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Abstract

Automatic continuous affect recognition is a vital component towards a complete and

natural interaction between human and machine. However, the task is challenging

as human emotions lack temporal boundaries and are expressed through various

modalities and in various ways among different individuals and cultures. On top

of that, the perception of emotion is highly subjective which makes the task even

more challenging. The recent years, several advancements have been accomplished

in determining the emotional states with the use of Deep Neural Networks (DNNs).

Nevertheless, most of these methods fail to consider multiple modalities to model

affect, or do not fully exploit the strong representation capabilities of DNNs as they

also rely on hand-engineered features.

In this thesis, we aim to provide deep learning methodologies and models for the

multimodal continuous affect recognition task, trained in an end-to-end manner,

i. e. utilising the raw input signal. In particular, we show that utilising multiple

modalities in an end-to-end deep learning model enhances the performance of the

model than using a single modality when trained under controlled or naturalistic

environmental conditions. Although using multiple modalities can be beneficial

to the model’s performance, it is important how the information from multiple

modalities is fused to the model. To this end, we investigate the integration of

attention methods to fuse multiple modalities in a deep neural network architecture,

and present the performance gains these methods provide compared to conventional

approaches. Finally, observing the high performance of end-to-end DNN models, we

provide a toolkit that provides end-to-end learning capabilities.
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Chapter 1

Introduction

1.1 Problem Scope and Challenges

Human-to-Human Interaction (HHI) is prevailed by the emotional behaviour of in-

dividuals. Several research fields study the human behaviour including, but not

limited to, cognitive science, linguistics, psychology, and computer science. The

branch of computer science that studies the human emotions from an intelligent

system’s point of view, such as robots and virtual humans, is called affective com-

puting. Its goal is to augment intelligent systems with the capability to detect,

understand, and process emotions of humans. Essentially, affective computing tries

to integrate emotional intelligence to machines.

To achieve this goal it is important for intelligent systems to consider multiple cues

(modalities) as human emotions are presented with many different modalities includ-

ing, but not limited to, visual [40], acoustic [182], body gestures [50], text [3], and

physiological signals such as Electrocardiogram (ECG) [164], Electroencephalogram

(EEG) [2], and Electromyogram (EMG) [78].

However, the task of intelligent systems to recognise emotions is challenging. First,

human emotions have fuzzy temporal boundaries. Difficulties arise into specifying
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the start or the completion of an emotion. In addition, emotions are expressed differ-

ently for each individual, and one utterance may contain more than one emotion [5].

Affective computing field has been studied for more than 25 years, with traditional

approaches to try to extract from the raw signal hand-engineered (or hand-crafted)

features which were built upon knowledge gained in decades of research and have

shown to be robust for many domains. Examples of such features, for instance in

the audio field are Mel-Frequency Cepstral Coefficients (MFCC), Perceptual Linear

Prediction (PLP) coefficients, and supra-segmental features. After the feature ex-

traction step, a machine learning algorithm is used to find appropriate for the task

at-hand patterns.

With the advent of Deep Neural Networks (DNN) in the last decade, a number

of groundbreaking improvements have been observed in several established pattern

recognition areas such as object, speech and speaker recognition, as well as in com-

bined problem solving approaches, e. g., in audiovisual recognition, and in the rather

recent field of paralinguistics. DNN can be broadly grouped in two categories de-

pending on the representation information they extract: (i) spatial DNN like Con-

volution Neural Networks (CNN), that extract spatially features, and (ii) temporal

DNN like Long Short-Term Memory (LSTM), that find temporal patterns in the

signal. These network variants can model the inherent structure contained in the

modality signals, and can derive a representation of the input signal directly from

raw (end-to-end), unprocessed data utilising as little human a-priori knowledge as

possible.

Although several advancements have been observed in the affective computing field,

a number of challenges remain unsolved, which limit the applicability of current

systems. First, several systems have mainly focused on recognising emotions under

constrained (laboratory) conditions meaning human and environmental constraints.

These conditions do not allow the models to generalise to naturalistic settings where



1.2. Objectives 17

realistic behavioural (i. e. unconstrained) conditions of the subject and the envi-

ronment are entailed. In addition, it is not straightforward how to exploit fusing

multiple modalities in a single network. Temporal variations in the signals due to

different sampling rate enhance this problem. Finally, the literature lacks an end-to-

end baseline models completely entailed by DNN that can focus on either unimodal

or multimodal models.

1.2 Objectives

In this thesis we aim to improve (in terms of performance criteria) the emotional

Artificial Intelligence (AI) behaviour analysis systems. The methods will be applied

to controlled and naturalistic data, which focus on capitalising on the power of deep

learning methodologies. In particular, the following questions are to be addressed:

1. Does integration of multiple modalities in a single system have better per-

formance over unimodal systems when deep learning models are trained and

evaluated in an end-to-end manner for continuous emotion recognition?

2. How do end-to-end deep learning methodologies perform when trained and

evaluated under spontaneous conditions for continuous emotion recognition?

3. Can attention methods improve the performance of a multimodal model when

trained under naturalistic conditions in an end-to-end manner?

4. Can we provide a toolkit to the affective computing community that provides

profiling end-to-end learning capabilities?

Objective 1. Studies in the literature have indicated that, with the use of hand-

crafted features, multimodal emotion recognition systems can outperform the uni-

modal ones [115, 73] because they can exploit the complementary information in the

input signals. However, at the time of this thesis there was no study showing the
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results of end-to-end deep neural network models. For our purposes, we use (at the

time) well-established end-to-end deep learning architectures to show the benefits

of combining multiple input signals. The raw information is utilised as input to the

model and thus performing end-to-end learning. This answers Question 1.

Objective 2. Several deep learning models have been proposed in the literature for

continuous emotion recognition [56, 69]. However, there is no study to show the eval-

uation performance of each model. On top of that, the proposed studies do not show

how the models are affected from the different hyperparameters. In this thesis, we

study the performance of deep learning models by analysing spontaneous and nat-

uralistic behaviour that was collected from web-cameras and microphones. For our

purposes, we leverage constrained and naturalistic continuous emotion recognition

datasets that provide multiple modalities, namely, the recently proposed REmote

COLlab-orative and Affective (RECOLA), and the Sentiment Analysis in the Wild

database (SEWA) datasets.

Objective 3. Combining the information from different modalities is vital for

the multimodal system’s performance. Traditional approaches concatenate the per

modality information before further processing. This approach assumes the uni-

modal information of each modality to be of equal importance. However, this can

be problematic when for example a sensor fails, and hence its information becomes

redundant. Motivated by this, we study the problem of fusing the multiple input

signals in a unified representation using attention-based methods. This answers

Question 3.

Objective 4. Currently, highly hand-engineered features (e. g., Low Level Descrip-

tors (LLD) for the audio modality, and geometric for the visual one) are utilised

for different types of tasks which are unique to each modality. These features

are extracted from well-established toolkits (e. g. OpenSmile [43]), and are heav-

ily used to provide baseline results for several emotion recognition challenges such
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as the Audio/Visual Emotion Challenge and Workshop (AVEC) [116, 115]. On the

other hand, there is no toolkit that provides end-to-end deep learning approaches

for the affective computing community. Recently proposed DNN-based toolkits

utilise hand-crafted features (e. g. spectrograms) as input. To this end, we de-

velop End2You, an end-to-end learning toolkit that provides multimodal profiling

capabilities. This answers Question 4.

1.3 Contributions

In this section, the main contributions of this Ph.D. thesis are described in more

detail and are related to the aforementioned objectives of Sec. 1.2.

• Multimodal Affect Recognition in Controlled Environments (chap-

ter 3)

Emotion understanding is an imperative component of intelligent systems in

order to achieve a natural interaction with humans. For numerous years hand-

engineered features that were built upon knowledge gained after decades of

research, have been used in the affective computing field However, the last ten

years a shift has been observed in the community towards utilising deep neural

networks (DNN). With the advent of DNN, a number of groundbreaking im-

provements (performance-wise) have been observed in the emotion recognition

domain. In this chapter, we study automatic affect sensing using both speech

and visual information in an end-to-end manner. In more detail we propose

and train a newly proposed end-to-end speech emotion recognition model and

train an end-to-end visual emotion recognition model using a residual network

of 50 layers, and show their corresponding performances. Finally, we inte-

grate the information extracted by the speech and visual networks in a single

audiovisual emotion recognition system. The models are trained using the

RECOLA dataset, in which videos were captured under controlled (or posed
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or laboratory) environmental conditions. This chapter provides solution to

Objective 1 and (partially) 2 of Sec. 1.2.

