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Abstract

Abstract

Multi-modal emotion recognition is of interest for human-robot interaction, given
its relation to how humans express emotional cues across various modalities and
its complex nature. Two widely applied approaches for emotion recognition in-
volve identification through (i) categories (e.g., anger, happiness, sadness, etc.) or
through (ii) dimensions (i.e., the continuous state through valence and arousal).
However, predicting the continuous state of emotion has remained challenging de-
spite the recent progress in the field of emotion recognition. Most multi-modal
approaches leverage the audio-visual (AV) features in a highly correlated form,
creating an implicit bias while doing feature learning. Additionally, current meth-
ods focus on data-hungry supervised learning requiring annotated data collection.
In this proposed study, we present a multi-modal dimensional emotion recognition
approach to leverage salient AV features by keeping these modalities isolated from
each other. We curate two di↵erent models, one for the audio and the other for
the visual aspect, training them using the TED-LIUM corpus (dataset for speech
recognition in English) and FaceSynthetics (a synthetic dataset for facial land-
mark embeddings), respectively. Finally, we use IEMOCAP (dyadic conversation-
based audio-visual dataset) to evaluate the models for dimensional emotion recog-
nition. Using an iterative pre-training approach by training the encoder with
non-contrastive learning and contrastive learning, the model achieves a mean per-
formance gain of 11% across the three dimensions of valence, arousal and domi-
nance over previous state-of-the-art models while being on par with the current
best model. Furthermore, the study reveals a strong correlation between speech
and arousal and a positive correlation between valence and visual aspects. Fi-
nally, we discuss the e↵ectiveness of synthetic data, its challenges and future work.
Code for all the models and experiments is available at: https://git.informatik.uni-
hamburg.de/0arora/audio visual emotion recognition.
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Abstract

Zusammenfassung

Die multimodale Erkennung von Emotionen ist für die Mensch-Roboter-Interaktion
von Interesse, da sie mit der Art und Weise zusammenhängt, wie Menschen ihre
Emotionen über verschiedene Modalitäten ausdrücken, und weil sie sehr komplex
ist. Zwei weit verbreitete Ansätze zur Erkennung von Emotionen beinhalten die
Identifizierung anhand von (i) Kategorien (z. B. Wut, Freude, Traurigkeit usw.)
oder anhand von (ii) Dimensionen (d. h. der kontinuierliche Zustand anhand
von Valenz und Erregung). Die Vorhersage des kontinuierlichen Zustands von
Emotionen ist jedoch trotz der jüngsten Fortschritte auf dem Gebiet der Emotion-
serkennung eine Herausforderung geblieben. Die meisten multimodalen Ansätze
nutzen die audiovisuellen (AV) Merkmale in einer stark korrelierten Form, was
zu einer impliziten Verzerrung beim Lernen der Merkmale führt. Darüber hinaus
konzentrieren sich die derzeitigen Methoden auf datenintensives überwachtes Ler-
nen, das eine kommentierte Datensammlung erfordert. In dieser Studie stellen wir
einen multimodalen dimensionalen Emotionserkennungsansatz vor, der au↵ällige
AV-Merkmale nutzt, indem diese Modalitäten voneinander isoliert werden. Wir
erstellen zwei verschiedene Modelle, eines für den Audio- und eines für den vi-
suellen Aspekt, und trainieren sie mit dem TED-LIUM-Korpus (Datensatz für die
Spracherkennung in Englisch) bzw. FaceSynthetics (ein synthetischer Datensatz
für die Einbettung von Gesichtsmerkmalen). Schließlich verwenden wir IEMOCAP
(dyadischer, konversationsbasierter audiovisueller Datensatz), um die Modelle zur
dimensionalen Emotionserkennung zu evaluieren. Unter Verwendung eines itera-
tiven Pre-Training-Ansatzes, bei dem der Encoder mit nicht-kontrastivem Lernen
und kontrastivem Lernen trainiert wird, erreicht das Modell einen durchschnit-
tlichen Leistungsgewinn von 11% über die drei Dimensionen Valenz, Erregung und
Dominanz im Vergleich zu früheren State-of-the-Art-Modellen, während es mit
dem derzeit besten Modell gleichzieht. Darüber hinaus zeigt die Studie eine starke
Korrelation zwischen Sprache und Erregung und eine positive Korrelation zwis-
chen Valenz und visuellen Aspekten. Abschließend diskutieren wir die E↵ektivität
synthetischer Daten, die Herausforderungen und die zukünftige Arbeit. Der Code
für alle Modelle und Experimente ist verfügbar unter: https://git.informatik.uni-
hamburg.de/0arora/audio visual emotion recognition.
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Chapter 1

Introduction

Machine Learning (ML) and Artificial Intelligence (AI) paradigms have revolu-
tionised over the past decade. With the introduction of Deep Learning (DL) ap-
proaches, the space of Human-Computer Interaction (HCI) has seen revolutionary
progress in terms of performance. It has helped enable multiple real-world appli-
cations in this field [36, 40] to solve real-world problems. Most, if not all, State-
of-the-Art (SOTA) AI systems use some Deep Neural Networks (DNNs) [46, 121].
Most of these systems train using large amounts of annotated data through Super-
vised Learning (SL), leading to logarithmic performance gain through annotated
data set sizes [48, 119]. Dominant and confined to the field of Computer Vision
(CV) [44], the investment and, thus, the availability of annotated data is finite in
the language-related domains [88]. Furthermore, the cost of collecting and making
the annotated data available is a significant and time-consuming barrier [33].

The lack of annotated data has led to increased attention towards Unsuper-
vised Learning (UL) and majorly Self-Supervised Learning (SSL), where the learn-
ing takes place without the annotated data by exploiting the supervisory signals
present within the data [67]. Recent successes [27, 105, 106] and some promising
results [49, 118, 130] have motivated further research. Representation Learning
(RL), a subset of SSL, has been the choice in recent years, leveraging the use of
un-annotated data available in abundance to improve the e�ciency of learning and
quality of representations across modalities, including audio [11], visual [18, 37],
and textual [28] domains.

The use of the SSL approach for learning e↵ective Audio and Visual (AV) repre-
sentations [9, 29, 87, 92, 93, 99] has enabled more human-like interactions between
humans and computers [69]. Emotion Recognition (ER), being one of them, is a
crucial research area for not only analysing human-to-human conversations but also
for facilitating better HCI [123, 113]. It is a highly complex and challenging prob-
lem as humans emit and perceive emotions through gestures, facial expressions,
body movements, and vocal tone [104], with the most expressive channels being
the non-verbal modes of communication [115, 103]. Besides that, the conveyed
emotions are very diverse across individuals and cultures [7, 103]. ER branches
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Chapter 1. Introduction

Figure 1.1: A 2D emotional space for discrete emotions showcasing valence and
arousal [32, 86].

out in two di↵erent ways, (i) as a discrete classification problem (detection of dis-
crete emotions, e.g., categorical emotions like happiness, sadness or anger), or (ii)
as a continuous regression problem (predicting the distribution of the recognised
emotion in a 3D space, e.g., dimensional emotions depicting continuous values of
valence, arousal and dominance).

As shown in figure-1.1 [32, 86], valence and arousal, along with the third di-
mension of dominance, are widely used for estimating emotions in a continuous
domain. Valence reflects pleasant to unpleasant responses, while arousal reflects
the energy or intensity of those responses [104]. The third dimension of domi-
nance (not represented in the figure) reflects the relative strength or loudness of
the speech compared to background noise or other non-speech sounds. This con-
tinuity makes Dimensional Emotion Recognition (DER) challenging because it is
harder to locate the emotions in these three dimensions of valence, arousal, and
dominance than to predict the category due to the absence of temporal boundaries
in human emotions [24].

Recent work on ER has shown substantial results, especially in the multi-modal
domain. The McGurk e↵ect [80, 91] suggests that visual information heavily in-
fluences the auditory experience. The findings of this strong association between
the AV aspects (speech and facial features) [55, 13, 54, 59] led to the introduc-
tion of the Single Stream Network (SSNet) for shared latent space representation.
Similarly, it gave rise to an AV fusion technique [79, 101, 103, 104], which jointly
fuses the features from both modalities. Finally, Nagrani et al. [90] and Li et
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1.1. Motivation

al. [69] respectively show the self-supervised way of learning the cross-modal and
speech embeddings. However, most learning techniques mentioned use clean and
curated datasets [107]. Besides, most feature learning occurs through video frames
with highly correlated AV feature sets. The words, phonemes and expressions are
all in sync and aligned, forming a bias in the salient feature learning of the AV
aspect. There is also a need for more variety regarding facial identities and vocal
tones. Another aspect is the heavy reliance on large datasets, focusing on fully SL
in already mentioned approaches [78]. It not only limits the learning capabilities,
as creating such large datasets is expensive, but the downstream applications are
also limited.

Hence, there is a need for approaches where smaller network architectures can
learn quality representation using limited amounts of unannotated data. For in-
stance, the Contrastive Predictive Coding (CPC) [94] technique can extract valu-
able representations from sequential data and achieves competitive performance
on various tasks, including speaker classification and identification in speech [69].
On top of that, there is a need to put forward an alternative way of curating
the datasets other than by capturing them in the real world, which, as already
mentioned, is expensive and time-consuming. Creating synthetic data leads us
towards that alternative solution, showing good generalising capabilities on real-
world in-the-wild data [129]. In addition, the synthetic data has demonstrated
great opportunities for learning embeddings which would be impossible to anno-
tate through manual processes [129, 5].

1.1 Motivation

The main focus of this study is to evaluate the dimensions of discrete emotions
when speech and facial information is not synchronised [62]. Thus, the work fo-
cuses on the perception of the emotion rather than its recognition. We base our
analysis on considering the established achievements of SSL.

As dealing with raw audio is itself challenging, hence multiple recent works have
taken the approach of converting the raw speech into some form of intermediate
state like spectrograms [95], log-mel spectrograms [81, 25] or Mel-frequency Cep-
stral Coe�cients (MFCCs) [42]. This intermediate state changes the approach and
converts the problem of the speech domain into a problem in the visual domain.
The primary task is to encode the emotional attributes in the speech without su-
pervision, keeping the analysis constrained to the audio domain. The secondary
task is to encode the facial emotional expressions using synthetic data and apply
these encoded representations to real-world data for feasibility analysis. Finally,
the aim is to focus on these tasks in an isolated manner while still being able to
correlate the findings.

3



Chapter 1. Introduction

Figure 1.2: Step-by-step approach for dimensional emotion analysis using speech
model.

With the motivation to find the dimensional emotion correlation in AV do-
mains, this thesis aims to provide a valuable contribution towards understanding
and improving the HCI.

1.2 Approach

The approach mainly consists of isolating the two modalities, vision and speech.
The task involves learning the audio and visual feature representations in an un-
aligned manner, hence finding the association between the representations and the
dimensions of the emotions as part of this study.

