the hyperparameter of the Dirichlet distribution. The output of a standard
neural network classifier is a probability assignment over the possible classes. The Dirichlet
distribution represents the density of each such probability assignment, hence it is modelling
second-order probabilities and uncertainty. For a given input x𝑖, the hyperparameter α𝑖 is
predicted by a neural network α𝑖 = f𝚲(x𝑖) where 𝚲 is the model parameter vector.

Learning a Dynamic Dirichlet Prior

For brevity, superscript 𝑖 is omitted in this section. Given a one-hot label y and predicted
Dirichlet Dir(π |α), a neural network can be trained by minimising the Bayes risk with
respect to the sum of squares loss between targets and the class predictor:

LBR(𝚲) =
∫
∥ y − π ∥2 p(π |α)dπ

=

𝐾∑︁
𝑘=1
E

[
(y𝑘 )2 − 2y𝑘π𝑘 + (π𝑘 )2

]
=

𝐾∑︁
𝑘=1

(
y𝑘 −

α𝑘

α0

)2
+ α𝑘 (α0 −α𝑘 )
(α0)2 (α0 + 1)

.

(8.5)

Similar to Section 5.4, the KL divergence between the targets and prediction is introduced as
an additional regularisation term. The total loss is then defined as:

L(𝚲) = LBR(𝚲) + 𝜆 · KL [y ∥ π] (8.6)

with the coefficient 𝜆 set to 0.5.



140 Detection of Mental Disorders and Cognitive Diseases

Predictive Distribution and Confidence Estimation

Given Dir(π |α), the estimated probability of class 𝑘 can be calculated by the expectation
of the predicted Dirichlet prior. Since the Dirichlet distribution is the conjugate prior of the
categorical distribution, the expectation is tractable:

π̂𝑘 = E[π𝑘 ] =
α𝑘

α0
(8.7)

where α0 =
∑𝐾
𝑘=1 α𝑘 . Confidence is then computed as follows:

𝑘̂ = argmax𝑘 π̂ (8.8)

𝑝 = π̂𝑘̂ (8.9)

where π̂ is the predictive distribution, 𝑘̂ is the predicted class, and 𝑝 is the prediction
confidence for a given input x. The confidence is expected to reflect the probability of the
output being actually correct.

8.5.2 Experimental Setup

Datasets

The ADReSS dataset (see Section 8.2.2) is used in this section for automatic AD detection.
The standard split of train/test data provided by the corpus is used. 20% of the training data
was further set aside for validation. The DAIC-WOZ data (see Section 8.2.1) is used for
automatic depression detection. The standard split of train/dev/test data provided by the
corpus is used.

Model Structure

The model structure is shown in Fig. 8.4. Following Cui et al. (2023), the recording was first
transcribed using a pretrained Whisper model11 (Radford et al., 2023), which has a word
error rate of 32.8% on ADReSS and 20.4% on DAIC-WOZ. The transcription was then
encoded by a pretrained BERT model12 (Devlin et al., 2019). The model consists of two
transformer encoder blocks of dimension 128 with four attention heads, followed by two FC
layers and an output layer.

11Available at: https://huggingface.co/openai/whisper-small
12Available at: https://huggingface.co/bert-base-uncased
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Fig. 8.4 Illustration of the model structure.

Baselines

The proposed method is compared with following baselines:

• L2: a standard classification network with softmax output activation trained by cross-
entropy loss with weight decay.

• MCDP: a Monte Carlo dropout (Gal and Ghahramani, 2016) model with dropout rate
of 0.3 which was forwarded 50 times during testing with different dropout random
seeds to obtain 50 samples.

• BBB: a Bayes-by-backprop (Blundell et al., 2015) model which was forwarded 50
times during testing with different network weights to obtain 50 samples.

• Ensemble: a ensemble of five L2 models initialised and trained using different random
seeds.

All of the baselines have the same backbone structure as the proposed method. The confidence
is computed by Eqn. (8.9).

Implementation Details

Sub-dialogue shuffling proposed in Section 8.4.2 was applied to augment and balance the
training set which samples sub-dialogues x𝑠:𝑒 from each complete dialogue x1:𝑇 , where 𝑠 and
𝑒 are the randomly selected start and end sentence indices. The number of sub-dialogues for
positive samples was set to 100 for AD and 500 for depression. Piece-wise linear mappings
(PWLMs) (Evermann and Woodland, 2000) were estimated on the validation set and then
applied to the test set in order to better calibrate the confidence scores with accuracy. All
experiments were run for 5 different seeds and the mean and standard error are reported.
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8.5.3 Evaluation Metrics

A range of metrics are adopted to evaluate the proposed method in terms of classification
performance and model calibration.

Classification Performance

The classification performance is evaluated by the accuracy (ACC) and F1 score (F1).

Model Calibration

Model calibration is evaluated by the expected calibration error (ECE), the normalised cross
entropy (NCE), the area under the ROC curve (AUROC), and the area under the precision-
recall curve (AUPRC). ECE, AUROC and AUPRC have been introduced in Section 5.3.3.
The predicted confidence is used as the decision threshold for both AUROC and AUPRC.

Normalised cross entropy (NCE) (Siu et al., 1997) measures the quality of confidence
scores. Confidence scores for all test samples 𝑝 = [𝑝1, . . . , 𝑝𝑁 ] where 𝑝𝑛 ∈ [0, 1] are
gathered and their corresponding target confidence 𝑐 = [𝑐1, . . . , 𝑐𝑁 ] where 𝑐𝑛 ∈ {0, 1}. The
NCE is then given by

NCE(c,p) = H(c) − H (c,p)H (c) (8.10)

where H(c) is the entropy of the target confidence sequence and −H(c,p) is the binary
cross-entropy between the target and the estimated confidence scores. When confidence
estimation is systematically better than the correct ratio (

∑𝑁
𝑛=1 𝑐𝑛/𝑁), NCE is positive. For

perfect confidence scores, NCE is 1.