• Multimodal Affect Recognition in Naturalistic Conditions (chapter 4)

The affective computing community has wildly focused on controlled environ-

mental setting, mainly due to its simplicity. However, these conditions do not

apply to naturalistic (i. e. "in-the-wild") environments where unconstrained

conditions of visual and speech are entailed [13]. In this chapter, we study

the automatic continuous affect recognition task in naturalistic conditions. In

particular, we utilise text, audio, and visual modalities to develop our in-the-

wild multimodal system. We propose a transformer-based [163] architecture

to extract information from the text modality, and use state-of-the-art speech-

and visual-emotion recognition networks. The choice of the best performing

audio and visual models is conducted based on an extensive evaluation of cur-

rent state-of-the-art approaches. In addition, we present novel attention-based

fusion strategies to combine the information extracted from the unimodal mod-

els. Using attention methods provides us with the capability to visualise which

modality has the highest contribution to each frame, and the words that con-

tribute the most to the final prediction. This chapter provides solutions to

Objectives 3 and (partially) 2 of Sec. 1.2.

• End-to-End Multimodal Profiling Applications (chapter 5)

Although DNNs have greatly improved several different fields of artificial in-

telligence including the affective computing field, still several hand-engineered

features are utilised, especially in the audio domain that have long been stud-

ied and provide human a-priori knowledge in the field. However, DNNs provide

the capability to be trained in an end-to-end manner, i. e., using raw infor-

mation, with the least possible human a-priori knowledge. In this chapter, we

propose the End2You toolkit – the Imperial College London toolkit for mul-



1.4. Impact and Applications 21

timodal profiling. The toolkit provides network architectures, training and

evaluation capabilities with either unimodal or multimodal input which can

be audio, visual, audiovisual, or any other kind of modality or sensor data such

as physiological data. In addition, it provides a number of multimodal fusion

strategies using attention mechanisms. Finally, we extensively experimented

with our toolkit in a number of tasks where we compare its performance with

other well-established toolkits. This chapter provides solution to Objectives 4

of Sec. 1.2.

1.4 Impact and Applications

As already discussed end-to-end multimodal emotion recognition models are trained

without any human priors (i. e. hand-engineered features). This is very powerful

as we are getting away from severely engineered features to ones that are highly

tailored to a specific task and we are obtaining from weak assumptions that the

hand-engineered features make. This highlights the impact of developing end-to-

end learning models.

The impact of the proposed research direction is immense, spanning a wide, diverse

range of applications, namely:

Advertisements. Advertisement systems can benefit from emotional intelligence

as they can deliver an enhanced user experience by creating more targeted

advertisements for the consumers.

Video Games. Currently lacks emotional understanding of individuals. An emotion-

aware game can adapt its difficulty based on the player’s responses.

Online Tutoring. The computer system interacting with humans should under-

stand their emotion state in order to react and “behave” properly. The online



22 Chapter 1. Introduction

tutoring systems can adapt the teaching process based on the emotional state

of individuals and achieve better learning outcome.

Additionally, the proposed ideas of this Ph.D. thesis, along with the provided open-

source implementations, have the potential to accelerate research in other disciplines,

such as healthcare, education, and robotics. This is possible by leveraging the

multimodal end-to-end DNN models.

1.5 Publications

In this section, we provide a list of publications that were authored during the course

of this Ph.D. thesis. We split these publications in two categories: (i) those that are

related to the contents of this thesis 1.5.1 and (ii) other publications that are not

directly relevant 1.5.2.

1.5.1 Related Publications

The work presented in this thesis, is directly related to the following publications:

• Tzirakis, P., Trigeorgis, G., Nicolaou, M.A., Schuller, B.W. and Zafeiriou, S..

End-to-end multimodal emotion recognition using deep neural networks. IEEE

Journal of Selected Topics in Signal Processing, 11(8), pp.1301-1309, 2017.

• Tzirakis, P., Zafeiriou, S. and Schuller, B. Real-world automatic continuous

affect recognition from audiovisual signals. In Multimodal Behavior Analysis

in the Wild (pp. 387-406). Academic Press, 2019.

• Tzirakis, P.*, Zhang, J.* and Schuller, B.. End-to-end speech emotion recog-

nition using deep neural networks. In Proc. IEEE International Conference

on Acoustics, Speech and Signal Processing (ICASSP), pp. 5089-5093, 2018.
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• Tzirakis, P.*, Chen, J.*, Zafeiriou, S., Schuller, B., End-to-end multimodal

affect recognition in real-world environments, Information Fusion, Volume 68,

pp. 46-53, 2021.

• Tzirakis, P., Zafeiriou, S. and Schuller, B.. End2You–The Imperial Toolkit for

Multimodal Profiling by End-to-End Learning. arXiv preprint arXiv:1802.01115,

2018 (submitted to JMLR).

• Tzirakis, P., Boros, D., Hajiyev, E., and Schuller, B.. Facial Emotion Recog-

nition using Deep Residual Networks in Real-World Environments, 2021.

• Stappen, L., Baird, A., Rizos, G., Tzirakis, P., Du, X., Hafner, F., Schumann,

L., Mallol-Ragolta, A., Schuller, B., Lefter, I., Cambria, E., and Kompatsiaris,
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Emotion-target Engagement and Trustworthiness Detection in Real-life Me-

dia: Emotional Car Reviews in-the-wild. In Proc. of the 1st International on
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(MuSe’20). In Proc. ACM Multimedia, pp. 35–44, 2020.

• Schuller, B., Steidl, S., Batliner, A., Marschik, P.B., Baumeister, H., Dong,

F., Hantke, S., Pokorny, F.B., Rathner, E., Bartl-Pokorny, K.D., Einspieler,

C., Zhang, D., Baird, A., Amiriparian, S., Qian, K., Ren, Z., Schmitt, M.,

Tzirakis, P., Zafeiriou, S. The INTERSPEECH 2018 Computational Paralin-
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Proc. Interspeech, pp. 122-126, 2018.

• Schuller, B., Steidl, S., Batliner, A., Bergelson, E., Krajewski, J., Janott, C.,

Amatuni, A., Casillas, M., Seidl, A., Soderstrom, M., Warlaumont, A.S., Hi-

dalgo, G., Schnieder, S., Heiser, C., Hohenhorst, W., Herzog, M., Schmitt, M.,
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1.6 Thesis Outline

The present study is structured into six main chapters as follows.

Chapter 1 primarily presents an introductory motivation and the raised objectives

of the thesis, followed by a structure of the present study.
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Chapter 2 covers the theoretical background of emotion along with the current state

of affective computing field. In particular, recent databases, and unimodal and

multimodal emotion recognition systems are described.

Chapter 3 presents a multimodal emotion recognition system in posed environments,

i. e., with environmental constraints. In addition, a methodology on how to built

speech emotion recognition models is described.

Chapter 4 presents an affective computing system that can operate on naturalistic

environments. More specifically, a novel text architecture is presented, along with

attention-based fusion strategies.

Chapter 5 presents an end-to-end toolkit that provides capabilities for training uni-

modal and multimodal systems. The toolkit has been used in a number of challenges

that are described in the Chapter.

Chapter 6 summarises the contributions of this thesis along with the weaknesses of

the proposed approaches. Furthermore, future research directions are outlined.
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2.1 Introduction

In this chapter, our first aim is to present the audiovisual cues that convey emotions

and how emotions can be modelled. Our second purpose is to describe the advances

of the affective computing community towards continuous emotion recognition facing

posed and naturalistic conditions.

The chapter is organised as follows. The first part (Sec. 2.2) describes how emotions

can be perceived from audio and visual information, the main categories emotions

can be quantified in, and the key differences between naturalistic and laboratory

27
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settings. The second part is focused on the affective computing field (Sec. 2.3)

by first describing the main publicly available databases (Sec. 2.4) along with the

function that is commonly used for training and evaluation of deep learning models

(Sec. 2.5). Then, we discuss the progress achieved using only one modality (Sec. 2.6),

and in particular the audio, visual, and text ones that are more relevant to this thesis.

Finally, models using multiple modalities are presented (Sec. 2.7), focusing on the

audiovisual domain.