Figure 1.3: Step-by-step approach for dimensional emotion analysis using visual
model.

The speech modality task is divided into three stages, as shown in figure-1.2.
The first stage involves activities from data acquisition to data pre-processing.

4



1.3. Research Question(s)

Once the data pre-processing concludes, it passes as input into a pre-trained
model to create pseudo-labels, a pre-requisite for the second stage. During the
second stage, the execution of the pre-training of the model designed for learn-
ing speech representation takes place using the Non-Contrastive Learning (NCL)
method through the pre-processed data without the pseudo-labels. The model is
then further pre-trained through Contrastive Learning (CL), but this time with
negative samples created using the pseudo-labels. Finally, the third and last stage
involves fine-tuning the model encoder created in the previous stage on a cross-
domain dataset for the downstream task of DER.

Similarly, for the visual modality (figure-1.3), the task is divided into three
stages, where the first stage involves data acquisition and data pre-processing.
Compared to the speech model approach, this stage of the visual model does not
involve creating negative samples. Hence, no pseudo-labelling is required. So, the
second stage directly involves pre-training through CL exploiting the synthetic
data and data augmentation to learn representations. These representations are
further trained with the facial landmarks for more robustness before fine-tuning
them on a real dataset for the downstream task of DER in the third and final
stage. Finally, the dimensions of the emotions are analysed through the respective
representations to understand further the role each modality plays in understand-
ing human emotions.

1.3 Research Question(s)

The research done through this thesis addresses four individual research questions
as below.

1. Research Question 01 : Is the emotional dimension of ”arousal” better
represented through speech modality, whereas the visual modality correlates
highly with the ”valence” dimension of emotion?

2. Research Question 02 : Do emotional dimensions correlate with facial
attributes like facial landmarks?

3. Research Question 03 : Can synthetic data help learn universal and gen-
eralisable facial features and bridge the gap with real-world data?

4. Research Question 04 : Can iterative pre-training of the models using
unsupervised learning improve the performance on the downstream tasks?

To answer above mentioned questions, we propose a Multi-Modal Representation
Learning for the Dimensional Emotion Recognition model.
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1.4 Thesis Outline

The first three chapters of this thesis provide the necessary introduction, back-
ground information and an overview of related research. Chapter-1 of the the-
sis provides the basic introduction and outlines this research work’s motivation,
approach and objectives through the research questions. Chapter-2 presents an
overview of existing research on general emotion recognition in specific domains of
speech and vision. Chapter-3 discusses the relevant conceptual information about
the thesis.

The following chapters detail the methodology and experiments carried out in
the thesis. Chapter-4 describes the architectural details of the entire Dimensional
Emotion Recognition Model (DERM), including both the speech and visual net-
works, respectively. Chapter-5 lays out the experimentation details, including the
pre-training and fine-tuning approaches. It also describes the process of acquiring,
preparing and pre-processing the dataset while presenting results and lays down
points related to the ablation study.

The final chapters summarize the research work and discuss the achievements
and shortcomings. Chapter-6 describes the methodology’s achievements, limita-
tions, and approach bottlenecks. Chapter-7 provides a concluding remark.
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Chapter 2

Related Work

ER and identification are challenging, especially considering the unavailability of
largely annotated data. Even from the human perspective, it is challenging as the
perception of emotion can di↵er entirely for individuals. Thus, finding a robust
feature extraction method to represent the emotional state of speakers through
linguistic, acoustic or visual signals is the major challenge faced by the researchers
[89]. In order to simplify the problem, many studies try to find salient and dis-
criminative features by focusing on a single modality, either text, speech or visual
domain. In comparison, recent success in the linguistic domain has leap-frogged
through the advent of social media [4]. Not only limited to the availability of tex-
tual content through social media, but the success can also attribute to the break-
through proposal of transformers [121] and transformer-based language models [6]
with models like BERT, Robustly optimised BERT (RoBERTa) [74] and Gen-
eralized Autoregressive Pre-training for Language Understanding (XLNet) [133]
achieving SOTA.

2.1 Speech Emotion Recognition (SER)

Speech Emotion Recognition (SER) is a sub-field of ER and has many challenges
due to the variations introduced by the speaker’s individuality and the noises in
the background while processing the audio. Despite the challenges, audios include
many acoustic features, including prosodic features like pitch and spectral features
like MFCCs that contribute to transmitting emotional content in voice [114]. For
this reason, much e↵ort stows upon finding the optimal set of features to utilise
and represent these acoustic properties. RL helps extract low-level to high-level
features through linear and non-linear transformations to the underlying signals.
To garner robust representations of emotions, techniques like pre-training-based
auto-encoders [35], CL-based pre-training [67] and recently, GANs are under in-
vestigation for SER.

Recently, DL networks deploying CNNs can extract the low-level variations and
complexities compared to the conventional methods [60] by using 2D spectrograms.

7
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Regardless, the methods fail to capture the sequential context and temporal de-
pendencies. To counteract this gap, CNN-LSTM-DNN [111] uses LSTM and helps
capture long-term dependencies and frequency variations using the utterance-level
feature space [60].

While many approaches can recognise these emotions, the target is to form a
piece of good, generalisable information using utterance-level information indepen-
dently and contextually within a conversation. These methods though e↵ective,
fail to capture the global context in the feature space. The Conversational Memory
Network (CMN) [43] is one of the first approaches to capture the global information
using separate memory banks for both interlocutors (speakers) in a dyadic conver-
sation. Using the attention mechanism, an Interaction-Aware Attention Network
(IANN) [134] integrates these memories for better performance. For more context
and relations information, Graph Neural Network (GNN) explore the connections
using the connections bettwen di↵erent interlocutors, utterances or even conver-
sations [73, 34]. The limitation with these approaches is the fixed-length context,
which limits the model to general and robust representations.

With the help of self-attention and multi-head attention modules, transform-
ers capture the global context and dependencies. Transformer-based architectures
have also proven successful in domains including vision and audio. The prime
examples of this success in the speech domain are through the introduction of
the models like wav2vec [112] and HuBERT [51], along with multiple variants of
these models [117, 10, 110, 11, 75]. Despite the success, these large DL models are
trained on large datasets, which is only possible for some research works.

To handle this problem, many studies focus on the utterance-level learning of
speech processing, which is ideal for the task of SER and results in smaller model
sizes [22], especially using CL. In this approach, the anchor’s similarity to the pos-
itive and negative sample (refer to Chapter-3, Sub-section-3.2.1) drives the feature
learning [114, 131, 136]. However, this creates another bottleneck as ensuring the
random choice of the negative samples becomes challenging. These samples can
belong to the same conversation, speaker, or emotion class and do not ensure a
di↵erent semantic representation in the feature space.

Constructing the negative samples is even more challenging because the emo-
tional description involves discrete or continuous states. On the other hand, models
using the NCL do not experience the same problem compared to CL. It does not
require negative samples and has achieved comparable, if not better, performance
[22, 77]. There have been other techniques like Transfer Learning (TL) [125] that
have also proven to be e↵ective along with Knowledge Distillation (KD), where a
more potent modality, like text or vision, guides the weaker modality, like speech,
for feature learning [85].
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2.2 Visual Emotion Recognition (VER)

While speech contains valuable features for emotion recognition, the visual do-
main expresses important emotional information [68] through facial expressions,
micro-expressions, muscle movement and alignment. These are essential factors
in human communication that help us understand the intentions of others. Facial
expressions are one of the leading information channels in interpersonal commu-
nication through non-verbal communication. In contrast to the speech modality,
where the research focuses on emotion recognition, research in the visual domain is
distributed between emotion recognition and expression recognition. Conventional
approaches follow facial component detection like feature extraction using Gabon
filters and expression classification or landmark detection. Most of the work re-
lated to ER in the visual domain belongs to FER [53, 126, 21]. Recent studies use
auxiliary information that can classify into two main categories:

• Facial Landmarks: These are the salient points, such as the end of the
nose, the eyebrows, or the mouth.

• Action Units: These units code the actions of individuals or groups of
expression-producing muscles.

This auxiliary information, with DL, has propelled the feature extraction through
images with approaches as deep Convolutional Neural Network (CNN), having
surpassed with more information retrieval and robust feature learning. To further
streamline the VER, the problem divides into static (image-based) or dynamic
(video-based recognition) sub-problems. While static images are relatively more
straightforward to compute due to the lack of context, the dynamic approach de-
pends on the temporal dependencies making it a challenging problem.

Transformer-based models like [31, 41] help solve the temporal problem along
with LSTMs, surpassing the CNN-based networks. Despite the success of these
approaches, as mentioned previously (Sub-section-2.1), less focus has been laid on
making emotional predictions solely through the facial analysis, with the majority
of VER through the conversion of raw audio into MFCCss or spectrograms or using
multi-modal approaches, including the facial domain [68, 23, 82, 102].

Apart from this, the introduction of several new techniques, utilising 3D-CNNs
or Graph Convolution Networks Graph Convolution Network (GCN)s has seen
success, but in terms of practical applications, these models encounter various
issues like faces’ occlusion a↵ecting the overall performance [68].
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2.3 Synthetic Data

The majority of the research in the ML paradigm involves the acquisition of data
from the real world, be it the images of objects or natural persons. This pro-
cess of collecting the data and then annotating the data with the help of human
annotators is not only time-consuming but also very expensive. Apart from be-
ing expensive, it is also error-prone due to di↵erent perceptions of the labels by
the individual annotators or due to the flaw in the annotation process followed
by multiple annotators. Even with a seamless annotation process and 100% align-
ment among the annotators, humans can only annotate little details with precision.

In contrast to this manual process, synthetically generating the data and an-
notating the same has proven to be a much more feasible solution. Not only is the
variability of the data samples generated can be controlled, but also the annotation
details for the created data are unmatchable by the human annotators [72, 128].
Only a little research has taken place using these synthetic datasets. Nonetheless,
it is on the rise, with many workshops1 and competitions2 held to use synthetic
data and analyse it in real-world applications.

1ECCV 2022: 4th Workshop on A↵ective Behavior Analysis in-the-wild (ABAW) focusing on
”Learning from Synthetic Data and Multi-Task Learning”.
CVPR 2023: 5th Workshop on ABAW focusing on ”Valence-Arousal (VA) Estimation”.

2ECCV 2022: 4th Competition on ABAW focusing on ”Learning from Synthetic Data”.
CVPR 2023: 5th Competition on ABAW focusing on ”Valence-Arousal (VA) Estimation”.
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Chapter 3

Background Information

Before diving deep into the architecture, working and analysis of the built models,
this section provides background information about the emotional aspects, includ-
ing the discrete emotions and the perceived dimensions of these emotions. The
focus then shifts to the RL methods and their related research work. This infor-
mation is beyond any specific domain and emphasises past developments in the
landscape of ML.