8.5.4 Experiments: Classification Performance

In this section, the proposed method is compared to the baselines described in Section 8.5.2
in terms of classification accuracy and confidence estimation.

Table 8.8 lists the classification accuracy and F1 scores for all of the compared methods.
Comparing the proposed method to the baselines, it is shown that introducing a confidence
measure does not degrade classification performance. The proposed method yields the best
F1 and accuracy for AD detection as well as the highest accuracy for depression detection.
Although the ensemble achieves the best prediction F1 score for depression detection, it
involves training five individual systems. The proposed method achieves the second best
accuracy with only a fifth of the computational cost of Ensemble during training. During
testing, the Ensemble involves five individual forward passes of each base model. Both
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Table 8.8 Comparison to the baselines in terms of classification accuracy and F1 score.
Average and standard error of five runs are reported. The best value in each column is shown
in bold and the second best is underlined.

AD detection Depression detection
F1 ACC F1 ACC

L2 0.791±0.010 0.783±0.015 0.585±0.014 0.706±0.018
MCDP 0.786±0.010 0.779±0.014 0.572±0.006 0.695±0.034
BBB 0.738±0.008 0.721±0.025 0.580±0.012 0.715±0.024

Ensemble 0.792±0.011 0.788±0.013 0.602±0.008 0.738±0.004
Proposed 0.807±0.013 0.800±0.019 0.600±0.008 0.745±0.008

Table 8.9 Comparison to the baselines in terms of ECE. A smaller ECE value indicates better
model calibration. Average and standard error of five runs are reported. The best value in
each column is shown in bold and the second best is underlined.

AD Depression
ECE (w/o PWLM) ECE(w PWLM) ECE (w/o PWLM) ECE (w PWLM)

L2 0.227±0.016 0.204±0.014 0.312±0.023 0.217±0.008
MCDP 0.229±0.022 0.207±0.005 0.302±0.026 0.252±0.009
BBB 0.216±0.025 0.195±0.013 0.287±0.020 0.208±0.012

Ensemble 0.173±0.012 0.153±0.017 0.370±0.007 0.219±0.008
Proposed 0.163±0.011 0.137±0.004 0.207±0.009 0.183±0.009

MCDP and BBB involves 50 forward passes to obtain 50 samples. In contrast, the proposed
method only requires a single forward pass and is thus the most efficient during testing.

8.5.5 Experiments: Confidence Estimation

The ECE values and NCE values before and after applying a PWLM are shown in Table 8.9
and Table 8.10 respectively. It can be seen that applying a PWLM improves both ECE and
NCE for most methods while it has larger impact on NCE than ECE. The proposed method
performs the best before applying the PWLM and remains the best after applying the PWLM.

Since a PWLM is monotonic, NCE and ECE values will be affected while AUROC
and AUPRC remain unchanged as the relative order of confidence scores is unchanged.
The AUROC and AUPRC are compared in Fig. 8.5 and Fig. 8.6 for detection of AD and
depression respectively. The proposed method performs the best in terms of both AUROC and
AUPRC on both datasets, which further demonstrates its superior capability of confidence
estimation.



144 Detection of Mental Disorders and Cognitive Diseases

Table 8.10 Comparison to the baselines in terms of NCE. A larger NCE value indicates better
confidence estimation. Average and standard error of five runs are reported. The best value
in each column is shown in bold and the second best is underlined.

AD Depression
NCE (w/o PWLM) NCE (w PWLM) NCE (w/o PWLM) NCE (w PWLM)

L2 -0.138±0.047 0.103±0.011 -0.288±0.079 0.046±0.012
MCDP -0.083±0.032 0.121±0.010 -0.116±0.052 0.100±0.011
BBB -0.140±0.63 0.095±0.028 -0.171±0.077 0.073±0.017

Ensemble 0.028±0.017 0.141±0.035 -0.307±0.079 0.045±0.010
Proposed 0.066±0.038 0.210±0.030 0.048±0.028 0.155±0.007
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Fig. 8.5 Comparison to the baselines in terms
of AUROC and AUPRC for AD detection.
Average of five runs are plotted along with
standard error as error bars.
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Fig. 8.6 Comparison to the baselines in terms
of AUROC and AUPRC for depression detec-
tion. Average of five runs are plotted along
with standard error as error bars.

8.5.6 Analysis

A reject option was applied to analyse the confidence estimation performance, where the
diagnosis system has the option to accept or decline a test sample based on the confidence
prediction. As shown in Table 8.11, improved classification performance is observed for both
AD and depression detection when a confidence threshold is increased from 0.5 to 0.8. This
shows that the model provides more accurate predictions when it is more confident, which
indicates the effectiveness of the proposed confidence estimation.
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Table 8.11 A reject option based on confidence score.

Confidence AD Depression
threshold F1 ACC F1 ACC

50% 0.807 0.800 0.600 0.745
80% 0.913 0.920 0.755 0.831

8.5.7 Summary

This section investigates confidence estimation of automatic detection of Alzheimer’s disease
and depression. EDL is adopted which places a dynamic Dirichlet prior over the categorical
likelihood to model the second-order probability of model prediction. A range of metrics
have been used to evaluate the performance for detection accuracy and confidence estimation.
The results show that the proposed method clearly and consistently outperforms a range
of baselines in terms of both classification accuracy and confidence estimation for both
Alzheimer’s disease detection and depression detection. It is hoped that the proposed method
could help promote reliable and trustworthy automatic diagnostic systems. Although this
work focuses on detection based on speech information from clinical interviews, the proposed
method should also be able to be applied to other input modalities (e.g., images) and the
confidence estimation could also be useful when combining different systems.