2.2 Theories of Emotion

Emotions are inherent biological states of humans. They affect several aspects of our

lives including mental/physical health, work, and social interactions [39]. Humans

can automatically and subconsciously recognise emotions [168]. To do so, the (hu-

man) emotion recognition system takes advantage of the multiple cues and signals

(or modalities) that are available including but not limited to visual, acoustic, body

gestures and others [19]. In this section we present the signals that convey emotion

in the speech modality.

2.2.1 Speech Signals

An important modality for emotion recognition is speech, which conveys both lin-

guistic and acoustic information [129]. Although linguistic information can be help-

ful in speech emotion recognition, it can be misleading, as the words can be misin-

terpreted. For instance, sarcasm is difficult to be understand from spoken words.

Furthermore, spoken language depends on the individual, meaning that different

words are used from different humans for exactly the same thing [125].

On the other hand, acoustically encoded information is often very significant for

affect recognition. For example, the intonation, intensity, and speaking rate of the

voice convey vital information for the arousal of the speaker. More particularly, com-
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mon findings in the literature suggest that the mean of the fundamental frequency

(F0), the speech rate, and the mean energy of the speech signal are positively cor-

related with the arousal of an individual [20, 71]. However, the reality of today’s

engines is much more complex than that with several tens to even thousands of

characteristics being used to model speech acoustics for emotion recognition.

2.2.2 Quantifying Affect

Quantifying emotions has long been in the interest of various research areas like

psychology and neuroscience. According to Grandjean et al. [51], there are three

major approaches to characterise emotional models: categorical, dimensional, and

appraisal-based. These are the ones mainly used in technical approaches these days,

whereas in particular categorical and dimensional approaches are pre-dominating.

Categorical Emotions

The categorical approach indicates that there are a few emotions that are basic,

and can be recognised universally independent of the race. This theory has been

extensively studied in the literature for many years. The most famous model is the

model of Ekman [38], which suggests that there are six basic emotions that can

be recognised universally, namely, surprise, fear, disgust, anger, joy, and sadness.

However, many emotion researchers believe that the affective states are a lot more

complex, and that the emotions are not independent from one another, but related

in a systematic manner [119]. Hence, a small number of states cannot capture the

complexity of the emotions.

Dimensional Emotions

The dimensional approach suggests that emotions are not independent, but related

to one another. Russell [119] proposed to characterise emotions with a small number
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of latent dimensions. To this end, he described emotions with a circular configuration

called Circumplex of Affect. This model represents the affective states in a two

dimensional bipolar space. These dimensions are the arousal, which indicates how

apathetic (i. e., boredom) or active (i. e., excited) the subject is, and valence, which

indicates the degree of pleasant or unpleasant feelings. Figure 2.1 depicts this model.

Figure 2.1: Circumplex of Affect. The horizontal axis represents the valence and
the vertical the arousal. [119]

Appraisal-based Emotions

A relatively newer approach that models affect was introduced by Scherer, and

is called Component Process Model (CPM) [122]. It is based on the appraisal-

based approach [45, 51]. In this method, the emotions are assumed to be generated

through the evaluation of events from the outside world and the internal state of

the individual (e. g., motivation, physiological reactions).

2.3 Affective Computing

Affective computing is the field of science that tries to recognise, analyse, and pre-

dict the affective (syn. emotional) state of humans. It has been studied for more

than 20 years and it is an important step towards a complete and natural Human-
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Computer Interaction (HCI). Applications can be found in social psychology, video

conferencing, user profiling, image retrieval, psychological area, e-learning, health

care, gaming and others.

However, recognising emotion is a very challenging task. First, the duration of

human emotions vary significantly and depends on the person and the situation.

In addition, emotions are expressed differently among different individuals [5] and

cultures. The difficulty of affect recognition is further escalated in naturalistic envi-

ronments where uncontrolled conditions are entailed.

In the next sections, we focus on presenting the progress achieved to day in the

affective computing community. First, we describe common databases that are

used in the field and are relevant to this thesis. Thereafter, after we introduce the

Concordance Correlation Coefficient (CCC) measure and show how it can be used as

a loss function, we shortly describe the main unimodal emotion recognition literature

focusing on audio, visual and textual information. Finally, after presenting the main

multimodal fusion strategies, we discuss recent studies for the multimodal emotion

recognition domain.

2.4 Databases

Databases are vital to train and evaluate models for affect recognition. The methods

of collecting affect data can be categorised as follows [171]: (i) posed (or laboratory),

(ii) naturalistic (or induced or in-the-wild), and (iii) spontaneous (or real-world).

The posed method indicates that an actor was used to express different emotions.

In the naturalistic class, a subject’s emotions are triggered by, for example, watching

TV or listening to music or imagining a story, etc. Finally, the real-world databases

are collected when a spontaneous emotion is expressed by a subject when he/she

does not know that he/she is recorded.

Before continuing the discussion on well-established databases, it is important to
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further clarify the differences between naturalistic and laboratory settings, as both

these settings are provided by the datasets that are used for the experiments. The

main differences of these two settings are the following:

• Environmental conditions. Laboratory settings consider controlled envi-

ronmental conditions, i. e., without noise or reverberation. However, in natu-

ralistic settings the environmental conditions are not controlled. In addition,

there may be different kinds of occlusions, which do not occur in a controlled

environment.

• Subject movements and linguistics. Restrictions may be applied to the

subject in terms of bodily movements, either moving head/hands or changing

its position, in the laboratory settings. However, no such constrains apply

in naturalistic situations. The subject can freely make any movement he/she

desires.

• Subject’s expressions. Posed settings may limit the expressions the partic-

ipants can perform. On the other hand, in a naturalistic environment humans

do not restraint themselves and can perform any kind of expression. Simi-

larly, the verbal content may be prompted or predifend in lab settings and

thus limited in some way. Obviously, this would be different in naturalistic

conditions.

Since the discussion of this thesis is focused on naturalistic continuous emotion

recognition, we present well known databases focusing on in-the-wild conditions

and continuous affect prediction for audio-visual purposes. For further study the

interested reader is forwarded to [171].

Numerous databases have been proposed in the literature for continuous emotion

recognition. One of the first databases for continuous affect recognition was the Hu-

maine database [35], which includes 50 recordings with multiple modalities, namely
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speech, language, gesture, face and physiological. Another database is the Sus-

tained Emotionally coloured Machine-human Interaction using Nonverbal Expres-

sion Dataset (SEMAINE) [99], which contains 959 conversations from 150 partici-

pants where each participant is interacting with an automatic agent. The modalities

it supports are audiovisual. The Belfast induced natural emotion database [136] also

includes audiovisual clips for various tasks. However, few of them are for continu-

ous emotion recognition. Another database is the MAHNOB mimicry dataset [16],

which was the first natural human-to-human interaction and consists of 54 audiovi-

sual recordings (11 h) from 12 confederates and 48 counterparts. As a final example,

the Acted Facial Expressions in the Wild (AFEW) [33] dataset is a facial expression

data corpus. In a late edition, it is comprised of 1 426 video clips extracted from

movies and annotated into six emotions plus a neutral: anger, disgust, fear, sadness,

happiness, surprise, and neutral. Static frames were extracted from the video clips

of AFEW, and the Static Facial Expressions in the Wild (SFEW) was created.

2.5 Objective Function

The Concordance Correlation Coefficient [87] (CCC) is frequently-used measure for

emotion regression. It evaluates the agreement level between the predictions of the

network and the gold-standard derived from the annotations. It has extensively

been used the last 10 years in several publications [113, 116] as evaluation metric.

Mathematically, given two time series x and y, the CCC is calculated as follows:

CCC =
2σ2

xy

σ2
x + σ2

y + (µx − µy)2
(2.1)

where µx = E(x), µy = E(y), σ2
x = var(x), σ2

y = var(y) and σ2
xy = cov(x, y).

Several studies in the literature used to minimise the Mean Squared Error (MSE)

during the training of the networks, and evaluated the models with respect to
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CCC [113, 116]. In our studies, we propose to include the metric used to evalu-

ate the performance in the objective function (Lc) used to train the networks. Since

the objective function is a cost function, we define Lc as follows:

Lc = 1− CCC = 1− 2σ2
xyψ

−1, (2.2)

where ψ = σ2
x + σ2

y + (µx−µy)
2. The gradient of the loss to be propagated from the

last layer with respect to the weights is

∂Lc

∂x
∝ 2

σ2
xy(x− µy)

ψ2
+
µy − y
ψ

, (2.3)

where all vector operations are done element-wise.

For our purposes we train our networks to regress N output, and as such we define

the loss function as:

L =

∑N
i=1 Li

c

N
(2.4)

where Li
c is the concordance loss for output i.