3.1 Emotions

Emotions play a vital role in day-to-day conversations to express one’s feelings.
Not limited to expression, emotions convey much about an individual’s mental
health and have been used to monitor disorders like depression in the medical field
[57]. Emotions a↵ect health and well-being and can profoundly impact thought
and action [98]. Human beings also have this unique ability to express and in-
fer emotions from the combination of text, speech and facial emotions [70]. Even
though a combination of all can provide the best inference of the emotion, every
modality is still essential as it can express di↵erent aspects.

There are two ways in which emotion perception transpires, either discretely
or continuously. The following sections focus on these two elements.

3.1.1 Discrete Emotions

The most common way of perceiving an emotion, as well as expressing the emo-
tion specifically through conversations, is discrete. Discrete or categorical emotions
portray what dimensional emotions cannot do accurately, i.e. the underlying emo-
tional response [50]. These emotions are universal across cultures compared to
dimensional emotions (SubSection-3.1.2), which vary in expression and perception
[96]. There are seven primary discrete emotions: neutral, happiness, sadness, sur-
prise, anger, fear, and disgust. This theory of discrete emotions has recently been
part of our daily lives on all social media platforms, with” likes” and” dislikes” as
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common discrete sentiments.

3.1.2 Dimensional Emotions

The second way of the two possible ways of perceiving emotions is continuous. It is
a much more complex way to sense emotions than the discrete way of perception,
as this can vary culturally. Even within a culture, it can vary depending on how
an individual perceives emotions. As it is continuous, it reflects the state of the
emotion in terms of the degrees or intensity of being a positive or negative reflection
of emotion. This dimensional model builds around three mutually orthogonal
emotion dimensions: valence, arousal, and dominance [50].

Valence

Valence reflects pleasant to unpleasant responses or perceptions of stimuli com-
pared to the rest of the environment [104]. It envisions a continuous range within
the contours of extremeness, for example, extremely unhappy to extreme hap-
piness. It can be summarised as happy-unhappy or pleased-annoyed, defining a
person’s level of pleasure. Figure-1.1 partially reflects this continuous range of
emotions.

Arousal

Compared to valence, arousal reflects the energy or intensity of the pleasantness or
unpleasantness reflected through the valence dimension of the emotion. It conceives
a continuous range within the contours of activity, for example, stimulated-relaxed
or awake-sleepy. Figure-1.1 partially reflects this continuous range of emotions.

Dominance

Dominance, on the other hand, relates to feelings of control. It devises a con-
tinuous range within the contours of dominance and submissiveness, for example,
influencing-influenced.

This continuity makes dimensional emotion recognition challenging because
it is harder to locate the emotions in the three dimensions of valence, arousal
and dominance than to predict the category, as human emotions lack temporal
boundaries [24].
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3.2 Learning Methodologies

One thing common among all the ML approaches is that every approach focuses
on the same end goal: optimal and generalisable feature extraction and data repre-
sentation. While conventionally, these features, patterns and representations were
hand-crafted using feature engineering. As this feature extraction process could
not help find discriminative information, newer implementations soon replaced
these weaker algorithms.

RL refers to learning, capturing and extracting more abstract and valuable
concepts that can improve performance on a range of downstream tasks given
the input data. It aims to find out the posterior probability distribution through
the underlying factors of the data. It helps encode high-dimensional data into a
lower-dimension representation that is representative of the data itself. It is often
confused with dimensionality reduction. However, it is di↵erent as RL not only
reduces the dimensions but also learns a mapping that can generalise on the unseen
data, which does not apply to all dimensionality reduction techniques. Due to the
core capabilities of this learning methodology, it uses several principles to ensure
good representations [66], as below:

• Representations are distributed and are expressive irrespective of the config-
uration, unlike one-hot-encoding.

• Representations are abstract and invariant to local changes.

• Representations represent disentangled factors captured from the data.

Recently, RL has established itself in nearly all domains, from speech recogni-
tion to object detection, in language through word embeddings and classification,
with SOTA performance and real-world applications like driverless cars, agricul-
ture, and smartphones. All these applications either use modality-specific, joint,
or coordinated representations. These representations can be a result of using
di↵erent methods like:

• Supervised Learning : Extract important features making target predic-
tions from the input data.

• Unsupervised Learning : Extracting the features without the labels by
clustering or principal component analysis or GANs.

• Reinforcement Learning : Extracting features by maximising the reward
on the learnable task.

• Self-Supervised Learning : Similar to UL, extracting features without
labels using some pretext task like predicting the missing word in a sentence
or a patch of the image.

Considering the scope of this thesis, the following sections will only focus on
SSL.
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3.2.1 Self-Supervised Learning (SSL)

Figure 3.1: Siamese Network based architecture comparison [20].

SSL is a technique to learn the hidden patterns using underlying data but also
considering this underlying data as the label itself [88], for example, (1) autoen-
coders, where the input reconstruction takes place, or (2) the generative models,
where we compare the data sample generated with the input samples or (3) predic-
tive coding where the technique focuses on predicting parts of the input including
patches of images or predicting rotated images in a visual domain or predicting a
word or text in the language domain. Bidirectional Encoder Representations from
Transformers (BERT) [28] is a prime example of models based on predictive coding.

All these techniques have a pre-text task on which the learning is accomplished
compared to other UL methods. This helps build a richer and more general repre-
sentation of the underlying patterns in the data. The pretext task of autoencoders
includes the reconstruction of the input data from a compressed representation
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learned by the encoder. The encoder maps the input data to the latent space which
is then decoded back by the decoder to form the output. While the autoencoders
try to reconstruct from the input sample itself, generative models try to generate
the data samples from random noise and match them with the distribution of the
input samples.

Figure 3.2: SimSiam network with stop-gradient technique in one of the sub-
networks [20].

Contrastive Learning (CL)

Apart from autoencoders and generative models, there is another technique to
learn rich representations. It is a sub-branch of SSL called Contrastive Learning
(CL) [39, 84, 19, 45, 127]. CL is a technique where the pretext is to learn the
representations by distinguishing between similar and dissimilar samples. It dif-
fers from clustering as clustering involves grouping similar data points together
by maximising the similarity within a cluster and the distances between di↵erent
clusters. However, in CL, the data points are distinguished based on similarity
and dissimilarity by learning the representations and mapping them in the feature
space.

CL networks are a form of Siamese networks [14] consisting of two or more
identical branches or sub-networks to feed two or more di↵erent inputs for learning
and distinguishing representations. Initially, these branches share the weights,
and the branches are identical. However, this leads to a collapsing problem. It
is a problem where the network collapses all the inputs to the same feature or
embedding. There are several possible ways to prevent the models from collapsing,
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which include (1) adding random transformations to the training samples through
data augmentation [127, 52], (2) hyperparameter tuning by tweaking the learning
rate, batch size or the temperature scaling [56] or (3) by making architectural
changes. It has proven to be the most successful approach in evading the collision
problem. Several methods and networks have emerged, including some SOTA
models [17, 37, 16] with figure-3.1 representing three of these architectures.

Non-Contrastive Learning (NCL)

Except for Bootstrap Your Own Latent (BYOL) [37] and Momentum Contrast
(MoCo) [45], which use a clustering-based approach through the online network
and a momentum encoder, respectively, which provide the negative samples, most
of the other methods use direct negative samples along with the anchor input to
learn the representations. However, another technique to learn rich representations
without using negative samples is Non-Contrastive Learning (NCL). Simple Con-
trastive Learning (SimSiam) (figure-3.2) is one of the network architectures that
learn representations without using any negative samples. This network is not a
pure non-contrastive network due to the use of contrastive loss, but despite using
no opposing pairs, this method has achieved SOTA on various benchmarks.

SimSiam is very similar to all the previously mentioned contrastive learning ar-
chitectures. It is BYOL without the momentum encoder, SimCLR without oppos-
ing pairs and SwAV without online clustering. Thus related to every architecture
by removing one of its core components [20].
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Dimensional Emotion Recognition

To recognise and analyse the dimensional emotions, we chose two separate networks
for evaluation based on the modality; speech and visual modality, respectively. We
passed both networks through two stages: (a) we pre-trained the networks for
feature extraction using a large unannotated dataset, and (b) we fine-tuned the
networks using the annotated dataset. We introduced an intermediate stage for the
speech network where we pre-trained the network in the first stage using the NCL
method. In contrast, we used subsequent network pre-training for the intermediate
stage using CL methodology and negative samples. We also introduced a similar
intermediate stage for the visual network. After pre-training the visual network
through CL, we fine-tuned the network on the downstream task of recognising
facial landmarks before passing it to the final stage for fine-tuning on the down-
stream task of dimensional emotion prediction. The following section discusses
both networks in detail.

4.1 Speech Model - NCL Architecture

In order to independently execute feature extraction and learn robust representa-
tions for the analysis and prediction of the dimensional emotions from the input
waveform Xs, a transformer-based encoder es(·) architecture is designed following
the stop-gradient1 technique used in the SimSiam model. This baseline model uses
a combination of CNNs and transformers, mainly Convolution-augmented Trans-
former (Conformer) [38]. It is because CNNs can e↵ectively capture local features
and patterns. At the same time, the transformers are e�cient in understanding
the global patterns and dependencies, and having a combination of both has been
successful in recent studies [17]. Figure-4.1 gives the overview of the entire archi-
tecture, showcasing the critical components of the speech network, which includes
(a) the speech encoder, comprising of the convolutional stack and, subsequently,

1Stop-Gradient: It is a technique to stop the flow of gradients through a specific part of
the network. Instead of using architectures similar to momentum encoder [37], simply using this
technique helps in preventing model collapse and assists in extracting salient features without
the use of negative samples.
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Figure 4.1: Architectural overview of the network used for representation learning
in the speech domain. The architecture consists of three main components, namely:
(a) Speech Encoder, (b) Speech Projection Head and (c) Speech Prediction Head.
The speech encoder is used to capture the representations, while both the speech
projection head and speech prediction head are important components that help
in optimising the representations learnt through the network.

the convolutional block along with multi-head self-attention through Conformer,
(b) the speech projection head, which projects the representations to the latent
embedding space and, (c) the speech prediction head, which is a bottleneck struc-
ture, behaves like an auto-encoder and helps retain all vital information.

Before jumping onto the other architectures used during the intermediate stage
and for fine-tuning, the following sections detail the information on these critical
components.

4.1.1 Attention-based Speech Encoder

The first and foremost component, and the most important, is the attention-based
speech encoder. Depending on the model training stage (as mentioned in Chapter-
1 or refer to figure-1.2), the encoder network es(·) processes the input waveform2

Xs through two di↵erent layers within the encoder network. One includes the
convolution stack, while the other is a layer of conformers, as can be seen in figure-
4.1.