8.6 Chapter Summary

Mental wellbeing has attracted increasing attention. This chapter studies automatic detection
of Alzheimer’s disease and depression via spontaneous speech. In order to tackle the
data sparsity challenge of automatic diagnosis systems, foundation models pretrained on
a large amount of speech data are used to transfer knowledge for speech-based automatic
depression detection. By integrating representations from multiple foundation models, SOTA
results have been achieved without the need for oracle transcriptions. In order to tackle the
reliability challenge of automatic diagnosis systems, confidence estimation methods have
been investigated for automatic detection of AD and depression. Evidential deep learning
has been adapted which uses a dynamic Dirichlet prior to model the second-order probability
of the predictive distribution. The results demonstrate that the proposed method outperforms
a range of baselines for both classification accuracy and confidence estimation. However,
it is important to acknowledge that confidence estimations in automatic diagnosis systems
can hardly guarantee perfect accuracy. Therefore, it remains essential to include warnings to
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manage user expectations and prevent over-reliance. Despite this, it is still hoped that this
method could help promote reliable and trustworthy automatic diagnostic systems.



Chapter 9

Conclusions and Future Work

This thesis focuses on emotion understanding and automatic detection of mental illness and
cognitive diseases from speech. The thesis begins with an introduction to deep learning in
Chapter 2, with commonly used building blocks explained and training algorithms discussed,
followed by the introduction to automatic emotion recognition (AER) in Chapter 3. Then,
a novel integrated system is introduced in Chapter 4 which integrates AER with speaker
diarisation and speech recognition in a jointly-trained system. Chapter 5 explores various
ways to handle ambiguity in emotion annotations. A novel Bayesian approach based on
evidential deep learning (EDL) is proposed which learns the emotional content as a distri-
bution. The proposed EDL-based method is extended to dimensional emotion attributes in
Chapter 6. Chapter 7 expands the scope beyond emotion and proposes a general framework
for simulating human annotations for general subjective tasks, which takes the variability
of human opinions into account. Chapter 8 introduces an automatic diagnosis system for
depression and Alzheimer’s disease (AD). The EDL-based approach is then modified to
estimate the confidence of deep-learning-based automatic diagnosis systems. This chapter
provides a review of contributions and offers promising prospects for future work.

9.1 Review of Contributions

Emotions are intrinsically part of human mental activity and play a key role in human
decision handling, interaction and cognitive processes. Incorporating emotional capabilities
into artificial intelligence (AI) can significantly enhance the quality and depth of human-AI
interactions. This thesis starts with the discussion of AER based on speech input. Current
speech emotion recognition systems face two major challenges: (i) mismatch of research
experiments and practical applications; (ii) inconsistent emotion annotations resulting from
ambiguous emotion expression and subjective emotion perception.
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In response to the first challenge, Chapter 4 investigates AER with automatic segmen-
tation. An integrated system is developed which integrates AER with speaker diarisation
and automatic speech recognition (ASR) in a jointly-trained system. The system consists
of a shared encoder and four distinct downstream blocks: voice activity detection, speaker
classification, ASR, and AER. Taking the audio of a conversation as input, the integrated
system finds all speech segments and transcribes the corresponding emotion classes, word se-
quences, and speaker identities. Two new metrics are proposed to evaluate AER performance
with automatic segmentation based on time-weighted emotion and speaker classification
errors. The proposed system surpasses separately optimised cascade systems in terms of both
efficiency and performance. It also greatly reduces the recognition error of emotional speech.

In response to the second challenge, Chapter 5 explores various approaches to handling
data with ambiguous emotions where human annotations diverge. Evidential deep learning
(EDL) is adopted to quantify uncertainty in emotion classification which is the first work that
detects utterances with ambiguous emotion as out-of-domain samples. Imposing a single
ground truth through majority voting can lead to under-representation of minority views.
Instead of a single emotion class, it is further proposed to represent emotion as a distribution
over emotion classes which provides a more comprehensive representation of emotion content
as well as a more inclusive representation of human opinions. A novel algorithm is then
proposed that extends EDL to quantify uncertainty in emotion distribution estimation where
the emotion labels are assumed to be drawn from an unknown likelihood distribution and
the model is trained to learn an utterance-specific prior distribution over the likelihood
distribution. The proposed method has been applied to both discrete emotion class labels
(in Chapter 5) where a multinomial likelihood and a Dirichlet prior is used and continuous
emotion attributes (in Chapter 6) where a Gaussian likelihood and a normal-inverse-gamma
prior is used.

Beyond emotion annotation, inconsistent human opinions is a common challenge for
general subjective tasks such as speech quality assessment and toxic speech detection since
human perception and behaviour exhibit inherent variability due to diverse cognitive pro-
cesses and subjective interpretation. Chapter 7 investigates human annotator simulation
(HAS) which serves as a cost-effective substitute for human evaluation, which takes variabil-
ity in human evaluation into account to better mimic the way people perceive and interact
with the world. A novel meta-learning framework is introduced which treats HAS as a
zero-shot density estimation problem. In this framework, two new model classes, conditional
integer flows and conditional softmax flows are proposed which account for ordinal and
categorical annotations respectively. The proposed method shows superior performance
and efficiency for predicting the aggregated behaviour of human annotators, matching the
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distribution of human annotations and simulating the inter-annotator disagreements. It is
hoped that the proposed method could play a part in promoting inclusivity and fairness for
ethical AI practices.

Emotion is naturally linked with mental wellbeing. Chapter 8 studies automatic detection
of depression and AD via spontaneous speech. In order to tackle the data sparsity challenge
of automatic diagnosis systems, foundation models pretrained on a large amount of speech
data are used to transfer knowledge for speech-based automatic depression detection (SDD).
It is found that finetuning pretrained speech foundation models for AER improves SDD
performance, indicating that emotion information is helpful for depression detection. By
integrating representations from multiple foundation models, state-of-the-art results are
achieved without the need for oracle transcriptions. To improve the reliability of automatic
diagnosis systems, confidence estimation methods are investigated for automatic detection
of AD and depression. The EDL approach proposed in Chapter 5 is adapted for confidence
estimation which learns a dynamic prior to model the probability of the predictive distribution.
It is hoped that this method could help promote reliable and trustworthy automatic diagnostic
systems.