2.6 Unimodal Emotion Recognition

A number of approaches have been proposed the last 20 years in the literature exist

that try to predict the emotional states of individuals using unimodal information

such as audio, visual, or text [6, 14, 15, 27, 41, 126, 19, 37]. The pipeline of tra-

ditional machine learning approaches [158, 148], first, involved extracting features

from the unimodal signal. Examples of extracted features for the audio modality
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include Mel-Frequency Cepstral Coefficients (MFCCs), and Linear Prediction Cep-

stral Coefficient (LPCCs) in the audio domain, for the visual modality are the His-

togram of Oriented Gradients (HOG), Local Binary Pattern from Three Orthogonal

Planes (LBP-TOP), Local Phase Quantisation (LPQ), and Scale-Invariant Feature

Transform (SIFT) for the visual modality, and for the text modality Term Fre-

quency–Inverse Document Frequency (TF-IDF), and Bag of Words (BoW). These

features are then passed to a machine learning algorithm. Examples of such algo-

rithms include K-Nearest Neighbour (K-NN), Random Forest, and Support Vector

Machines (SVM).

Although these algorithms had widely been used, they now become more and more

obsolete due to the advent of Deep Neural Networks (DNN) [88] which outper-

form traditional approaches in several areas including computer vision, and speech

analysis. These networks learn hierarchies of features where the higher levels are

formed by the composition of lower level features. They are composed of multiple

layers stacked on top of each other, with each layer learns representations from the

previous layer. The layers are composed of non-linear modules that transform the

representation of the previous layer. Stacking multiple layers in this manner com-

plex functions can be learned. A series of neural network architectures have been

revitalised, such as Autoencoder networks, Convolutional Neural Networks (CNNs),

Deep Belief Networks (DBNs) or memory enhanced neural network models such as

Long Short-Term Memory (LSTM) models.

In this section, we focus on providing a small review of the most recent and well-

known emotion recognition studies in the literature that utilise DNN models either

in an end-to-end manner, meaning using the raw input representation, or having a

feature extraction step before using a DNN.
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2.6.1 Visual Emotion Recognition

Visual emotion recognition is an essential component in HCI that captures non-

verbal cues from facial emotions. Applications can be found in mental state iden-

tification, security, automatic counseling systems, lie detection, and automated tu-

toring systems. Recently several advancements have been accomplished towards a

complete Facial Emotion Recognition (FER) system, mainly due to the latest CNN

architectures that have been proposed in the computer vision domain such as Resid-

ual Networks (ResNet) [62], VGG-Face [107], MobileNet [64], and others. Providing

sufficient data for the training, these networks have the capability to compute robust

features, and as a consequence have high emotion recognition performance.

The high performance of these models is obtained given that the face is the input

to these models. This can be accomplished with either a face detector such as

the Multi-task Cascaded Convolutional Networks [180], or with a tracker algorithm

such as Multi-Domain Convolutional Neural Network Tracker (MDNet) [103], which

takes the bounding box of the face in the first frame of the video and tracks it in all

frames.

Numerous papers have been proposed the last years that utilise the visual modal-

ity for the emotion recognition task. For example, Huang et al. [69] proposed a

transductive learning framework for image-based emotion recognition by combining

DNNs and hypergraphs. More particularly, after the DNN was trained for the emo-

tion classification task, each node in the last fully connected layer was considered

as an attribute and used to form a hyperedge in a hypergraph. In another study,

Ebrahimi et al. [36] combined CNNs and RNNs to recognise categorical emotions

in videos. A CNN was first trained to classify static images containing emotion.

Then, the extracted features from the CNN were used to train an RNN to produce

an emotion for the whole video. Yang et al. [174] proposed De-expression Residue
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Learning (DeRL) where a generative model is used to extract the neutral face image,

and then the method learns the residue (emotion) that remains in the generative

model. In another study, [100] propose a deep learning approach based on atten-

tional convolutional network. In a similar study, [83] uses a feature extractor based

on VGG-Face [107] and a 2-layer Recurrent Neural Network (RNN) to account for

the temporal information in the data, before getting the final prediction. For more

affect recognition studies that exploit the visual information, the interested reader

is referenced to Li et al. [90].

2.6.2 Speech Emotion Recognition

The speech signal conveys the paralinguistic information of the speaker which is

an important factor to recognise emotions. Applications can be found in mobile

services [179], call centres [54], and physiological assessment [95]. The Speech Emo-

tion Recognition (SER) field has several breakthroughs with the advent of DNNs.

Examples of such networks can be found in Zheng et al. [183], where extracted

a log-scaled spectrogram from the raw waveform, before using CNNs for the final

prediction. In another study, Xu et al. [172] proposed head fusion, a multi-head

self-attention method. In a more recent studies, Neumann et al. [105] proposed an

attentive convolutional neural network (ACNN) that combines CNNs and attention

with a multi-view learning objective function. Xu et al. [173] proposed a hierar-

chical grained and feature model where features are extracted from a frame- and

utterance-level structure before feeding them to a RNN for the final prediction.

Other studies use the raw waveform to model affect. For example, Trigeorgis et

al. [151] proposed a deep convolutional recurrent neural network architecture utilis-

ing the raw waveform in an end-to-end training. In a more recent study, Li et al. [91]

proposed the use of self-attention and global windowing in the transformer model

for the task at hand. In yet another study, Triantafyllopoulos et al. [150] investigate
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the usefulness of speech enhancement models such as deep residual networks for the

speech emotion recognition task.

2.6.3 Text Emotion Recognition

Affect recognition via textual information, also known as sentiment analysis, has

become a fundamental research area in natural language processing. Applications

can be found in proliferation of user-generated content including but not limited

to understanding customer feedback, and user comments in social media. As with

the visual and speech modalities, DNN have achieved state-of-the-art performance

on various sentiment tasks [79, 7]. Early studies focused on modelling text using

RNN such as LSTM and GRU [137, 138]. Thereafter, CNN started to be used for

the modelling in combination with RNN. One of the first studies was performed

by Kim et al. [79] which proposed a character-aware neural language model that

first learns word representations at character-level using a CNN, and then models

language tasks at word-level utilising LSTM. Most recent studies rely heavily on

attention mechanism methods which provide state-of-the-art performance [94, 184,

177]. Other studies focused on Multiple Instance Learning (MIL) [7], and domain

adaptation [121]. The interested reader is referenced to [101] for more studies that

can be found in the literature exploiting text modality for sentiment analysis.

2.7 Multimodal Emotion Recognition

Human-to-Human (HHI) interactions, and as a consequence affective behaviour, is

multimodal; we see faces, hear voices, read text. Although the affective community

focused on building unimodal emotion recognition systems for the past 20 years,

the last 10 years there is a shift in the research field towards building multimodal

systems by incorporating several modalities. The main reason is that complementary

information between the modalities, and hence can further boost the performance
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of the trained models. For example, it is easier to identify that someone is laughing

by looking at their face rather than their speech.

However, several challenges exist on combining the unimodal cues [12]:

1. It is not trivial on how to represent the unimodal information such that the

complementarity and redundancy of multiple modalities is exploited.

2. Long-range dependencies can be exhibited in two or more modalities, and

hence an alignment is required. For example, text, which is by nature ’un-

aligned’ with the visual modality, needs to take into account long range de-

pendencies.

3. Fusing the modalities together is yet another challenge. Different modalities

can have different predictive power for the learning task. For example, it may

be the case that for some frames one modality’s data are missing due to sensor

failure.

4. A fourth challenge is how to transfer knowledge between the unimodal rep-

resentations/features. This is important factor especially when one of the

modalities has limited resources.

These challenges have been addressed by the machine learning community [12, 152,

80, 82] as are common problems that occur in different fields such as audiovisual

lip reading [44], audiovisual speech recognition [109, 147], audiovisual speech en-

hancement [1] and others. For the purposes of this thesis the first three challenges

arise.

Before diving into the current research on multimodal emotion recognition, we first

briefly discuss the main fusion strategies that are being used to combine different
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modalities together. Then, we present the most recent studies on multimodal emo-

tion recognition, and give a short description on the competitions that have emerged

for continuous affect recognition that are relevant to this thesis.

2.7.1 Fusion Strategies

As mentioned earlier, one common challenge in multimodal machine learning is

fusing the information that is extracted from different modalities (i. e., audio, visual,

physiology, or alike). For this purpose, there are three common fusion strategies that

exist in the literature, namely, feature-level fusion, decision- or score-level fusion, and

model-level fusion. Fig. 2.2 shows these techniques.