2Input Waveform: Based on the training-stage, input waveform can an anchor waveform
Xs, an augmented version of the anchor waveform Xsa (Figure-4.2) or the positive Xsp and
negative Xsn samples.
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Convolution Stack

The convolution stack consists of multiple convolution blocks containing the 1D
convolution layer, followed by a 1D Batch Normalisation (BN) layer and a 1D
max-pooling layer. Since the prediction of emotional dimensions involves using
speech utterances Un

i within a conversation C, where C = {U1, U2, . . . , Un}, 8
Ui ⇢ C and i 2 0 . . . n, a local utterance level embedding is desired through the
convolution block. The embedding produced through the convolution block is
then passed through a 1D dropout layer, Gated Linear Units (GLU) followed by
a Rectified Linear Unit (ReLU), a combination of which allows only relevant in-
formation being passed through the network and further introduces non-linearity
to the network which allows learning more complexities and robust representations.

The stacking of multiple convolution stacks together improves the performance
of the network [138] significantly. It allows the network to learn abstract features
at every layer, from high-level features in the initial layers to lower-level features
in the deeper layers.

Conformers

While certain parts of an utterance Un
i contain more salient features than others,

the convolution stack does not capture this. Therefore, we introduce a layer of Con-
former having a multi-head self-attention mechanism to learn the global context
[38]. Similar to the stack of multiple convolution blocks, multiple conformer heads
provide robustness and generalisation to the model as every conformer block forms
a separation between the multi-head self-attention and the feed-forward modules
with a convolution module. It proves to be highly beneficial to many recogni-
tion applications [116]. The input to the conformer layer is the batch-enabled,
convolved and encoded waveform features from the convolution stack, which is
further transformed and encoded contextually through the conformer modules.
For this study, a conformer with four layers, four heads and using a 512D output.

4.1.2 Speech Projection Head

Similar to multiple other models [17, 20] based on the Siamese networks [14], where
the non-linear projection heads are not only beneficial but outperform networks
where no projection or linear projection occurs, the MLP projection head fs(·)
(Figure-4.2) is introduced to maintain the learnt information. This projection
layer produces better and more robust representations, which benefit the learning
process [17]. The input to this projection head is a 512D contextual representation
of the input waveforms. It forms a 2048D output in the latent space through its
3-layer MLP with BN part of every layer followed by ReLU to incorporate non-
linearity except for the last layer.
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4.1.3 Speech Prediction Head

Finally, as no negative samples are available and the network asymmetry relies on
the stop-gradient method during the NCL training, the model can be less robust,
fail or, in some cases, collapse due to similar representations across the branches
of the network. Similarly, the findings reveal that the model finds it challenging
to find robustness during the CL training. Therefore, a prediction head gs(·) or a
bottleneck structure (figure-4.2) is introduced to counter these gaps, which works
as an auto-encoder and helps create the desired robust representations.

Like the speech projection head, the prediction head is also a 3-layer MLP,
receiving a 2048D feature embedding from the projection head, which is passed
through the 1024D middle layer to retain the relevant information while providing
a 2048D output.

Figure 4.2: NCL speech model training process along with the architectural
overview. As shown, an input waveform Xs is passed through a stochastic data
augmentation module ds(·) forming a pair of augmented waveforms, passed onto
the respective network branch for feature learning.

Thus, in the first stage of the training involving NCL, the network receives two
di↵erently augmented waveforms, Xa1 and Xa2 waveforms through the speech data
augmentation module ds(X) (Chapter-5, Sub-section-5.2.2), where X is the anchor
waveform passed through the augmentation module to produce the Xa1 , and Xa2

augmented waveforms respectively. As can be seen from figure-4.2, both these
augmented waveforms are passed onto the two branches of the network, where the
speech encoder es(Xa1) and es(Xa2) encodes them before projecting them through
the feature space fs(es(Xa1) and fs(es(Xa2) and finally auto-encode them through
the bottleneck structure of the prediction head as gs(fs(es(Xa1) and gs(fs(es(Xa2)
respectively. Finally, both these representations are evaluated using the nega-
tive cosine similarity loss (Chapter-5, Section-5.3) before propagating the gradient
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through one branch while using stop-gradient in the other branch to create the
required asymmetry. While the method is straightforward, it is important to note
that both branches of the network share the weights of the encoders, which is an
essential step for optimum learning.

4.1.4 Speech Model - (NCL + CL) Architecture

The architecture discussed is unfit for all because the training involves multiple
steps, including the NCL, CL and model fine-tuning. As the learning methodology
di↵ers, specific changes are required to the base architecture to enable subsequent
training using other techniques.

Figure 4.3: CL training process along with the architectural overview. The pro-
cess involves pre-processing the data using the EmoBERTa to create the required
pseudo-labels for creating negative samples. These negative samples along with
the anchor and the positive samples are processed respectively for improved rep-
resentations.

Figure-4.3 represents the architectural variation suited for CL. As can be seen
in the figure, core components (speech encoder, speech projection head and speech
prediction head) are kept intact from the NCL pre-training while performing sub-
sequent training; however, removing the stop-gradient component. Furthermore,
as the training now involves three sets of inputs, including the anchor waveform,
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positive (augmented) waveform and the negative (augmented and belongs to a dif-
ferent distribution) waveform, sampled using the pseudo-labels, the negative cosine
similarity loss is replaced with the InfoNCE loss for gradient propagation.

4.1.5 Speech Network Fine-Tuning Architecture

Figure 4.4: Fine-tuning process along with the architectural overview for the speech
network using the CCC loss function.

The final changes to the architecture are during the third and final stage of
speech model training involves fine-tuning the network for the downstream task
of dimensional emotion prediction. Figure-4.4 shows the architectural overview of
the model while fine-tuning. For this stage, the input waveform Xs is solely used
without passing them through the data augmentation ds(·) module. The waveform
is an input for the non-contrastive and contrastively pre-trained network (NCL +
CL). During this phase, the speech prediction head, also referred to as the bot-
tleneck structure, is removed. Since the task of this stage is to use the learnt
representations and fine-tune them, therefore, the prediction head is not suitable
as the prediction head helped retain the information learning during the training
cycle and helps optimise the encoder representations through the loss, which is not
essential in this phase due to already learnt representations. Instead, a new 4-layer
fully connected network helps predict the required VAD emotions.

As the final predictions are the continuous values, hence CCC loss function
replaces the current loss function (Chapter-5, Section-5.3) which is suitable to
evaluate the distribution-related similarities and is also used to compare di↵erent
models because of a uniform range
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4.2 Visual Model

For executing the feature extraction and learning robust representations for the
analysis and prediction of the dimensional emotions from the visual input (input
image Xv), CL based Mutual Contrastive Learning (MCL)3 [132] method for learn-
ing visual representations. This method helps learn the representations through
contrastive learning and mutually following transfer learning, where a cohort of
networks transfers the knowledge for optimised representations. Figure-4.5 repre-
sents the slightly modified variant of the original MCL architecture. The following
sections describe the details of the modification.

4.2.1 Mutual Contrastive Learning (MCL) Based Archi-
tecture

The core idea behind the MCL approach is to not only perform the training of the
single network in an isolated manner for feature learning in a contrastive manner
but also to mutually share the knowledge among di↵erent sub-network for bet-
ter feature representations. Thus, through this approach, the authors involve two
separate learning schemas, namely Vanilla Contrastive Learning (VCL) and Inter-
active Contrastive Learning (ICL). While the VCL approach is no di↵erent from
the general CL approach, where a single network learns from the similarity and
dissimilarity of the positive and negative samples compared to the input anchor,
whereas in the ICL approach, the contrastive knowledge maximises the feature
learning of the other sub-network [132]. In other words, a single network learns
from not only it is training but also the training of the other network using the
contrastive knowledge attained by the other sub-network.

As shown in figure-4.5, there are two sub-networks having, in total, four branches
benefitting from the VCL approach. While this is e↵ective, the branches or the
two sub-networks also participate in the contrastive knowledge of the other net-
work through negative sample queues. It is a way of doing online KD, where each
sub-network reacts as a teacher to the other sub-network reacting as a student and
vice-versa while starting from a di↵erent initial condition.

Another essential aspect is that the anchor image Xv, through the visual data
augmentation module dv(Xv) creates three di↵erent sets of augmentations (Xv1 ,
Xv2 and X

0
v2). It di↵ers from the original approach followed by the authors, where

only two sets of augmented inputs are created and passed on to the sub-networks.
Creating di↵erent augmentations for the di↵erent sub-networks helps one learn
better feature representations as more contrastive knowledge is available compared
to similar inputs. Moreover, it creates another level of asymmetry among the
networks, which drives collaborative learning and truly takes advantage of the
online KD.

3MCL: Code is available at https://github.com/winycg/MCL.
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Figure 4.5: The figure exhibits the MCL
training architecture as well as the process involved to learn visual representations.

Vanilla Contrastive Learning (VCL)

VCL approach followed in this model is no di↵erent from the one detailed in
Chapter-3, Section-3.2.1, where the method tries to bring the positive sample and
the anchor closer in the feature embedding space while taking the negative samples
and the anchor or negative samples and the positive samples far apart. Like the
speech network, we use InfoNCE loss to evaluate similar and dissimilar distribu-
tions.

During the VCL phase, the sub-networks receive two di↵erent inputs. Taking
the case of one of the sub-networks shown in figure-4.5, the sub-network receives
Xv as the slightly augmented anchor image and Xv2 as the heavily augmented
positive sample. Each anchor input image Xv has one positive sample Xv1 and
K negative samples where K > 2. We convert these input images into a group
of flattened patches forming a linear projection with positional embedding and
processing them via the sub-network encoder ev1(·) and ev2(·), respectively. Each
encoder formulation contains the vision transformer followed by the multi-head
attention module. The created pipeline passes on the features encoded through
the encoder to the visual projection head, a similar MLP network used in the speech
network for projecting the encoded features to the feature embedding space before
being evaluated using the InfoNCE-based visual contrastive loss.
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LossV CL = �log(
exp(

sim(Xv , Xv1 )

⌧ )

⌃K
1 exp(

sim(Xv , XvK )

⌧ )
) (4.1)

where Xv is the anchor input, Xv1 is the positive sample and XvK are the K
negative samples chosen for the training. Since, there can be multiple sub-networks
where each sub-network follows the isolated VCL approach, therefore the combined
visual contrastive loss can be formulated as

LossV CLcomb = ⌃M
1 LossV CL(M) (4.2)

where M refers to the total number of sub-networks involved for collaborative
learning.