9.2 Future Work

Apart from representing emotion as a distribution which has been studied in this thesis,
there might be alternative approaches for describing complex emotions. The emergence
and prevalence of large language models (LLMs), such as ChatGPT, have revolutionised
human-computer interaction which integrate multiple functions in one powerful model and
enable users to interact through natural language prompts. LLMs are large neural networks
trained on vast amounts of text data, learning the statistical properties of language. They have
demonstrated superior capabilities in contextual understanding and interpreting complex
instructions. It might be interesting to investigate the direct description of emotions through
natural language, which could better capture the nuances of complex emotions. Furthermore,
echoing the statement at the beginning of introduction, equipping LLMs with emotional
capability is a crucial step on its future development route towards a true form of artificial
intelligence.

Variability in human opinions has also been studied in this thesis. Softmax flows and
integer flows have been proposed to model such variability. Several extensions could be
carried out. First, it can be interesting to incorporate demographic information (e.g., gender,
age, cultural background) when simulating human preferences. Second, it may be worthwhile
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applying the proposed flow-based methods for other areas of application such as image
segmentation for medical tasks.

Apart from depression and Alzheimer’s disease that have been studied in the thesis, the
detection of other types of mental illnesses such as autism, bipolar disorder, and suicidal
risk, which can largely impact the quality of life, has also gathered rising interest. Instead
of training separate models for each disease as binary tasks (e.g., one model to detect
depression and another to detect AD), developing a model that can simultaneously detect
multiple mental health conditions is more advantageous. Such a system would function
similarly to a mental health clinician who can diagnose whether an individual is healthy,
depressed, autistic, or experiencing a combination of several disorders. This integrated
approach mirrors the expertise of a mental health clinician and is more practically useful,
providing a comprehensive assessment of an individual’s mental health. The aforementioned
LLMs with emotional capabilities can be useful for the development of such mental health
expert system. Moreover, interpretability in automatic diagnosis systems is another important
research direction with the potential to enhance both the reliability of these systems and
our understanding of diseases. As AI models become increasingly complex and black-box,
concerns about explainability grow. Gaining insights into how these models make decisions
can help users better understand and, in turn, decide whether to trust the outcomes.
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Appendix A

Published Papers Related to the Thesis

This chapter provides detail of published papers related to the thesis, which includes papers
directly covered by the thesis (Appendix A.1) and papers related to but not included in the
thesis (Appendix A.2)1.

A.1 Papers Included in the Thesis

This section describes the papers published during the PhD study which have been covered
by the thesis. The list of published papers directly included in the thesis is listed in Table A.1
along with the corresponding chapters related to these publications.

Wu et al. (2023b) Wu, W., Zhang, C., and Woodland, P. C. (2023). Integrating emotion
recognition with speech recognition and speaker diarisation for conversations. In Proceedings
of Interspeech 2023.

This paper proposes a system that integrates emotion recognition with speech recognition
and speaker diarisation in a jointly-trained model. The system investigates emotion recog-
nition with automatic segmentation to address the issue of lacking manual segmentation
in practical applications. The system also improves recognition performance on emotional
speech with a 12% reduction in relative word error rate with automatic segmentation. The
time-weighted emotion error rate and the speaker-attributed time-weighted emotion error
rate were proposed to evaluate emotion classification performance when segmentation is
non-oracle.

1Only (co-)first author publications are considered.
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Table A.1 List of published papers included in the thesis.

Paper Title Reference Related Chapter

Integrating emotion recognition with speech
recognition and speaker diarisation for conversa-
tions

Wu et al. (2023b) Chapter 4

Handling ambiguity in emotion: from out-of-
domain detection to distribution estimation

Wu et al. (2024b) Chapter 5

Estimating the uncertainty in emotion attributes
using deep evidential regression

Wu et al. (2023a) Chapter 6

Modelling variability in human annotator simu-
lation

Wu et al. (2024a) Chapter 7

Self-supervised representations in speech-based
depression detection

Wu et al. (2023c) Chapter 8

Confidence estimation for automatic detection
of depression and Alzheimer’s disease based on
clinical interviews

Wu et al. (2024c) Chapter 8

Wu et al. (2024b) Wu, W., Li, B., Zhang, C., Chiu, C.-C., Li, Q., Bai, J., Sainath, T. N.,
and Woodland, P. C. (2024). Handling ambiguity in emotion: From out-of-domain detection
to distribution estimation. In Proceedings of the 62st Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers) (ACL 2024).

This work re-examines the emotion classification problem, starting with an exploration of
ways to handle data with ambiguous emotions. It is first shown that incorporating ambiguous
emotions as an extra class reduces the classification performance of the original emotion
classes. Then, evidence theory is adopted to quantify uncertainty in emotion classification
which allows the classifier to output “I don’t know” when it encounters utterances with
ambiguous emotion. The model is trained to predict the hyperparameters of a Dirichlet
distribution, which models the second-order probability of the probability assignment over
emotion classes. This is the first work that treats ambiguous emotion as OOD and detects it by
uncertainty estimation, and is also the first work that applies EDL to quantify uncertainty in
emotion classification. Furthermore, to capture finer-grained emotion differences, the emotion
classification problem is transformed into an emotion distribution estimation problem. All
annotations are taken into account rather than only the majority opinion. A novel approach
is proposed which extends standard EDL to quantify uncertainty in emotion distribution
estimation. Experimental results show that given an utterance with ambiguous emotion the
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proposed approach is able to provide a comprehensive representation of its emotion content
as a distribution with a reliable uncertainty measure.