Figure 2.2: The three main fusion strategies: (a) early fusion, (b) model-level fusion,
and (c) late fusion.

Early Fusion

The early (or feature-level) fusion combines the features extracted from different

modalities by concatenating them in a single feature vector before passing it to a

single prediction algorithm [34]. The process of this method is similar to the human

‘mechanism’. That is, humans first extract features from modalities such as audio or

visual cues, and then map these features to the same space before their prediction.

This method requires large training datasets as more information is captured than

using a single modality. An additional requirement for this method is that the
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modalities should be in correspondence. The main advantage of this strategy is that

a prediction will be available even if one modality’s data are missing.

Late Fusion

In the late (or decision-level) fusion, each modality prediction is utilised indepen-

dently, and then the scores of each modality are combined. The main disadvantage

of this method is that if the data of one modality are missing, then its full capabil-

ities cannot be exploited [34]. For classification tasks, the fusion can be performed

with a simple majority vote (albeit in more sophisticated versions, weights can be

introduced and even learnt), while for regression tasks, a linear regressor can be

trained using the prediction for each modality and its weights can be used for the

fusion.

Hybrid-level Fusion

The hybrid-level fusion combines the advantages of both the early and late fusion

strategies [9]. An example of a model-level fusion is to perform a feature-level fusion

of ‘some’ modalities and combine its prediction with scores from different modalities

that were processed independently. A recent example of such a method is proposed

by Wang et al. [167].

2.7.2 Related Research

As mentioned earlier, combining several modalities boost the performance of the

emotion recognition models due to the complementary information that exists be-

tween them. Several approaches have been proposed across the years that ex-

ploit two or more modalities such as audio, visual and text, in a unified sys-

tem [21, 159, 8, 53, 61, 152, 110, 160, 23, 149, 77, 142, 178]. The common pipeline

is to extract features from the unimodal data, and use a per-modality model to find
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relevant to the task at hand patterns, spatially and/or temporally, before the final

prediction.

Earlier DNN studies used to extract features from the raw input modality, and

use these features to train DNN models, such as Deep Belief Networks (DBF),

autoencoders, or RNNs such as LSTM, to get higher level of abstractions, that

have proven to have more predictive capabilities than conventional features [80]. As

in traditional approaches these features were, then, input to conventional learning

algorithms like SVM (or SVR for regression tasks) [80, 76, 146].

More recent studies utilise multitask learning [8], others combine fuzzy logic with

DNN [23], some investigates local and global interactions between unimodal fea-

tures [97], and others tried sentic blending [21], that enables the continuous inter-

pretation of semantics, and the conceptual and affective information, in a natural

language setting. Few works have been proposed for real-time analysis [149, 11]. It is

worth noting of transfer learning methods [159, 181] where a network is pre-trained

on large datasets and fine-tuned for the task at hand.

Of notable mention are studies that utilise attention mechanism to fuse (feature-

level fusion) the modalities into a unified representation. They have gained much

attention the recent years due to the high performing models it can produce, without

the need of human a-priori knowledge. Attention fuses the modalities by utilising a

weighted average of their features. Recent studies use attention to alleviate from the

misalignment that exists among modalities because of variable sampling rates [152,

156, 60, 112]. Several attention methods have been proposed such as global/local

attention [96] and transformer networks [152].

Affect Recognition Competitions

The importance of recognising emotions motivated the creation of a number of af-

fect recognition competitions whose datasets and submitted approaches are used in
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this thesis. The first ever Interspeech 2009 Emotion Challenge which was run for

speech only, which featured classes, and was followed by the first ever dimensional

Interspeech 2010 Paralinguistics Challenge, which had a continuous interest recog-

nition task1. These were followed by another first of its kind Audio/Visual Emotion

Challenge and Workshop (AVEC), which was first held in 2011 [132]. Its goal is

to compare the audio, visual, and later also physiological modalities to recognise

continuous emotions, as well as to estimate the severity of depression. Relevant to

this thesis are the studies submitted to the challenge. To give just but a bit of

insight into participants’ contributions, Huang et al. [70] proposed to use variants

of a Relevance Vector Machine (RVM) for modeling audio, video and audiovisual

data. In another work, a model by Weber et al. [169] used high-level geometry

features for predicting dimensional features. Brady et al. [18] also used low- and

high-level features for modeling emotions. In a different study, Povolny et al. [111]

complemented original baseline features for both audio and video to perform emo-

tion recognition. Somandepalli et al. [139] also used additional features, but only

for the audio modality.

The importance of predicting emotion in naturalistic environments led the AVEC

2017 emotion sub-challenge [115] to use the SEWA dataset which is comprised by

three modalities: text, audio, and visual. The baseline model [115] used hand-crafted

features in all of the modalities and a Support Vector Regressor (SVR) for the final

prediction. The winning model of the challenge was proposed by Chen et al. [24] and

use a multi-task learning method exploiting several deep convolutional neural net-

works. More particularly, they extracted visual features using the VGG-Face [107]

and the DenseNet [66] networks, audio features using IS10 [128] and the SoundNet

network [10]. Finally, textual features were extracted using pre-trained German

Word2Vec embeddings. Their final model comprised of passing all the unimodal ex-

tracted features to a LSTM network before the final prediction. In a similar study,

1cf. www.compare.openaudio.eu
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Huang et al. [68] utilizes several hand-crafted features in all modalities. More par-

ticularly, in audio they fine-tune on SEWA a network that was pre-trained on 300 h

of speech recognition and use its features along with most of the features provided

by the challenge. Similarly, in the visual modality they use geometric, appearance

and deep visual features, and finally, for the text they use a Bag-of-Text-Words

(BoTW). Another interesting study was submitted by Dang et al. [28] where they

proposed a fusion strategy using probabilistic predictions. As the previous studies

they use hand-crafted features in all the modalities; for audio they extract Bag-of-

Audio-Words and eGeMAPS, for visual they exploit appearence features and for

text BoTW. They form different feature sets which are passed to several regressors

and create 7 subsystems that fuse them together for the final prediction.

Another well known challenge that followed the example is the Emotion Recognition

in the Wild (EmotiW) [31] challenge. The first challenge was organised in 2013 [32]

and its main purpose is to challenge the community on ’in-the-wild’ data for emotion

recognition. In 2016, two sub-challenges were proposed [31]. The first used audio-

visual data for emotion recognition (VReco), and the second consisted of images

with groups of people and the task was to infer the emotional state of the whole

group (GReco). The winner of the GReco challenge used a CNN to extract useful

information from the faces in the image and then a RNN to combine the information

from the different extracted features for group emotion prediction. The winner of

the VReco subchallenge used (i) a CNN with a RNN on top, and (ii) a 3D CNN

to extract spatiotemporal features from the visual information of the video. These

networks were trained separately with a linear classifier. In addition, they used

the openSMILE [43] toolkit which has served as baseline toolkit across AVEC and

EmotiW (and further challenges) to extract features from the audio and train a

SVM. In the final step, they combined their predictions in a score-level fusion to

obtain their final prediction.
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3.1 Motivation

As discussed in the previous chapter, human-to-human interaction (HHI) is to a

large extent prevailed by the emotions, which are automatically and subconsciously

understood by humans. To truly achieve a natural human-machine interaction, it

is important for machines to be able to predict the emotional state of humans. A

45
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multitude of applications can be benefited from automatic emotion recognition ap-

proaches such as automatic tutoring systems, where the system adjusts the level

of the tutorial depending on the user’s affective state, such as excitement or bore-

dom [72].

The last ten years with the advent of deep neural networks (DNNs), a number of

groundbreaking improvements have been observed not only in the emotion recogni-

tion domain but also in several established pattern recognition areas such as object,

speech and speaker recognition, as well as in combined problem solving approaches,

e. g., in audio-visual recognition [104]. A series of neural network architectures

have been revitalised, such as autoencoder networks, Convolutional Neural Net-

works (CNNs), Deep Belief Networks (DBNs) or memory enhanced neural network

models such as Long Short-Term Memory (LSTM) models.

Numerous studies have shown the favourable property of these network variants

to model inherent structure contained in the audio and/or visual signal [63]. For

example, Wöllmer et al. [170] were one of the first to propose a DNN architecture for

affective computing which comprised of a three layer LSTM and was trained based on

functionals of acoustic Low-Level Descriptors (LLDs). In another study, Stuhlsatz

et al. [145] used Restricted Boltzmann Machines (RBM) to extract discriminative

features from the raw signal and proposed a Generalized Discriminant Analysis

(GerDA).