Interactive Contrastive Learning (ICL)

Compared to VCL, the ICL approach facilitates cross-network collaborative learn-
ing, enabling the sub-networks to learn from peer knowledge. In contrast to VCL,
where the learning of the contrastive distributions occurs within the embedding
space of the network, ICL facilitates the contrastive distribution learning from the
embedding space of the peer networks using the gathered contrastive knowledge
through the respective sub-network queues q1 and q2, respectively in this two sub-
network setup, providing the sub-network specific negative samples. Compared to
the VCL, the loss function used here is the Kullback–Leibler Divergence (KL) loss
function for comparing the cross-network distributions for better feature learning
using the encoder-derived probability distributions.

LossICL = KL(p1kp2) (4.3)

where p1 and p2 are the derived probability distributions of the two sub-
networks, leading to a combined loss as

LossICLcomb = ⌃M
1 LossICL(M) (4.4)

where M refers to the total number of sub-networks involved for collaborative
learning.
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4.2.2 Visual Network Intermediate Training Architecture

Similar to the previously discussed speech network, where architectural modifi-
cations were essential for di↵erent stages of training, the visual network requires
similar modifications for the intermediate training and final fine-tuning. Figure-4.6
showcases the architectural variation required for the intermediate training step.

Figure 4.6: Overview of the facial landmark recognition process and architecture
using the pre-trained encoder network and cross-entropy loss.

As can be seen from the figure, the core components, including the visual en-
coder (visual transformer and the multi-head attention module) and the projection
head, remain intact while changing the surrounding components. Since this train-
ing phase aims to adapt the already learnt representations further to optimise the
facial landmarks, a fully-connected prediction network is added to predict the fa-
cial landmarks. There is only one branch or sub-network compared to the multiple
branches and sub-networks used in the pre-training approach.

For this stage, the input is the synthetic image, passed on to the pre-trained
encoder for feature representation and finally to the fully connected layer for land-
mark predictions. In contrast to the speech network’s intermediate phase, the
input passes through the data augmentation module dv(·) as it enhances the learnt
embeddings to recognise the facial landmarks. Finally, as the prediction involves 70
facial landmarks, the cross-entropy loss function (Chapter-5, Section-5.3) is used
for this classification.
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4.2.3 Visual Network Fine-Tuning Architecture

The final changes to the architecture are during the third and final stage of the vi-
sual model training. The final task is to fine-tune the network on the downstream
task of recognising the dimensional emotions. Figure-4.7 represents the final ar-
chitecture to fine-tune the visual model.

Figure 4.7: Architectural overview of the visual model used to fine-tune the pre-
trained encoder embeddings for the downstream task. The network incorporates
multiple layers of uni-directional and bi-directional Long Short-Term Memory
(LSTM)’s to capture sequential dependencies.

The sequence of images Xvt where t refers to the time steps belonging to the
frames of the video conversations acts as the input for the pre-trained and opti-
mised encoder network. The network considers the speaker-aware conversational
and emotional variations through the inclusion of two di↵erent branches respec-
tively for each speaker and the third branch to capture the speaker influence jointly.

While the pre-trained and optimised encoder network forms the feature embed-
dings, the embeddings assist in capturing the sequential dependencies and varia-
tions through the multi-layer unidirectional LSTM based network. While capturing
the speaker-aware contextual embeddings from di↵erent image frames across time
steps is essential, gathering the contextual speaker dependencies is also of utmost
importance. Therefore, a third branch achieves this, where the encoder takes the
image frames from both the speakers across time steps. An important aspect is
that the gated weights control these networks. As in multiple utterances, only one
speaker is active while the other speaker is dormant; therefore, in this scenario,
more weightage must be given to the network of the active speaker, keeping the in-
formation from the other speaker to the minimum and is controlled through these
learnable weighted gates.
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Even though the smaller LSTM network can capture some context, it cannot
capture both past and future context. Hence, to enable the network to capture the
entire context of an utterance and unify the speaker aware and joint dependencies,
a larger four-layer bi-directional LSTM network is applied for enhanced contextual
representations. A fully-connected multi-layer network follows this to help predict
the potential VAD continuous distribution. Similar to the fine-tuned speech net-
work architecture, the loss evaluation is through the use of the CCC loss function
(Chapter-5, Section-5.3), which is suitable to evaluate the distribution-related sim-
ilarities and is also used to compare di↵erent models because of a uniform range.
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Chapter 5

Experimentation and Results

In this section, we lay out overall details regarding the steps involved for each
training phase and evaluate the e↵ectiveness of all the proposed systems for DER,
at the same time comparing them with the SOTA models in the same domain.

5.1 Datasets

For the pre-training, incremental training and fine-tuning of the respective AV
models, multiple datasets are considered for both the speech modality as well as
the visual modality, with a common evaluation dataset to compare the results.
For the speech modality, two publicly available speech datasets are used, including
TED-LIUM [108, 47] and the IEMOCAP [15] dataset. A detailed description of
the datasets is in the upcoming sections.

5.1.1 Speech Datasets

TED-LIUM Corpus

The first of the many datasets used for this study is the TED-LIUM dataset from
OpenSLR. The pre-training of the speech model using NCL is accomplished using
this TED-LIUM Corpus1. It is an in-domain audio dataset collected from the TED
Talks done in English-language. The dataset is available with the transcriptions,
with the first two versions of the corpora (TED-LIUM release-1 and TED-LIUM
release-2) including 118 hours of audio and 207 hours of audio, respectively. The
newer release (TED-LIUM release-3) provides 452 hours of audio [47] in addition
to the previous two releases, with all audios sampled at a 16kHz sampling rate.
Table-5.1 shows the comparison between the three releases.

1TED-LIUM Corpus is available with multiple releases (1-3) through OpenSLR-Resources.
For the purpose of this study, a combination of all three released versions are used.
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Table 5.1: TED-LIUM Corpus characteristics comparison across all three releases
(v1 vs v2 vs v3 release).

Characteristic TED-LIUM Release Version

v1 v2 v3

Total Duration 118 Hours 207 Hours 452 Hours

Male Hours 81 Hours 141 Hours 316 Hours

Female Hours 36 Hours 66 Hours 134 Hours

Total Speakers 666 1242 2028

5.1.2 IEMOCAP Dataset

The second dataset used for the purpose of fine-tuning and evaluation is the IEMO-
CAP dataset, a widely used dataset for SER. It is a dataset comprising scripted and
improvised conversations with dialogues and utterances in the English language,
exhibiting a strong correlation with discrete as well as dimensional emotions. It
contains 12 hours of audio and visual data, interlocutor’s speech, face capture and
text transcriptions. The dataset consists of 157 videos of recorded conversations
between one male and a female actor, including a total of 10 unique speakers.
These conversations remain in a logical sequence forming a total of 10039 utter-
ances, with each audio utterance sampled at 16kHz of the sampling rate.

At least three annotators have analysed each utterance in a conversation be-
fore annotating the dataset into emotion labels and deciding the continuous di-
mensional ratings. Discrete emotion labels include happiness, sadness, anger, fear,
joy, frustration, surprise and neutral. The data is collected and distributed into
five di↵erent sessions having di↵erent speakers (both male and female), with each
session comprising the recordings of dialogues between the two speakers. Within
these sessions, the dimensional attributes of the emotion are provided through va-
lence, arousal and dominance, with the scores for all of them falling under the
range of +1 to +5. Ground-truth labels for each of the conversations and utter-
ances are determined by a majority vote, with nearly 25% of the utterances having
no majority label. Hence, in order to counter that, the model evaluation is done
using the 4-Way or the 6-Way classification due to the availability of the majority
label.

Similar to the speech modality, for training the model using the visual modality,
two di↵erent datasets are utilised. FaceSynthetics [128], a synthetically generated
dataset along with the already mentioned IEMOCAP dataset, are used for the
training and evaluation. A detailed description of the FaceSynthetics datasets is
in the upcoming section.
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5.1.3 FaceSynthetics Dataset

Figure 5.1: Sample images from FaceSynthetics Dataset [128]. From top to bottom,
the image shows di↵erent types of augmentation (a) Original Image, (b) Grayscale
Image, (c) Noisy Image and (d) Brightness and Contrast formatted Image.

FaceSynthetics2 dataset is a collection of face-related images created syntheti-
cally using 3D facial modelling and CV for application through tasks in the wild.
The dataset helps deal with the fairness and ethical concerns related to the models
and the data in the field of CV. It provides an alternative approach to collecting
the data manually, which is not only expensive and time-consuming but also prone
to annotation noise due to human error. Instead, synthesised data provides a way
to create data with rich annotations with variations across any domain and metric.
The dataset consists of 100,000+ high-resolution (512 x 512) images of synthet-
ically rendered faces with diverse ethnicities, backgrounds, clothing, expressions
and occlusion, providing a diverse and challenging dataset.

2FaceSynthetics Dataset: https://github.com/microsoft/FaceSynthetics
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5.2 Data Preparation

Despite all these being finely curated datasets, they cannot be readily used for our
study. Therefore, before jumping on to the training details, this section provides
details information about the process followed for preparing the datasets for train-
ing.

For our task of learning speech representations using NCL, we use all the re-
leased versions of the TED-LIUM corpus. However, the dataset cannot be used
directly. As multiple talks from TED-LIUM release-1 and TED-LIUM release-2
overlap3 with TED-LIUM release-3 having di↵erent transcripts, the dataset is first
cleaned up to create a unique set of talks with aligned transcripts. The cleanup
activity the total time from 777 hours to 664 hours of clean audio, which can be
used for pre-training the speech model.

5.2.1 Speech Data Pre-processing

Figure 5.2: Mapping of 28 distinct emotions of GoEmotions dataset to 7 distinct
emotions of IEMOCAP dataset.

While the cleanup activity ends up with 664 hours of clean audio, in or-
der to e�ciently pre-train the model, some pre-processing is still required. As
the approach involves pre-training the model initially with the NCL and subse-
quently with the CL approach, firstly pseudo-labelling4 is performed on the dataset
using the Speaker-Aware Emotion Recognition in Conversation with RoBERTa
(EmoBERTa) [61] as shown in figure-4.3.

EmoBERTa5 is a model pre-trained to solve the Emotion Recognition in Con-
versation (ERC) task using textual transcripts. Therefore, the aligned transcripts

3Information about overlapping audios with di↵erent transcript files can be found here
https://www.openslr.org/51/.

4Pseudo-Labels or Pseudo-Labelling is the task of creating the labels for the unlabeled
data using a pre-trained network or sometimes the teacher network to enhance the performance
of the underlying model [100].

5EmoBERTa: https://github.com/tae898/erc
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available with the audio are used to create pseudo-labels for the audio, which
in turn help curate the negative samples required for the CL task. The model
pre-training is done using the A Dataset for Fine-Grained Emotion Classification
(GoEmotions)6 dataset [26].