Wu et al. (2023a) Wu, W., Zhang, C., and Woodland, P. C. (2023). Estimating the
uncertainty in emotion attributes using deep evidential regression. In Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers)
(ACL 2023).

This paper proposes deep evidential emotion regression (DEER) for estimating aleatoric
and epistemic uncertainty in emotion attributes. Treating observed attribute-based annotations
as samples drawn from a Gaussian distribution, DEER places a normal-inverse gamma (NIG)
prior over the Gaussian likelihood. A novel training loss is proposed which combines
a per-observation-based negative log likelihood loss with a regulariser on both the mean
and the variance of the Gaussian likelihood. Experiments on both the MSP-Podcast and
IEMOCAP datasets show that DEER can produce SOTA results in estimating both the mean
value and the distribution of emotion attributes. The use of NIG, the conjugate prior to the
Gaussian distribution, leads to tractable analytic computation of the marginal likelihood as
well as aleatoric and epistemic uncertainty associated with attribute prediction. Uncertainty
estimation is analysed by visualisation and a reject option.

Wu et al. (2024a) Wu, W., Chen, W., Zhang, C., and Woodland, P. (2024). Modelling
variability in human annotator simulation. In Findings of the Association for Computational
Linguistics: ACL 2024.

This paper studies human annotator simulation (HAS), a cost-effective alternative to
generating human-like annotations for automatic data labelling and model evaluation. A novel
framework is proposed to incorporate the variability of human evaluations into HAS. This
framework leverages diverse annotations to estimate the distribution of categorical human
annotations by meta-learning a conditional softmax flow (S-CNF) on large crowd-sourced
datasets. This overcomes the drawbacks of prior work and enables efficient generation of
annotations that exhibit human-like variability for unlabelled test inputs. The proposed
method clearly and consistently outperformed a wide range of methods on emotion class
labelling and toxic speech detection, achieving the best performance for matching human
annotation distributions and inter-annotator disagreement simulation. Apart from the S-CNF
proposed in Wu et al. (2024a), conditional integer flow (I-SNF) is introduced in Chapter 7 to
model ordinal annotations.
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Wu et al. (2023c) Wu, W., Zhang, C., and Woodland, P. C. (2023). Self-supervised
representations in speech-based depression detection. In Proceedings of IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP 2023).

This paper studies the use of SSL representations in speech-based depression detection
(SDD). Block-wise analysis of the foundation models implies that word meaning information
is helpful in SDD. Finetuning pretrained speech foundation models for AER improves SDD
performance, indicating that some indicators are shared between AER and SDD. SDD
performance when using ASR transcriptions matches that of using reference transcriptions
when combined with the hidden representations derived from an ASR-fine-tuned foundation
model. The ensemble of speech and text foundation models produced the SOTA F1 score of
0.89 on DAIC-WOZ dataset without using the reference transcriptions.

Wu et al. (2024c) Wu, W., Zhang, C., and Woodland, P. C. (2024). Confidence estimation
for automatic detection of depression and Alzheimer’s disease based on clinical interviews.
In Proceedings of Interspeech 2024.

This paper investigates confidence estimation of automatic detection of Alzheimer’s
disease and depression. A novel Bayesian approach is proposed which places a dynamic
Dirichlet prior over the categorical likelihood to model the second-order uncertainty of
model prediction. A range of metrics are adopted to evaluate the performance for detection
accuracy and confidence estimation. Experiments were conducted on the AD dataset ADReSS
and depression dataset DAIC-WOZ. Results show that the proposed method clearly and
consistently outperforms a range of baselines in terms of both classification accuracy and
confidence estimation for both Alzheimer’s disease detection and depression detection.

A.2 Papers Related to the Thesis

This section presents several additional published papers, the background of which are related
to the thesis. This includes earlier published papers on AER2, works initiated prior to the
commencement of the PhD programme, and a paper on AD detection where W. W. is the
co-first author3. The details are listed in Table A.2.

2The methods of these earlier works are now out-dated and have been replaced by improved approaches in
later publications.

3This work would be included in the other co-first author’s thesis.
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Table A.2 List of additional published papers related to the thesis.

Paper Title Reference

Emotion recognition by fusing time synchronous and time asyn-
chronous representations

Wu et al. (2021)

Estimating the uncertainty in emotion class labels with utterance-
specific Dirichlet priors

Wu et al. (2022e)

Distribution-based emotion recognition in conversation Wu et al. (2022d)

Climate and weather: Inspecting depression detection via emotion
recognition

Wu et al. (2022c)

Transferring speech-generic and depression-specific knowledge
for Alzheimer’s disease detection

Cui et al. (2023)

Wu et al. (2021) Wu, W., Zhang, C., and Woodland, P. C. (2021). Emotion recognition by
fusing time synchronous and time asynchronous representations. In Proceedings of IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP 2021).

This paper proposes a novel structure for AER which consists of a time synchronous
branch that aligns MFB and word embeddings to capture the correlations between each word
and its acoustic realisations at each time step, and a time asynchronous branch integrates
the BERT sentence embeddings from context utterances. The novel two-branch structure
achieved SOTA on IEMOCAP dataset4 and the use of automatic transcriptions has also been
investigated. This paper is primarily based on work conducted during W. W.’s MPhil study
and has already been included in W. W.’s MPhil thesis (Wu, 2020).

Wu et al. (2022e) Wu, W., Zhang, C., Wu, X., and Woodland, P. (2022). Estimating
the uncertainty in emotion class labels with utterance-specific Dirichlet priors. in IEEE
Transactions on Affective Computing, vol. 14, no. 4, pp. 2810-2822, 1 Oct.-Dec. 2023 (Early
access since Nov. 2022).

This work builds on the structure of Wu et al. (2021) and starts to address the dis-
agreement in emotion class annotations by a Dirichlet prior network (DPN)5. The EDL*
method introduced in Chapter 5 is an improved version of this work. Both methods
involve a Dirichlet distribution, but the improvement lies in the problem formulation.