Although these studies had significant impact on the community, they used hand-

crafted features to train their DNN architectures. The last five years, however, a

trend in the pattern recognition community has emerged towards deriving a rep-

resentation of the input signal directly from raw, unprocessed data, attempting

an end-to-end optimisation scheme, utilising as little human a-priori knowledge as

possible [52]. The motivation behind this idea is that, ultimately, the network auto-

matically learns an intermediate representation of the raw input signal that better



3.1. Motivation 47

suits the task at-hand and hence leads to improved performance.

In this chapter, we study automatic affect sensing using both speech and visual in-

formation in an end-to-end manner. Features are extracted from the speech signal

using a CNN architecture designed for the audio channel. In particular, we propose:

(i) a "light" network inspired by Trigeorgis et al. [151] original publication, and

(ii) a methodology to build speech networks inspired from the computation of con-

ventional speech features like MFCCs, i. e., use small stride size in the convolution

operation, and a large kernel size with no overlap in the max-pooling operation.

To extract features from the visual modality we use a residual network (ResNet)

architecture of 50 layers [62]. The output of these networks are concatenated to feed

a LSTM before the final prediction. Contrary to the practices, where each network

is trained individually and the results are simply fed to a subsequent classifier, our

system is trained in an end-to-end manner. To our knowledge this is the first study

in the literature that applies such an end-to-end model for the audio-visual emotion

recognition task. On top of that, we suggest using explicit minimisation of the con-

cordance correlation coefficient (CCC) [87] (see Se. 2.5) in our model and show that

this improves performance in terms of emotion prediction compared to optimising

the mean square error objective, which is traditionally used.

To show the benefits of our proposed multimodal model, we evaluate it in the RE-

mote COLlaborative and Affective (RECOLA) database (see Sec. 2.4). A part of this

database was used for the Audio/Visual Emotion Challenge and Workshop (AVEC)

2016. Our model is trained and tested using the whole database. Results show that

the multimodal model benefits from the two modalities by producing equal results

for arousal and valence as the (unimodal) speech and visual networks, respectively.

We compare the unimodal and the multimodal models using results obtained from

the AVEC 2016 challenge (see Sec. 2.7.2). Only the papers that used the audio, vi-

sual or audio-visual modalities are considered. In order to perform a fair comparison
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we apply the proposed method on the test set of the AVEC challenge. As shown by

our experiments, our unimodal models produce the best results for both the speech

and visual modalities.

The contributions of this chapter can be summarised as follows:

• propose two speech networks to process the raw waveform. To create one of the

networks we present a methodology to decide the kernel size of a convolution

layer and a max-pooling one.

• suggest an end-to-end audio-visual emotion recognition system, where we

utilise our proposed speech network with a ResNet-50 model to process the

visual signal.

• propose to train and evaluate our unimodal and multimodal networks using

the Concordance Correlation Coefficient (CCC) instead of the MSE loss that

was widely used.

The content of this chapter is based around the following publications:

• Tzirakis, P., Trigeorgis, G., Nicolaou, M.A., Schuller, B.W. and Zafeiriou, S.,

2017. End-to-end multimodal emotion recognition using deep neural networks.

IEEE Journal of Selected Topics in Signal Processing, 11(8), pp. 1301-1309.

• Tzirakis, P., Zafeiriou, S. and Schuller, B., 2019. Real-world automatic con-

tinuous affect recognition from audiovisual signals. In Multimodal Behavior

Analysis in the Wild, pp. 387-406. Academic Press.

• Tzirakis, P.*, Zhang, J.* and Schuller, B.W., 2018, April. End-to-end speech

emotion recognition using deep neural networks. In Proc. IEEE International

Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 5089-

5093.
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The remainder of the chapter is organised as follows. Section 3.2 introduces the

end-to-end models, i. e., the two speech networks, the visual, and the multimodal

ones. Section 3.3 presents the experiments performed and reports the results for the

unimodal and the multimodal networks. Finally, Section 3.4 concludes this chapter.

3.2 Proposed Method

A key component of our model is the convolution operation. For the audio and

visual signals, 1-d and 2-d convolution is used, respectively. The 2-d convolution is

defined as follows:

(f ? h)(i, j) =
T∑

k=−T

T∑
m=−T

f(k,m) · h(i− k, j −m), (3.1)

where f(x) is a kernel function whose parameters are learnt from the data of the task

at hand. After the spatial-modeling of the signals, which removes background noise

and enhances specific parts of the signals, we model the temporal structure of both

speech and video using a recurrent network with LSTM cells. We use LSTM for (i)

simplicity, and (ii) to fairly compare against existing approaches which concentrated

in the combination of hand-engineered features and LSTM networks. Finally, our

model is subsequently trained with backpropagation by maximising the concordance

correlation loss (Sec. 2.5).

3.2.1 Visual Network

Deep convolutional networks have been widely used in the computer vision domain,

providing state-of-the-art results in several fields, including object detection, and

face recognition. For our purposes, we utilise a deep residual network (ResNet) of

50 layers [62] to extract features from the face of individuals as it was shown to

provide great results for spontaneous environmental conditions [13]. As input to the
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network we used the pixel intensities from the cropped faces of the subject’s video.

Deep residual networks adopt residual learning by stacking building blocks of the

form:

yk = F(xk, {Wk}) + h(xk), (3.2)

where x and y are the input and output of layer k, F(xk, {Wk}) is the residual

function to be learned and h(xk) can be either an identity mapping or a linear

projection to match the dimensions of the function F and the input x.

The first layer of ResNet-50 is a 7 × 7 convolutional layer with 64 feature maps,

followed by a max pooling layer of size 3× 3. The rest of the network comprises of

4 bottleneck architectures, where after these architectures a shortcut connection is

added. These architectures contain 3 convolutional layers of sizes 1× 1, 3× 3, and

1×1, for each residual function. Table 3.1 shows the replication and the sizes of the

feature maps for each bottleneck architecture. After the last bottleneck architecture,

an average pooling layer is inserted.

Bottleneck layer Replication Number of feature maps
(1× 1, 3× 3, and 1× 1)

1st 3 64, 64, 256

2nd 4 128, 128, 512

3rd 6 256, 256, 1024

4th 3 512, 512, 2048

Table 3.1: The replication of each bottleneck architecture of the ResNet-50 along
with the size of the features maps of the convolutions.
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3.2.2 Speech Network

Our speech network is aimed to extract features from the raw waveform and learn

the regression task in one jointly trained model for predicting the emotional state of

individuals. The first attempt was performed by Trigeorgis et al. [151] and it was a

nearly-blind search of the hyperparameters of the convolution neural network, which

outperformed the at the time state-of-the-art models. We simplify their model by

using smaller kernel size of the convolutions that results in faster training and higher

performance. Our decision to search for a smaller kernel size stems from the process

of extracting conventional features, where small kernel size is used. We call our

model Emo-16.

In addition, we propose another speech network architecture that is inspired by the

the way conventional speech features, like MFCCs, are computed. To the best of

our knowledge, none of the studies in the literature mention a methodology on how

the pooling size should be selected based on the kernel size of the convolution layer.

In most cases, these are selected experimentally. For our purposes, we propose a

simple methodology that computes the kernel size and stride of the convolution and

the max-pooling operations. More specifically, we define the rate of overlap (R)

between kernel size (K) and pooling size (P ) as follows:

R =
K − 1

K + P − 1
. (3.3)

The overlapping ratio R is less than 1 and its common value for creating hand-

crafted features is considered most of the times around 0.5. If we use stride instead

of max-pooling to reduce the dimensionality of the signal, we need to keep the rate

of overlap around 0.5. However, we found that using convolution provides worse

performance than using max-pooling. An intuition behind this finding is that first

we extract the most important information and discard the futile, while it takes
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Figure 3.1: Depicting the (a) Emo-16, and (b) Emo-18 architectures. Emo-16 is
comprised of two blocks of convolution and max-pooling with the second’s block
max-pooling to be applied in the channels. On the other hand, Emo-18 is comprised
of three blocks of convolution and max-pooling, all of which operate in the time
domain.

all information into consideration when using strides. At this time, we need to

keep R less than 0.5 since we do not want it to extract the similar information

for successive frames. To this end, between convolution and max-pooling layers we

consider R < 0.5 (i.e. R ≈ 0.4) for all layers. We call the derived model Emo-18.