This dataset contains 28 distinct emotions, which means that the pseudo-labels
created using the EmoBERTa model comprises of these 28 emotions. However, as
the The Interactive Emotional Dyadic Motion Capture (IEMOCAP) dataset used
for training and evaluation contains only seven distinct emotions, these 28 emotions
are to be mapped to these 7 IEMOCAP emotions. This is done by creating a
custom logic based on the research under the umbrella of Social Cognitive (SC)
and Neuroscience [109, 64], where the emotions like joy, admiration, and love are
mapped to a single category of happiness. The complete mapping of emotions is
represented in Figure-5.2.

5.2.2 Speech Data Augmentation

Data Augmentation is a mechanism which helps attain better generalisation and
model performance, especially when using CL or NCL techniques. In order to
achieve the same through the NCL approach followed in the first iteration of the
model, the data is passed through a stochastic speech data augment module ds(·),
which comprises a combination of augmentations available through A Time-domain
Data Augmentation library (WavAugment)7 [58] and PyTorch’s torchaudio8 li-
brary. There are multiple augmentations available, including pitch modification,
additive noise and reverberation, including the chain e↵ect, which applies the com-
bination of augmentations over the same waveform. According to Kharitonov et
al., combinations of augmentations (also known as the chain e↵ect) result in better
and more generalised representations compared to single augmentations. However,
in order to create di↵erences across the two branches of the model, we apply single
and multiple augmentations9 randomly in order to achieve consistent performance.

While the process so far involved the pre-processing and augmentation of the
speech data, a similar path has to be followed for the visual data aswell. The
following section gives the detailed information about the same. While the process
so far involved the pre-processing and augmentation of the speech data, a similar
path has to be followed for the visual data as well. The following section gives
detailed information about the same.

6GoEmotions: Data and tutorial available at https://github.com/google-research/google-
research/tree/master/goemotions.
Decsription available at: GoEmotions Dataset

7WavAugment: https://github.com/facebookresearch/WavAugment
8Pytorch’s torchaudio augmentations: Audio Data Augmentation
9A total of 10 di↵erent augmentations are applied including PitchShift, Noise, Reverberation,

HighLossPass Filtering and Time Masking with random probabilities along with the augmenta-
tions available through the PyTorch’s torchaudio library.
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Figure 5.3: IEMOCAP dataset pre-processing steps. Starting from the available
conversations, each conversation is split into unique utterances. These utterances
are further split based on the speaker to be further processed to extract the speaker-
based keyframes.

5.2.3 Visual Data Augmentation

Figure-5.1 provides an overview of the dataset and a few selected augmentations
(for a complete set of augmentations, refer to Chapter-7). As the synthetic data is
nearly perfect, Wood et al. suggest applying multiple augmentations during train-
ing which tend to bring better performance and generalisation over the course of
model training [128]. Hence, a set of appearance augmentations, including colour
shifts, brightness and contrast along with full augmentation10, varying both ap-
pearance and geometry, including rotation, is applied to the dataset through the
data augmentation dv(·) module.

Finally, the dataset used for model fine-tuning and evaluation is prepared before
use. The details for the same are mentioned in the upcoming section.

5.2.4 Audio and Visual (AV) Data Pre-processing

The first and foremost step while preparing the IEMOCAP dataset involves ex-
tracting the audio and visual information (waveforms and videos separately), keep-
ing aside the textual information. However, the textual information could not be

10Full Augmentation includes rotation and warping along with appearance augmentation.
However, warping is not considered in this study due to inconsistencies across images.
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completely discarded as the speaker information, utterances and conversation se-
quences, along with the labels, are also part of the textual transcripts.

Therefore, using the available information through the transcripts, both the
audio and the videos are segmented, forming a set of 10,000+ unique utterances
across all interactive sessions available through the dataset. For the speech model,
this data processing is adequate. However, for the visual model, further processing
is required to completely utilise the data available. Therefore, the videos are passed
through a split module, where each video is split into two separate videos containing
only a single speaker. This is done using the OpenCV11 library. As the visual model
works on the images and not raw videos, hence frames are extracted from the split
videos. And not all frames but only keyframes are extracted to avoid redundant
frames, which do not add much to the training data. Finally, these frames are
further processed to extract the facial information and crop the entire frame using
the Haar feature-based cascade classifiers12 [122, 71] which uses the concept of
integral images for computing di↵erent features with reduced computation and
time. Figure-5.3 showcases this entire process.

5.2.5 Audio and Visual (AV) Data Post-processing

There is one more step which is followed during the training or evaluation phase.
This phase involves post-processing the data by transforming the valence, arousal
and dominance values. As IEMOCAP dataset provides the annotations in the
range of +1 to +5, this is not suitable for training or evaluating the model. Hence,
this continuous range is changed to a range of -1 to +1 for better comparison. This
range also correctly reflects the emotions both negatively and positively across
emotional dimensions.

11OpenCV is a CV library providing tools for real-time analysis and optimisation. More
information available at: https://opencv.org.

12OpenCV library for Haar feature-based cascade classifiers: Cascade Classifiers.
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5.3 Loss Functions

One of the key components during the training of any model, and especially during
representation learning, is the choice of the loss function. There are many di↵erent
types of loss functions; however, considering the scope of the study and research
for this thesis, including the NCL, CL and the dimensional emotions, the following
loss functions are evaluated.

5.3.1 Negative Cosine Similarity Loss

The Negative Cosine Similarity loss is a loss function which computes the cosine
angle between the predicted values and true values to determine the similarity and
the dissimilarity between the two. Since it follows the cosine signal, a higher value
occurs when the predictions are dissimilar, whereas lower values refer to similar
predictions. Therefore, the negative cosine similarity loss tries to maximise the
cosine similarity for better performance (Equation-5.1).

LossCosine =
yi · xi

|yi||xi|
(5.1)

Where yi represents the ground truth distribution, and xi is the predicted dis-
tribution for the ith sample.

5.3.2 Cross-Entropy Loss

Cross-Entropy loss is a log-based loss function which measures the di↵erence be-
tween the predicted probabilities of the model and the actual probability distribu-
tion of the target labels (Equation-5.2).

LossCE = �
MX

c=1

yi log(xi) (5.2)

Where yi represents the ground truth distribution, and xi is the predicted dis-
tribution for the ith sample.

This loss function penalises the model for predicting wrong values with high
confidence.
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5.3.3 Mean Absolute Error (MAE) Loss

The Mean Absolute Error (MAE) loss function is a measure used to calculate the
average absolute di↵erence between the predicted values and the true values. Con-
sidering the dimensional emotions, it is used to measure the di↵erence between the
predicted VAD distribution and the ground truth distribution (Equation-5.3).

LossMAE =
⌃n

i=1|(yi � xi)|
n

(5.3)

Where n is the number of samples, yi represents the ground truth distribution,
and xi is the predicted distribution for the ith sample.

The absolute value is used to ensure that the errors are positive and to eliminate
any negative errors that may be introduced by the model. As it can be seen from
the equation above, the MAE is the non-weighted loss function where all errors
have equal weight regardless the absolute value of the error.

5.3.4 Mean Squared Error (MSE) Loss

The MSE, similar to MAE, is a loss function used to measure the di↵erence be-
tween the predicted distribution and ground truth distribution. Compared to the
absolute di↵erence using MAE, it calculates the average of the squared di↵erence
(Equation-5.4).

LossMSE =
⌃n

i=1(yi � xi)2

n
(5.4)

Where n is the number of samples, yi represents the ground truth distribution,
and xi is the predicted distribution for the ith sample.

Being a quadratic loss function, it puts greater weight on larger errors by pe-
nalizing them heavily compared to smaller errors. This is also a disadvantage as
it is sensitive to outliers and is prone to extreme values.

5.3.5 Concordance Correlation Coe�cient (CCC) Loss

The CCC loss [65] function does not measure the di↵erence but instead the agree-
ment between the two distributions. It takes into account the correlation and
deviation of the predicted distribution from the ground truth distribution for eval-
uation (Equation-5.5).
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LossCCC =
2⇢xy�x�y

�2
x + �2

y + (µy � µx)2
(5.5)

where ⇢xy is the Pearson correlation coe�cient between the predicted and the
ground truth prediction, �x and �y are the standard deviations of the predicted
and ground truth distribution, with µy and µx representing the mean values.

The CCC loss function measures within the range of -1 to +1, with +1 indicat-
ing perfect agreement compared to -1 indicating maximum disagreement. There-
fore, in order to maximise the agreement [3], the loss can be modified and can be
defined as:

CCCmax = 1� CCC (5.6)

The advantage with CCC loss is that as it considers both correlation and devi-
ation, it is robust against the outliers and because of the consistent range, it makes
di↵erent models more comparable regarding the performance.

Since in the evaluation, all three dimensions are predicted and evaluated; hence,
we modify the loss function to fit into this objective. Therefore, for all the at-
tributes of valence, arousal and dominance, we define the loss function with at-
tribute specific weights and for evaluation these weights are set in a balanced
manner.

CCCmax = 1� [(wv ⇤ CCCv)]� [(wa ⇤ CCCa)]� [(wd ⇤ CCCd)] (5.7)

where wv, wa, wd are the respective weights for the each attribute and CCCw, CCCa, CCCd

are the respective loss values computed for each attribute. For initial evaluation,
the weights are set to be equal with wv = wa = wd = 1/3.

5.3.6 Triplet Loss

While the above-mentioned loss functions work e�ciently for a regression problem,
however considering the CL these loss functions do not fit in considering there is
no ground truth value to compare to. Hence, there are other loss functions to focus
on and one of them being the triplet loss [30].
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It is a kind of loss function to measure the similarity among di↵erent samples
and map the samples in the feature space in such a way that similar samples are
close together while keeping the dissimilar samples far apart. It uses three dif-
ferent samples: an anchor sample against which the other two samples, positive
(belonging to the same class or distribution) and negative samples (belonging to a
di↵erent class and distribution) are compared. It is represented as:

LossTriplet = max(0, d(a, p)� d(a, n) +margin) (5.8)

Where d(a,X) is the function to measure the distance between either the an-
chor and the positive samples or the distance between the anchor and the negative
samples in the feature space, and the margin is a hyperparameter that controls the
minimum distance between the positive and negative samples. The triplet loss is
e�cient as it penalises a smaller distance between the anchor and negative sam-
ples or a greater distance between the anchor and the positive samples. Another
advantage is that this measure is e↵ective in the case of imbalanced datasets.

5.3.7 InfoNCE Loss

Similar to the triplet loss, InfoNCE loss function is also used while training the
model using in the CL technique and is used to capture the structure and learn
the underlying representations. However, compared to the former, InfoNCE loss
measure the agreement or the similarities between the distributions of the anchor
compared to the samples and mathematically equates as:

LossInfoNCE = �log(
exp( sim(i,j)

⌧ )

⌃kexp(
sim(i,k)

⌧ )
) (5.9)

where sim(i,j) is the similarity between the ith and jth examples in the input
data, ⌧ is a temperature hyperparameter controlling the softness of the probability
distribution, and ⌃kexp(

sim(i,k)
⌧ ) is a normalisation term ensuring probability sums

up to 1.