4It achieved SOTA on the IEMOCAP dataset at the time of publication but has now been surpassed by
foundation models. The method is now out-dated, replaced by foundation-model-based structures.

5The EDL* method introduced in Chapter 5 and the approach proposed in Wu et al. (2022e) both learn a
Dirichlet prior. In a broad sense, both can be considered as Dirichlet prior networks. However, for the sake
of distinction here, the approach proposed in Wu et al. (2022e) is called DPN and the method introduced in
Chapter 5 is called EDL*.
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In DPN, individual emotion class labels provided by human annotators are treated as
one-hot categorical distributions ({π𝑚}𝑀𝑚=1) and the model is trained by maximising the
likelihood of sampling those one-hot categorical distributions given the Dirichlet prior:
LNLL

DPN = log p({π𝑚}𝑀𝑚=1 |α). However, the EDL* method preserves the target emotion labels
as discrete class labels ({y𝑚}𝑀𝑚=1) which are drawn from an unknown categorical likeli-
hood (π). The model is then trained by maximising the likelihood of sampling discrete
labels given the Dirichlet prior by marginalising out all possible categorical distributions:
LNLL

EDL* = log P({y𝑚}𝑀𝑚=1 |α) = log
∫

P({y𝑚}𝑀𝑚=1 |π)p(π |α)dπ. EDL* improves over DPN
in two aspects: (i) training stability and (ii) preserving or even boosting classification accu-
racy, whereas DPN greatly reduces it.

Wu et al. (2022d) Wu, W., Zhang, C., and Woodland, P. C. (2022d). Distribution-based
emotion recognition in conversation. In Proceedings of IEEE Spoken Language Technology
Workshop (SLT 2022).

This paper is a follow-up work for Wu et al. (2022e) which applies DPN to emotion
recognition in conversation where the emotion state of an utterance is represented by a
categorical distribution which depends on the context information and emotion states of
the previous utterances in the dialogue. Both the reference transcriptions and the reference
segmentation were used in this work.

Wu et al. (2022c) Wu, W., Wu, M., and Yu, K. (2022). Climate and weather: Inspect-
ing depression detection via emotion recognition. In Proceedings of IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP 2022).

This paper also builds on the structure of Wu et al. (2021). It investigates the knowledge
transfer from emotion recognition to depression detection. A robust depression detection
method is derived from utilising emotion features extracted from the pretrained emotion
model, which achieved an F1 score of 0.87 on DAIC-WOZ development set while the refer-
ence transcriptions were used. It also reveals that depression data shows diverse emotional
content and emotion expressed through audio and text modalities are sometimes inconsistent,
which provides clues for understanding the relationship between emotion and depression, in
particular how healthy/depressed subjects express their emotions. As stated in footnote 4, the
backbone method is now out-dated, replaced by foundation-model-based approaches (i.e.,
Wu et al. (2023c)). This work is instead compared as a baseline in Table 8.7.
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Cui et al. (2023) Cui, Z.*, Wu, W.*6, Zhang, W.-Q., Wu, J., and Zhang, C. (2023).
Transferring speech-generic and depression-specific knowledge for Alzheimer’s disease
detection. In Proceedings of IEEE Automatic Speech Recognition and Understanding
Workshop (ASRU 2023).

This paper investigates speech-generic and depression-specific knowledge transfer for
Alzheimer’s disease detection. It applies the similar approach in Section 8.4 to investigate
the use of speech-generic knowledge based on a block-wise analysis with several speech
foundation models, which founds the importance of phonetic information and word-level in-
formation in AD diagnosis. An end-to-end system structure is then proposed for simultaneous
detection of both AD and depression. The system contains a shared encoder which captures
the cross-domain information between the AD and depression detection tasks and separate
processing streams for each task to retain their domain-specific knowledge. Improvements
are observed for both tasks that imply the connection between AD and depression.

6W. W. is a co-first author of this work.





Appendix B

Datasets Used in the Thesis

The datasets used in this thesis is listed in Table B.1. The datasets that have not been
described in detail in the main text are introduced below.

Table B.1 List of datasets used in the thesis.

Dataset Reference Cross Reference Related Chapter

IEMOCAP Busso et al. (2008) Section 3.3.2 Chapter 4, 5
CREMA-D Cao et al. (2014) Section 3.3.2 Chapter 5

MSP-Podcast Lotfian and Busso (2019) Section 3.3.2 Chapter 6, 7
HateXplain Mathew et al. (2021) Section 7.3.2 Chapter 7

SOMOS Maniati et al. (2022) Section 7.3.3 Chapter 7
DAIC-WOZ DeVault et al. (2014) Section 8.2.1 Chapter 8

ADReSS Luz et al. (2020) Section 8.2.2 Chapter 8
LibriSpeech Panayotov et al. (2015) Appendix B.1 Chapter 4
Voxceleb 1 Nagrani et al. (2017) Appendix B.2 Chapter 4

AMI Meeting Carletta et al. (2005) Appendix B.3 Chapter 4
LJ Speech Ito and Johnson (2017) Appendix B.4 Chapter 7

B.1 LibriSpeech

The LibriSpeech corpus (Panayotov et al., 2015) is a collection of approximately 1,000 hours
of English audiobooks recordings from around 2.5k speakers. It is a widely used dataset for
ASR. The corpus is split into train, development (dev), and test sets. The full training set is
split into 3 partitions of “train-clean-100”, “train-clean-360”, and “train-other-500” subsets
where he number in each set indicates the number of hours of recordings. The set named
“clean” contains only selected low-error speech that can be assumed to be clean while sets
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with “other” may contain more challenging audio samples. The ‘train-clean-100’ training set
is often used on its own to either investigate low-data scenarios, or for quick experiments
to determine model-related hyper-parameters before running experiments at a larger scale.
The dev and test sets are also split into “clean” and “other” categories, resulting in four
subsets “dev-clean”, “dev-other”, “test-clean”, and “test-other”. Each of the dev and test
sets is around 5 hours of audio length. The corpus contains around 290k utterances and is
designed to be roughly balanced in terms of gender and per-speaker duration. The average
duration of an utterance is 12 s.