Table 3.2 depicts the architecture of the two models, which are also described in the

two following sections. Fig. 3.1 depicts the two networks.

Emo-16

Input. The raw waveform is segmented to 6 s long sequences after it is preprocessed

to have 0 dB reference level. At 16 kHz sampling rate, this corresponds to a 96000-

dimensional vector, which is the input to the speech network.

Temporal Convolution. We use F = 40 space time finite impulse filters with a 5ms

window (size of 80) in order to extract finer-scale spectral information from the high

sampling rate signal (16 kHz).

Pooling across time. The impulse response of each filter is passed through a half-

wave rectifier (analogous to the cochlear transduction step in the human ear) and

then downsampled to 8 kHz by pooling each impulse response with a pool size = 2.
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Speech Network Layer Kernel/Stride Channels Activation

Emo-16

Convolution 20/1 40 ReLU

Max-pooling 2/2 — —

Convolution 40/1 40 ReLU
Max-pooling
(channel-wise) 10/10 — —

Emo-18

Convolution 8/1 64 ReLU

Max-pooling 10/10 — —

Convolution 6/1 128 ReLU

Max-pooling 8/8 — —

Convolution 6/1 256 ReLU

Max-pooling 8/8 — —

Table 3.2: Network architecture for Emo-16, and Emo-18 speech networks.

Temporal Convolution. In total, M = 40 space time finite impulse filters of 500ms

window (size of 4000). These are used to extract more long-term characteristics of

the speech and the roughness (i. e., irregularities) of the speech signal.

Max pooling across channels. Max-pooling across the channel domain is performed

with a pool size of 10. This reduces the dimensionality of the signal while preserving

the necessary statistics of the convolved signal.

Dropout. Due to the large number of parameters compared to the number of training

examples, some regularisation is needed in order for the model not to overfit on the

training data. To this end, a dropout with a probability of 0.5 was used.

Emo-18

Input. After we preprocess the raw signal to have zero mean and unit variance, we

segment it to 20 s sequences long and use them as input. At 16 kHz this corresponds

to 320 000-dimensional input vector.
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Temporal Convolution. We use 64 time impulse filters with kernel size of 8 to extract

information from the raw signal in the first convolution layer.

Max-pooling. Based on the previous kernel size (8), we apply max-pooling with a

size of 10 to decrease the frame rate of the signal and keep the most descriptive

features. The stride is also 10.

Temporal Convolution. Going deeper we want to extract a larger number of high-

level abstractions. For this purpose, we convolve in the time domain with a kernel

size of 6 and with a channel size of 128.

Max-pooling. To keep the overlap rate below 1, we pool across the time domain with

a size of 8, and stride also 8.

Temporal Convolution. The last convolution layer provides us with an even higher

level of abstractions. We keep the kernel size to 6 and increase the filter size to 256.

Max-pooling. Considering the kernel size of the previous convolution layer, we per-

form a max-pooling across time with a size of 8, and stride also 8.

As in the Emo-16 network we use dropout regularisation after each pooling layer,

with a probability of 0.5.

3.2.3 Multimodal Network

Our multimodal network is comprised of the multimodal feature extraction part,

which contains the speech and visual networks, and the temporal feature extraction

part, which contains the RNN. Fig. 3.2 shows the multimodal network.
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Figure 3.2: The network comprises of two parts: the multimodal feature extraction
part and the RNN part. The multimodal part extracts features from raw speech and
visual signals. The extracted features are concatenated and used to feed a 2-layer
LSTM network. These are used to capture the temporal information in the data.

3.3 Experiments & Results

3.3.1 Database

To show the beneficial properties of our approach we utilised the REmote COLlab-

orative and Affective (RECOLA) database, introduced by Ringeval et al. [117], for

time-continuous prediction of spontaneous and natural emotions (arousal and va-

lence). Four modalities are included in the corpus: audio, visual, electro-cardiogram

(ECG) and electro-dermal activity (EDA). The emotions investigated in this database

are spontaneous and natural. In total, 9.5 h of multimodal recordings from 46

French-speaking participants were recorded and annotated for 5minutes each, per-

forming a collaboration task in dyads during a video conference. Among the partic-

ipants, 17 were French, three German and three Italian. The database is split into

three partitions – train (16 subjects), validation (15 subjects) and test (15 subjects)
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– by stratifying (i. e., balancing) the gender and the age of the speakers. Finally, 6

French-speaking annotators (three male, three female) annotated all the recordings.

Table 3.3 contains more details for each split of the database. The original labels

of the RECOLA are re-sampled at constant frame rate of 40ms. The data is then

averaged over all raters by considering the inter-evaluator agreement, to provide a

‘gold standard’. Each record is 300 s audio data with a sampling rate of 16 kHz.

Feature Train Valid Test

Female/Male 10/6 9/6 8/7

French 11 11 11

Italian 3 2 3

German 2 1 1

Portuguese 0 1 0

age µ(σ) 22.3(3.4) 21.6(2.1) 21.2(2.0)

Table 3.3: The partitioning of the RECOLA database.

3.3.2 Experimental Setup

For training the models, we utilise the Adam optimisation method [81], and a fixed

learning rate of 10−4 throughout all experiments. For the audio models, we use a

mini-batch of 25 samples. In addition, for regularisation of the network, we utilise

dropout [141] with p = 0.5 for all layers except the recurrent ones. This step is

important, as our models have a large amount of parameters and not regularising

the network makes it prone on overfitting on the training data.

For the video model, the image size used is 96 × 96 with a mini-batch of size 3.

A small mini-batch is selected because of hardware limitations. The data were

augmented by resizing the image to size 110 × 110 and randomly cropping it to

equal its original size. This produces a scale invariant model. In addition, colour

augmentation is used by introducing random brightness and saturation to the image.
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3.3.3 Training Process

Before training the multimodal network, each modality-specific network is trained

separately to speed up the training procedure. Details for each network’s training

are found below.

Visual Network. For the visual network, we chose to fine-tune the pre-trained

ResNet-50 on the database used in this work. This model was trained on the Ima-

geNet [118] classification dataset that consists of 1 000 classes. The pretrained model

was preferred over training the network from scratch in order to be benefited by the

features already learned by the model. To train the network, a 2-layer LSTM with

256 cells each is stack on top of it to capture temporal dynamics in the signal.

Speech Networks. The CNN networks operate on the raw signal to extract features

relevant to the task at-hand. In order to consider the temporal structure of speech,

we use 2-layer LSTM with 256 cells each on top of the CNN.

Multimodal Network. After training the visual and speech networks, the LSTM

layers are discarded, and only the extracted features are considered. The speech

networks extract 1 280-dimensional (Emo-16), and 256-dimensional (Emo-18), fea-

tures while the visual network extracts 2 048-dimensional features. These are con-

catenated to form for the Emo-16 a 3328-dimensional feature vector, and for the

Emo-18 a 2 304 feature vector, which are then fed to a 2-layer LSTM with 256 cells

each. The weights of the LSTM layers are initialised following Glorot based initial-

isation [49], and the visual and speech networks are initialised utilising the weights

of the unimodal models. Finally, the whole network is trained in an end-to-end

manner.

The goal for each unimodal and the multimodal network is to minimise the average

Concordance Correlation Coefficient (CCC):
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Lc =
La

c + Lv
c

2
, (3.4)

where La
c and Lv

c are the CCC of the arousal and valence, respectively.

3.3.4 Ablation study

Due to memory and training instability concerns [25] it is not always optimal to use

very large sequences in recurrent networks. The justification for this can be either

the over-blowing of gradients or the very deep unrolled graph which makes training

of such big networks harder.

In order to choose the best sequence length to feed our LSTM layers, we conducted

experiments using sequence lengths of 75, 150, and 300 for both the speech and

the visual models. We have not included higher sequence length for memory con-

straints from the visual modality. In addition, we show the models performance

when they are trained using one emotion dimension as output, and using both of

them. Table 3.4 shows the results on the development set.