As portrayed through the Equation-5.9, it is di↵erent from triplet loss as it
does not require triplets and can be used with multiple forms of data or datasets.
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5.4 Training Setup

The experiments focus on six di↵erent setups, one for each training stage (three
stages including pre-training, intermediate-training and fine-tuning) per domain
(speech and visual).

5.4.1 Model Hyperparameters

All our models have a specific role to play in the entire pipeline of detecting the
dimensional emotions. Hence, the hyperparameter details for each of the networks
are laid out in the following sections. However, few of the hyperparameters used
are consistent throughout all the models unless specified otherwise, which includes
the learning rate (lr), which is set to 0.05 and is configured using cosine annealing
technique to improve convergence. The optimiser used is Stochastive Gradient
Descent (SGD), for which the momentum is set to 0.9 with weight decay (wd) of
10�4.

Non-Contrastive Learning (NCL) Based Speech Architecture

For the training of this model, we select a batch size of 128 which is in line with the
findings by the authors in the SimSiam model [20], where the performance remains
same or decreases after increasing the batch size above 512. For the purpose of
evaluation, gradient accumulator (ga = 2) is applied taking the total batch size to
256. Along with that, the final embedding size D = 2048, which is achieved using
the projection head and recreated using the prediction bottleneck structure where
the hidden layer’s dimension size is set to 1024 unlike the original model, where
this has a dimension of 512.

For the multi-head attention, a 4-layer, 4-head Conformer is used which receives
the embeddings from a 5-layer convolution stack with an embedding size of 512.
In total, the model is trained for a total of 50 epochs.

Contrastive Learning (CL) Based Speech Architecture

For this phase of the training, the core structure and the hyperparameters are kept
unchanged with the exception of batch size, which due to the size of the model
and complexity of the problem is set to 16. For e�ciency, it is increased to 64 with
the use of gradient accumulator ga = 4. Since, the batch size is of 16, a total of
K = 14 negative samples are used per batch, however, this number increases to
K = 62 with the use of gradient accumulator. Similar to the NCL approach, the
model is trained for 50 epochs.

Fine-Tuning Based Speech Architecture

The only change applied to this model is the addition of the multiple dense layers,
producing a final embedding of D = 3, corresponding to valence, arousal and
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dominance for the evaluation against the ground truth. The training is done with
a batch size of 64, without any gradient accumulator for a total of 200 epochs.

Table 5.2: Hyperparameter comparison across the three stages of the Speech Model
Training.

Attributes NCL-Based
Speech Model

CL-Based
Speech Model

Fine-Tuned
Speech Model

Batch Size 128 16 64

Gradient
Accumulator

Yes Yes No

Batch Size with
Gradient
Accumulator

256 64 N/A

Learning Rate 0.05 0.05 0.05

Momentum 0.9 0.9 0.9

Weight Decay 1.0e4 1.0e4 1.0e4

Warm Start No No No

Epochs 50 50 200

Frozen Encoder No No Yes

Mutual Contrastive Learning (MCL) Based Visual Architecture

For this model, the hyperparameter settings followed in SimCLR [17] are used,
where ⌧ = 0.1. However, the embedding size is changed from 128 to 512 for con-
sistency across models, which is achieved using the projection head.. In contrast
to the SimCLR approach, the total batch size13 used is of 16. In order to increase
the batch size, similar to that of the speech model, gradient accumulator (ga = 4)
is used to help enhance the representations. Similar to the speech contrastive net-
work, with the batch size of 16, a total of K = 14 negative samples are used per
batch, however, this number increases to K = 62 with the use of gradient accu-
mulator.

The learning rate of 0.1 is used and is configured using the cosine annealing
technique, which kicks in after the period of 20 epochs, as the first 20 epochs are
used as a warm start within the total of 100 epochs.

13Due to hardware limitations, only a batch size of 16 was possible for e�cient learning
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Optimisation Based Intermediate Visual Architecture

This model uses a total batch size of 64, and is trained for a total of 100 epochs.
As the network follows the SL approach, the pre-trained encoder is followed by a
fully-connected layer, leading to a final output of D = 70, where each prediction
leads to a facial landmark point.

Fine-Tuning Based Visual Architecture

Finally, the model used for fine-tuning remains similar to the intermediate network,
but the fully-connected layer is replaced by a smaller fully-connected layer, to
predict 3 outcomes of valence, arousal and dominance with the output of D = 3.
The network is trained for a total of 200 epochs.

Table 5.3: Hyperparameter comparison across the three stages of the Visual Model
Training.

Attributes MCL-Based
Visual Model

Intermediate
Visual Model

Fine-Tuned
Visual Model

Batch Size 16 64 64

Gradient
Accumulator

Yes No No

Batch Size with
Gradient
Accumulator

64 N/A N/A

Learning Rate 0.1 0.05 0.05

Momentum 0.9 0.9 0.9

Weight Decay 1.0e4 1.0e4 1.0e4

Warm Start Yes No No

Epochs 100 100 200

Frozen Encoder No No Yes

5.4.2 Evaluation Metric

As the scope of the thesis is limited to the continuous prediction of the VAD dimen-
sional attributes of the emotion, CCC scores are used as an evaluation metric for
each of the attributes of valence, arousal and dominance both for the speech and
the visual domain. For fair evaluation, the metric is used using the best-performing
epoch on the validation set for all the models. On top of that, direct comparison
with the SOTA is another metric used to evaluate the model performance.
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Furthermore, for appropriate comparison, all the results are computed using
the standard Leave-One-Session-Out (LOSO) 5-fold session cross-validation and
the average of all the results is reported.

5.5 Results

5.5.1 Contrastive over Non-Contrastively learnt Represen-
tations

Table-5.4 and Table-5.5 present the performance of the models curated in this
thesis in terms of CCC scores for valence, arousal and dominance in both speech
and visual domain respectively based on two di↵erent emotion classifier: (a) 6-
Way emotion classifier which includes ”neutral”, ”anger”, ”sadness”, ”happiness”,
”excitement” and ”surprise” as the discrete emotions whereas (b) 4-Way emo-
tion classifier includes just ”neutral”, ”anger”, ”sadness” and ”happiness” as the
discrete emotions.

Table 5.4: Comparison of the two di↵erent approaches followed for learning speech
representations. The analysis is based on the 4-way and 6-way emotion classifiers.
The arrow indicator (*) represents better performance with a higher score.

Speech Model CCCV alence * CCCArousal * CCCDominance *
NCL (4-Way) 0.563 0.636 0.511

NCL (6-Way) 0.561 0.625 0.503

NCL + CL (4-Way) 0.601 0.686 0.612

NCL + CL (6-Way) 0.596 0.646 0.603

Table 5.5: Visual Model performance comparison on 4-way and 6-way emotion
classifier. The arrow indicator (*) represents better performance with a higher
score.

Visual Model CCCV alence * CCCArousal * CCCDominance *
CL (4-Way) 0.6 0.5877 0.513

CL (6-Way) 0.6 0.574 0.515

As can be seen from both the tables, the models in both domains perform
significantly better using the 4-way emotion classifier compared to the 6-way emo-
tion classifier. This shows that the model is able to generalise well on the data
when there is a majority label available (as explained in Section-5.1.2) compared
to when they are not. Especially with the models in the speech domain, there is
a noticeable improvement across all three attributes of the dimensional emotions
compared to the visual model, where the improvement is only seen for arousal
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while it remains the same for the other two attributes.

Another important aspect that can be noticed is the performance improvement
caused by the intermediate pre-training performed using CL on the already pre-
trained encoder using NCL. The NCL + CL based pre-trained encoder outperforms
the NCL based encoder. It can be hypothesised that despite learning good repre-
sentations without the use of negative samples, the representations can be further
improved by providing contrastive knowledge (negative samples) to the network.
Thus, producing better and more generalised representations which facilitates and
helps improve the performance on the downstream task, in this case, dimensional
emotion prediction.

Table 5.6: Comparison of Our model with the SOTA models in the visual or joint
domain based on the CCC scores on the IEMOCAP Dataset. The arrow indicator
(*) represents better performance with a higher score.

Visual Model CCCV alence * CCCArousal * CCCDominance *
Joint Temporal
Aware Model⇤⇤ [83]

0.5883 0.6689 -

Cross-Attention
Fusion Model⇤⇤ [102]

0.670 0.590 -

User Emotion
Recognition⇤⇤ [76]

0.586 0.171 -

V GG� V ideo⇤

Base Model [137]
0.486 0.549 0.212

Real-Time Emotion
Detection⇤ [135]

0.389 0.39 0.403

DialigueRNN⇤ [1] 0.37 0.6 0.37

MIMAMO Net⇤ [2] 0.529 0.377 -

Multi-CNN⇤ [63] 0.535 0.365 -

Personalised A↵ective
Memory⇤ [12]

0.60 0.34 -

Ours

Visual Model

(CL)

0.6 0.5877 0.513

This is also visible through the 2D prediction space for both the 4-way (Figure-
5.4) and 6-way (Figure-5.5) emotion classifier. Both of these figures portray the
suitability of the representations across discrete emotions, being able to separate
the properties of each discrete emotion from the other. For example, the network
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is able to distinguish between sadness and anger as well as happiness from neutral
emotion.

5.5.2 Comparison with SOTA

Table-5.7 and Table-5.6 showcases the comparison of our approach with the pre-
vious SOTA models using the CCC scores individually across all the dimensional
attributes. As it can be seen from the tables, the NCL + CL speech model ap-
proach outperforms all the other previous SOTA models evaluated on the IEMO-
CAP dataset with an improvement of 34% on valence, 3.4% on arousal and 18%
on dominance except preCPC model [69], which is trained using the LibriSpeech
[97] using CPC approach. While there is no visible evidence for the di↵erence in
the performance, however, it can be due to the hardware capabilities available14

which restrict the batch size compared to the multi-GPU training implemented
with higher batch size for CPC.

For the visual model, however, it is really di�cult to evaluate the model as
there are not many models available which predict the dimensional emotion at-
tributes using the CCC score using IEMOCAP as the evaluation dataset. Hence,
we compare the results with the models being evaluated on IEMOCAP. Along
with them, we also report the results of the models using di↵erent datasets (rep-
resented using ⇤) solely for reporting purposes. Among these models, some of the
approaches involve joint predictions using either the text or speech along with the
visual features (represented using ⇤⇤). Furthermore, none of the models using the
synthetic data applies the learning for this downstream task. Hence, for the eval-
uation, the visual model is compared with the SOTA joint learning models where
the speech modality assists the visual modality for prediction. It is important to
note that all these approaches involve real-world images or faces compared to the
synthetic data used in our approach.