B.2 Voxceleb 1

The VoxCeleb 1 dataset (Nagrani et al., 2017) contains 100k+ utterances for 1.2k celebrities,
extracted from videos uploaded to YouTube. It is widely used for speaker identification tasks.
The dataset is roughly gender balanced, with 55% of the speakers male. The speakers span a
wide range of different ethnicities, accents, professions and ages. The videos are also shot
in various acoustic environments such as on the red carpet, outdoor stadiums, quiet studio
interviews, and speeches given to large audiences. The videos are degraded with real world
noise, consisting of background chatter, laughter, overlapping speech, room acoustics, and
there is a range in the quality of recording equipment and channel noise. The corpus contains
about 150k samples in total. The average duration of an utterance is 8.2 s.

B.3 AMI Meeting Corpus

The augmented multi-party interaction (AMI) meeting corpus (Carletta et al., 2005) consists
of 100 hours of meeting recordings from 100+ speakers. In each recording, several people
discussed technical projects in English. The AMI corpus is widely used for ASR and speaker
diarisation. It is split into train, dev and eval sets, where the train set contains 80 hours of
audio and the other two contain 10 hours each. Each meeting contains between 10 and 60
minutes of audio data and the average duration of each meeting is 35 minutes.

B.4 LJ Speech

The LJ Speech dataset (Ito and Johnson, 2017) is a public domain speech dataset consisting
of 13,100 short audio clips of a single speaker reading passages from 7 non-fiction books. A
transcription is provided for each clip. Clips vary in length from 1 to 10 seconds and have
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a total length of approximately 24 hours. The mean clip duration is 6.6 s. The texts were
published between 1884 and 1964, and are in the public domain. The average number of
words per clip is 17.2. The LJ Speech dataset has been used for generating the SOMOS
dataset (see Section 7.3.3).





Appendix C

Further Visualised Examples for
Section 5.4

This section shows more examples for emotion distribution estimation via evidential deep
learning on IEMOCAP (Fig. C.1) and CREMA-D (Fig. C.2). The abbreviation of compared
methods are summarised below:

• Label: the “soft label”, which corresponds to the relative frequency of occurrence;

• MLE: a deterministic classification network with softmax activation trained by the
cross-entropy loss;

• MCDP: a Monte-Carlo dropout model;

• Ensemble: an ensemble of 10 MLE models;

• EDL: the EDL method proposed in Section 5.3;

• MLE*: the “soft label” approach;

• EDL*(R1): the EDL* systems proposed using regularisation terms defined in Eqn. 5.17;

• EDL*(R2): the EDL* systems proposed using regularisation terms defined in Eqn. 5.18.

Aligned with the findings in Section 5.4.5, EDL* methods can better approximate the
distribution of emotional content of an utterance.
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Fig. C.1 More visualised examples for emotion distribution estimation via evidential deep
learning on IEMOCAP.
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Fig. C.2 More visualised examples for emotion distribution estimation via evidential deep
learning on CREMA-D.





Appendix D

Derivations in Chapter 7

Detailed derivations for the training objectives on a single event d𝑖 = {x𝑖,D𝑖} where
D𝑖 = {η (1)𝑖 , · · · ,η (𝑀)

𝑖
} are presented in this section. For the simplicity of notation, the

subscription 𝑖 in the derivations will be omitted without ambiguity where possible. The
meta-learning objectives presented in the paper are obtained by averaging such single-task
objectives across tasks.

D.1 Objective Function for the Base CNF and I-CNF

Denote the empirical human annotation distribution as p𝑚 (y |x) = 𝛿

(
y − η (𝑚)

)
, 𝑚 =

1, · · · , 𝑀 and model output distribution as pθ (y |x). The average KL divergence between
them over all 𝑀 human annotations for this input x is given by:

L(θ; d) = 1
𝑀

𝑀∑︁
𝑚=1
KL

(
p𝑚 (y |x) ∥ pθ (y |x)

)
=

1
𝑀

𝑀∑︁
𝑚=1

∫
p𝑚 (y |x) log

p𝑚 (y |x)
pθ (y |x)

dy

= − 1
𝑀

𝑀∑︁
𝑚=1

∫
p𝑚 (y |x) log pθ (y |x)dy + const

= − 1
𝑀

𝑀∑︁
𝑚=1

log pθ (η (𝑚) |x) + const

(D.1)

Minimising this KL objective is equivalent to maximising the average log likelihood log pθ (η (𝑚) |x)
over all human annotations as presented in the paper. With numerical approximation, the
training objective for I-CNF shares the same formula as that for the base CNF.
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D.2 Objective Function of S-CNF

For categorical annotations, each label η (𝑚) represents the probabilities of all categories
in the categorical human annotation distribution: η (𝑚) = [η (𝑚)1 , · · · ,η (𝑚)

𝐾
], where η (𝑚)

𝑘
=

P𝑚 (𝑐 = 𝑘 |x). Denote the model output distribution as Pθ (𝑐 |x). The average KL divergence
between them over all 𝑀 human annotations for this input x is given by:

Lexact(θ; d) = 1
𝑀

𝑀∑︁
𝑚=1
KL (P𝑚 (𝑐 |x) ∥ Pθ (𝑐 |x))

=
1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

P𝑚 (𝑐 = 𝑘 |x) log
P𝑚 (𝑐 = 𝑘 |x)
Pθ (𝑐 = 𝑘 |x)

= − 1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

P𝑚 (𝑐 = 𝑘 |x) log Pθ (𝑐 = 𝑘 |x) + const

= − 1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

η (𝑚)
𝑘

log Pθ (𝑐 = 𝑘 |x) + const,

(D.2)

where the marginal likelihood is lower bounded using variational inference:

log Pθ (𝑐 = 𝑘 |x) = log
∫

P(𝑐 = 𝑘 |v)pθ (v |x)dv

= log
∫

q𝛀(v |η)
P(𝑐 = 𝑘 |v)pθ (v |x)

q𝛀(v |η)
dv

≥
∫

q𝛀(v |η) log
P(𝑐 = 𝑘 |v)pθ (v |x)

q𝛀(v |η)
dv

= Eq𝛀 (v |η)
[
log P(𝑐 = 𝑘 |v) + log pθ (v |x) − log q𝛀(v |η)

]
.