As seen from Table-5.6, CL based visual model is comparable to all the SOTA
models using the dual modality for learning representations. This not only supports
the hypothesis that synthetic data help learn generalisable representations but also
the approach used in this study helps in learning e�cient feature embeddings for
emotion prediction in the continuous domain. It is also worth noticing that the
performance of the visual model is on par with the NCL approach used for the
speech model.

14All the experiments are performed using 2 NVIDIA GeForce RTX 2080 Ti GPUs, having
11GB of available memory
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Table 5.7: Comparison ofOur models with the SOTAmodels in the speech domain
based on the CCC scores on the IEMOCAP Dataset. The arrow indicator (*)
represents better performance with a higher score.

Speech Model CCCV alence * CCCArousal * CCCDominance *
preCPC [69]
SOTA

0.752 0.752 0.691

14-Layer CNN [120] 0.259 0.431 0.272

Wav2Vec-2.0
(Base) [11]

0.409 0.602 0.488

Hubert
(Base) [51]

0.413 0.630 0.487

Wav2Vec-2.0
(Large) [11]

0.384 0.654 0.478

Hubert
(Large) [51]

0.425 0.639 0.465

Wav2Vec-2.0
(Large and Robust)
[51]

0.448 0.663 0.518

Wav2Vec-2.0
(Large and Vox) [124]

0.412 0.658 0.496

Wav2Vec-2.0
(Large and Xls-R) [8]

0.399 0.657 0.496

Ours

Speech Model

(NCL)

0.563 0.636 0.511

Ours

Speech Model

(NCL + CL)

0.601 0.686 0.612

5.6 Ablation Study

5.6.1 Impact of Batch Size

As visible from figure-5.6, a larger batch size benefits the overall model perfor-
mance. With the smaller batch size, the models stop learning and never converge,
i.e overfitting whereas, through larger batch size, the weight updates are not as
frequent as in the case of lower batch size. Hence, optimised performance.

A similar trend is seen in the case of CL as well, which benefits from a larger
batch size as more negative samples are available compared to having a lower batch
size.
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Figure 5.4: 2D attribute space for the dimensional emotions using the 4-way clas-
sifier.

Figure 5.5: 2D attribute space for the dimensional emotions using the 6-way clas-
sifier.

5.6.2 Impact of Gradient Accumulator

Gradient Accumulator works in a way that reduces the frequency of weight updates
by accumulating the gradient over multiple steps. This proves to be beneficial in
the case of NCL as the learning approach benefits from less frequent updates.
Compared to NCL, CL seem to have less to no performance improvement with
gradient accumulator. The hypothesis behind this could be the number of negative
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samples which remain the same. As only the gradient is accumulated which helps
improve the training time; however the number of negative samples seen by the
model remains the same. Hence, the benefit of the training process is limited.

5.6.3 Impact of equally weighted CCC Loss

Figure 5.6: (Left) NCL training loss plot with batch size = 128. (Right) NCL
training loss plot with batch size = 32.

As explained using equation-5.7, initially the model performance is evaluated
using the equal weights of 1/3. However, the loss has a di↵erent e↵ect on di↵erent
models. While using di↵erent weights of the loss for speech model benefits when
penalising arousal and domain heavily, compared to valence (Table-6.1), the e↵ect
is negligible for the visual model. This is further discussed in Chapter-6 under
Sub-section-6.1.1.
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Chapter 6

Discussion

As mentioned in Section-1.3, the focus of the thesis revolved around four research
questions. Taking into consideration the experimentation, results and analysis, the
upcoming sections will bring every research question into focus and delve into the
findings of this study.

6.1 Dimensional Emotion Representation

Research Question 01 : Is the emotional dimension of ”arousal” better rep-
resented through speech modality, whereas the visual modality correlates highly
with the ”valence” dimension of emotion?

In order to investigate and do the analysis for this question, we design the
scope of this study in such a way that the two modalities of speech and vision are
kept isolated. We curate two models for each modality, pre-train them and finally,
fine-tune them for the best possible results.

6.1.1 Training Results

As shown in Table-5.4 and detailed in Section-5.5, the speech models including
both the Speech-NCL model as well as Speech-CL model, perform significantly
better on the arousal dimension of the emotions compared to the valence as well
as the dominance dimension. While the speech modality can capture the distri-
bution of the valence dimension across the discrete emotions to some extent, the
correlation is significantly higher for the arousal dimension.

We notice a similar correlation while performing the ablation using the weighted
loss function in Section-5.6. The performance of the speech models significantly
improved when the loss was heavily penalised for the arousal domain compared
to the penalty applied for the valence domain, where there were no significant
gains in the final prediction. However, the model’s performance degrades instead,
suggesting more correlation with the arousal dimension for the speech modality.
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Table-6.1 shows the quantitative results

Table 6.1: E↵ect for penalising the dimension of the emotion equally as well as
heavily within the loss function.

Penalised Dimension CCCV alence CCCArousal

Equal 0.563 0.636

Arousal 0.443 0.654

Valence 0.513 0.586

While the results for the speech model are easy to interpret, it is slightly more
complex in the case of the visual modality. As shown in Table-5.5, the model
outperforms in the valence domain of emotion compared to the arousal dimension.
However, the di↵erence is insignificant. It could be due to the variety of expressions
available, including many tangible expressions through the synthetic data. It is
usually not the case with real-world data where the expressions are more subtle.

6.2 Emotional Dimension Correlation

Research Question 02 : Do emotional dimensions correlate with facial at-
tributes like facial landmarks?

It is an essential aspect as humans tend to portray and perceive emotions
through facial expressions, which a↵ect facial attributes. In order to do our analysis
on this question, an intermediate training step for the visual modality involves fine-
tuning the encoder representations using the facial landmarks available through
the FaceSynthetics dataset. Table-6.2 shows the impact of this step, which clearly
shows the positive impact of the fine-tuning approach, helping gain significant
performance on all dimensions.

Table 6.2: E↵ect for penalising the dimension of the emotion equally as well as
heavily within the loss function.

Training Phase CCCV alence CCCArousal CCCDominance

Contrastive
Pre-Training

0.349 0.401 0.243

Encoder Fine-Tuning 0.6 0.5877 0.513

50



6.3. Synthetic Data - The Solution?

6.3 Synthetic Data - The Solution?

Research Question 03 : Can synthetic data help learn universal and generalis-
able facial features and bridge the gap with real-world data?

Since the scope of studying the emotional dimensions is in the visual domain,
synthetic data is a potential solution for further analysis in the field. The per-
formance achieved solely through the pre-training was nominal. However, further
fine-tuning of the model using the synthetically available landmarks brings the
model performance on par with the previously available SOTA models.

6.4 Iterative Pre-Training

Research Question 04 : Can iterative pre-training of the models using unsu-
pervised learning improve the performance on the downstream tasks?

Our hypothesis about the performance optimisation using iterative pre-training
proves to be correct as the iteratively trained model outperforms the model pre-
trained once by 11% on mean performance across all the dimensions of the emotion.
It is a significant improvement showing better representations than the ones learnt
using only the NCL for the speech model.
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Conclusion

In this work, we presented multiple approaches and architectures for predicting the
dimensions of the emotions using the Non-Contrastive Learning (NCL) and Con-
trastive Learning (CL) approach for the speech modality, whereas using CL and
intermediate encoder fine-tuning for the visual modality to predict the emotion
dimensions. The e↵ects of the training and the impact of the training approach,
along with the choice of datasets, are carefully analysed. Combining the findings
improves the models considerably over previous methods using Self-Supervised
Learning (SSL) or transfer learning. The model training and the results discussed
previously are through the use of the publicly available standard datasets of IEMO-
CAP, TED-LIUM and FaceSynthetics. This thesis demonstrates a correlation be-
tween speech and arousal and between the visual aspect and valence dimension of
emotion.

Furthermore, we discuss the positive e↵ects of iterative pre-training using UL,
improving the performance on the dimensions of the emotion significantly (11% on
the mean prediction across all three dimensions of valence, arousal and dominance).
The approaches followed led to better model performance than all previous SOTA
and were on par with the current SOTA models in the speech domain. Whereas
in the visual domain, the model outperforms all SOTA models, and performance
is on par with the fusion models using more than one modality.

An additional contribution is the highlighted correlation between the facial
landmarks and the emotion dimensions. While the pre-training provided nominal
results on the downstream task, the facial landmark-based fine-tuning propelled
the performance. Moreover, this is only possible due to the availability of 70 facial
landmark points annotated synthetically and precisely, which is not possible with
a human annotation which is error-prone. It further leads to the hypothesis that
synthetic data can help bridge the gap with real-world datasets, as curating these
datasets is cost-e↵ective with the data generation done using computer graphics
and without human annotations. It is also less time-consuming as the data creation
task replaces data collection. Another aspect is the e↵ectiveness of the dataset as
the data is diverse, with variations in ethnicity, background, lighting e↵ects and
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expressions, which is di�cult to achieve on real-world datasets.

Therefore, the proposed approach and architecture can be used further in future
applications for learning e↵ective speech and visual representations. Studying the
e↵ect of these representations in a fusion approach using collaborative learning
will be interesting. Thus, it is kept as a future work and as an aspiration to
further expand the capabilities of speaker detection and identification, speech-to-
text, speech to visual expressions, along with other applications that could solve
the real-world problems
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Shah. Signature verification using a ”siamese” time delay neural network.
In J. Cowan, G. Tesauro, and J. Alspector, editors, Advances in Neural
Information Processing Systems, volume 6. Morgan-Kaufmann, 1993.

[15] Carlos Busso, Murtaza Bulut, Chi-Chun Lee, Abe Kazemzadeh, Emily
Mower, Samuel Kim, Jeannette N Chang, Sungbok Lee, and Shrikanth S
Narayanan. Iemocap: Interactive emotional dyadic motion capture database.
Language resources and evaluation, 42:335–359, 2008.

[16] Mathilde Caron, Ishan Misra, Julien Mairal, Priya Goyal, Piotr Bojanowski,
and Armand Joulin. Unsupervised learning of visual features by contrasting
cluster assignments. In H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan,
and H. Lin, editors, Advances in Neural Information Processing Systems,
volume 33, pages 9912–9924. Curran Associates, Inc., 2020.

[17] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geo↵rey Hinton.
A simple framework for contrastive learning of visual representations. In
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Appendix

FaceSynthetics Dataset

Figure 7.1: Sample images from FaceSynthetics Dataset [128]. From top to bottom,
the image shows 6 di↵erent types of augmentation including the original image and
the image with facial landmark points.
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Figure 7.2: Per-pixel semantic class segmentation mapping to the original synthe-
sized image.

Apart from the augmentations already mentioned, facial segmentation images
are also used as part of the visual model training as can be seen in Figure-7.21.

1Figure-7.2 is directly taken from the source: https://github.com/microsoft/FaceSynthetics.
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