(D.3)

Therefore, the final negative ELBO objective is obtained by

Lexact = − 1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

η (𝑚)
𝑘

log Pθ (𝑐 = 𝑘 |x)

≤ − 1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

η (𝑚)
𝑘
Eq𝛀 (v |η (𝑚) )

[
log P(𝑐 = 𝑘 |v) + log pθ (v |x) − log q𝛀(v |η (𝑚))

]
= − 1

𝑀

𝑀∑︁
𝑚=1

Eq𝛀 (v |η (𝑚) )

[
𝐾∑︁
𝑘=1

η (𝑚)
𝑘

log P(𝑐 = 𝑘 |v) + log pθ (v |x) − log q𝛀(v |η (𝑚))
]

= L(θ,𝛀; d),
(D.4)
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where

log P(𝑐 = 𝑘 |v) = logsoftmax(v)𝑘 , (D.5)

log pθ (v |x) = p𝚲
(
f−1

θ (v) |x
) �����det

(
𝜕f−1

θ
(v)

𝜕v

)����� , (D.6)

log q𝛀(v |η (𝑚)) = N(v |µ𝛀(η (𝑚)), diag(σ2
𝛀(η

(𝑚)))). (D.7)

D.3 The Negative Log Likelihood (NLLall) for Categorical
Annotations

The marginal likelihood of S-CNF is intractable, but can be approximated using Monte Carlo
simulation:

Pθ (𝑐 = 𝑘 |x) =
∫

P(𝑐 = 𝑘 |v)pθ (v |x)dv

= Epθ (v |x) [P(𝑐 = 𝑘 |v)]

≈ 1
𝑄

𝑄∑︁
𝑗=1

P(𝑐 = 𝑘 |v 𝑗 ), {v 𝑗 }𝑄𝑗=1 ∼iid pθ (v |x)

=
1
𝑄

𝑄∑︁
𝑗=1

softmax(v 𝑗 )𝑘 , {v 𝑗 }𝑄𝑗=1 ∼iid pθ (v |x)

= ȳ𝑘 ,

(D.8)

where ȳ = 1
𝑄

∑𝑄

𝑗=1 softmax(v 𝑗 ) = 1
𝑄

∑𝑄

𝑗=1 y 𝑗 is the average of the simulated categorical
distributions. Let η̄ = 1

𝑀

∑𝑀
𝑚=1 η (𝑚) be the average label. Then, the NLLall

𝑖
for a single input

x𝑖 is given by

NLLall
𝑖 = − 1

𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

η (𝑚)
𝑖,𝑘

log Pθ (𝑐 = 𝑘 |x𝑖)

≈ − 1
𝑀

𝑀∑︁
𝑚=1

𝐾∑︁
𝑘=1

η (𝑚)
𝑖,𝑘

log ȳ𝑖,𝑘

= −
𝐾∑︁
𝑘=1

η̄𝑖,𝑘 log ȳ𝑖,𝑘 ,

(D.9)

which is the cross-entropy between the averaged label and averaged sample.
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Further Visualised Examples for
Chapter 7

E.1 Further Visualised Examples for I-CNF

This section presents several additional visualised cases for speech quality evaluation. The
abbreviation of compared methods are summarised below:

• Label: human annotations provided in the dataset;

• MCDP: Monte-Carlo dropout;

• BBB: Bayes-by-backprop with a standard Gaussian prior;

• Ensemble: deep ensemble of 10 systems;

• CVAE: conditional variational autoencoder.

Generated samples (before rounding) are plotted in the sub-figures on the left. For clearer
visualisation, the samples are spread along 𝑦 axis according to density to avoid overlapping.
As can be seen, samples generated by the proposed I-CNF method (in blue) can better
simulate the diversity of human annotations (in pink).
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Fig. E.1 Additional visualisation of simulated annotations on the speech quality assessment
task for case study. For the visualisation purpose, the points that have same 𝑥 values are
spread along 𝑦-axis according to density to avoid overlapping.
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E.2 Further Visualised Examples for S-CNF

This section shows additional visualised examples for emotion class labelling when human
annotators reach a consensus (Fig. E.2 (a)(b)), diverge (Fig. E.2 (c)(d)), and give distinct
labels (Fig. E.2 (e)). The abbreviation of compared methods are summarised below:

• MCDP: Monte-Carlo dropout;

• Ensemble: deep ensemble of 10 systems;

• BBB: Bayes-by-backprop with a standard Gaussian prior;

• A-CNF: conditional argmax flow.

As can be seen, the proposed S-CNF can better simulate the aggregated behaviour as
well as the variability of human annotations in all cases.
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(b) Utterance “MSP-PODCAST_0566_0220”
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(c) Utterance “MSP-PODCAST_0584_0145.wav”
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(e) Utterance “MSP-PODCAST_0587_0073.wav”

Fig. E.2 Additional visualised examples for emotion class labelling. The 𝑦-axis corresponds
to the probability mass. Each sample is a categorical distribution. The probability mass
values of different categories in each categorical distribution are connected for the purpose
of better visualisation. CVAE is omitted because it collapses to one category for all inputs.
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