For the visual network we expect to get the highest value in the valence dimension,

while for the speech model in the arousal dimension. Results indicate that the best

value for the speech and visual models is 150, either training the models with one

or multiple outputs. We also observe that training the models with one emotion

dimension provides slightly better results that training than training the model

with both dimensions. However, this comes with a cost of more training time and

resources as we need to train two networks separately for the same modality, and

also we double the number of parameters. In addition, after performing the wilcoxon

test, we concluded that the results are not statistically significant. To this end, for

the rest of our experiments we choose to train our models with 150 sequence length,

and both emotion dimensions.
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Network Sequence
Length Arousal Valence Both

Arousal Valence

Visual network

75 .264 .513 .278 .501

150 .299 .531 .296 .524

300 .291 .519 .287 .517

Speech network
(Emo-16)

75 .651 .312 .646 .305

150 .676 .335 .672 .332

300 .667 .321 .661 .327

Speech network
(Emo-18)

75 .706 .385 .698 .373

150 .731 .408 .723 .397

300 .716 .394 .709 .385

Table 3.4: Results (in terms of CCC) on arousal and valence after 60 epochs when
varying the sequence length for the speech and visual networks.

In order to compensate for the discontinuities that the LSTM introduces in the

beginning of the processing of the sequence, a chain of post-processing is applied by

a number of studies in the literature [116, 115, 56] to the predictions obtained on

the development set: (i) median filtering (with the size of the window ranging from

0.4 s to 20 s) [116], (ii) centring (by computing the bias between the gold-standard

and the prediction) [75], (iii) scaling (using the ratio of standard-deviation of the

gold-standard and the prediction as scaling factor) [75] and (iv) time-shifting (by

shifting the prediction forward in time with values ranging from 0.04 s to 10 s), to

compensate for delays in the ratings [98]. Any of these post-processing steps is kept

when an improvement is observed on the CCC of the validation set, and applied

then with the same configuration on the test partition.

In our proposed approach, we study end-to-end learning, meaning from the raw input

getting the final prediction without any intermediate steps. In order to compensate

for the discontinuities introduced by the LSTM and free ourselves from using the
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post-processing method, we evaluate the model using the whole input sequence,

though it was trained on a smaller input sequence. We use the model that was

trained with 150 input sequence length (Table 3.4) as suggested from our previous

experiments. Table 3.5 depicts the results. As expected, evaluating the model in

a smaller sequence produces the worse results. On the other hand, evaluating the

model in the whole input sequence the results are improved significantly but not as

much as using the post-processing approach which produces the best results. As we

are studying end-to-end learning methodologies, in what follows, we do not use the

post-processing method, rather we evaluate the results on the whole input sequence.

Network Eval
Method Arousal Valence

Visual network

NO .296 .524

PP .371 .637

WH .364 .621

Speech network
(Emo-16)

NO .672 .332

PP .786 .428

WH .772 .407

Speech network
(Emo-18)

NO .723 .397

PP .815 .502

WH .808 .493

Table 3.5: Results (in terms of CCC) on arousal and valence for the speech and visual
networks when no post-processing is introduced and the same sequence length as in
training is used (NO), when post-processing is applied (PP), and when the whole
sequence is evaluated at once without any intermediate processing methods (WH).

3.3.5 Speech Modality

We first compare our speech networks with traditional approaches, i. e., using hand-

engineered features extracted from the raw waveform. Results obtained for the Emo-

16 and Emo-18, using all 46 participants of the RECOLA database are shown in
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Table 3.6. In all of the experiments, our models outperform the designed features in

terms of CCC. One may note, however, that the eGeMAPS [42] feature set provides

close performance on valence, which is much more difficult to predict from speech

compared to arousal. Furthermore, we show that by incorporating CCC directly in

the optimisation function of all networks allows us to optimise the models on the

metric CCC on which we evaluate the models. This provides us with i) a more

elegant way to optimise models, and ii) gives consistently better results across all

test-runs as seen in Table 3.6.

Predictor Features Arousal Valence

a. Mean squared error objective

SVR eGeMAPS .318 (.489) .169 (.210)

SVR ComParE .366 (.491) .180 (.178)

BLSTM eGeMAPS .300 (.404) .192 (.187)

BLSTM ComParE .132 (.221) .117 (.152)

Proposed (Emo-16) raw signal .684 (.728) .249 (.312)

Proposed (Emo-18) raw signal .754 (.786) .334 (.396)

b. Concordance correlation coefficient objective

BLSTM eGeMAPS .316 (.445) .195 (.190)

BLSTM ComParE .382 (.478) .187 (.246)

Proposed (Emo-16) raw signal .702 (.786) .365 (.428)

Proposed (Emo-18) raw signal .778 (.815) .502 (.493)

Table 3.6: RECOLA database results (in terms of CCC) for prediction of arousal
and valence. In parenthesis are the performances obtained on the development set.
In a) we optimised the models w. r. t. MSE whereas in b) w. r. t. CCC.

In addition, we compare the performance of our models with more recent approaches

that existed in the literature. Most of them have been submitted to the AVEC 2016

challenge, with 27 participants (Table 3.7). For fair comparison, we test our model on

the same test set. In case performance on the test or validation set was not reported
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in the paper, a dash is inserted. Results show that our model outperforms the other

models in the test set when predicting the arousal dimension. It is important to

notice that although our model gets a lower CCC on the arousal dimension for the

validation set compared to the baseline of the challenge, its performance is better on

the test set, indicating that the tailored to the task at hand features learned by our

models have high generalisable capabilities compared to the hand-crafted features

of the other approaches.

Comparing our two proposed models, Emo-18 performs better in both the arousal

and valence dimensions than Emo-16. We believe the extra convolution layer in

the Emo-18 network provides higher level of abstractions, and as such the model is

able to learn more complex functions. In addition, the Emo-16 network performs

its second max-pooling along the channel dimension, which seems not to be able to

preserve the necessary information extracted in the time-domain, as is the case for

the Emo-18.

Predictor Features Arousal Valence

Baseline [162] eGeMAPS .648 (.796) .375 (.455)

RVM [70] eGeMAPS – (.750) – (.396)

Povolny et al. [111] Mixed – (.833) – (.503)

Brady et al. [18] MFCC – (.846) – (.450)

Weber et al. [169] eGeMAPS – (.793) – (.456)

Somandepalli et al. [139] Mixed – (.800) – (.448)

Han et al. [55] 13 LLDs .666 (.755) .364 (.476)

Proposed (Emo-16) raw signal .702 (.772) .365 (.397)

Proposed (Emo-18) raw signal .778 (.808) .436 (.493)

Table 3.7: RECOLA database results (in terms of CCC) for the prediction of arousal
and valence using the speech networks. In parenthesis are the performances obtained
on the development set. A dash is inserted if the results were not reported in the
original papers.

We now compare our best performing model (Emo-18) with (at the time) state-
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Predictor Arousal Valence

Han et al. [57] .729 (.785) .309 (.364)

Han et al. [56] .744 (.774) .377 (.412)

Trigeorgis et al. [151] .686 (.741) .261 (.325)

Schmitt et al. [123] .753 (.793) .430 (.550)

Proposed (Emo-16) .702 (.772) .365 (.397)

Proposed (Emo-18) .778 (.808) .436 (.493)

Table 3.8: Performance comparison (w. r. t. CCC) between the proposed method
and other state-of-the-art methods. In parenthesis are the performance obtained on
the validation set.

of-the-art approaches. The results are depicted in Table 3.8. The proposed Emo-

18 network outperforms the other approaches in all cases on the test set for both

arousal and valence, indicating the effectiveness of our model. Particularly, our

model achieves .778 of CCC for arousal and at .429 of CCC for valence. We can

observe that the improvement on the arousal is higher than that on valence. This

was expected as it has been shown in the literature [115, 56] that the audio models

can more easily predict the arousal dimension.

In more detail, all studies, except the Trigeoris et al. [151], use hand-crafted features

in their models. We believe this is the main reason our model outperforms these

approaches. Although, Trigeoris et al. [151] model uses the raw waveform as input,

the architecture is not well designed as the proposed one, nor is as deep making it

perform worse even when compared with the other methods that use hand-crafted

features.

3.3.6 Visual Modality

The visual modality has been shown to be efficient in predicting the valence di-

mension rather than the arousal [116, 115].Table 3.9 presents the best results for
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the valence dimension submitted to the AVEC 2016 challenge, along with the work

from Han et al. [55] which was not submitted to the challenge. The features used for

all of the models are appearance and geometric. For appearance, Local Gabor Bi-

nary Patterns from Three Orthogonal Planes (LGBP-TOP) features were extracted,

whereas facial landmarks were extracted for the geometric features. The input to

our network are the raw pixel intensities from the face extracted from the frames

of the videos using the Multi-Domain Convolutional Neural Network Tracker (MD-

Net) [103] tracking algorithm. This algorithm takes the bounding box of the face in

the first frame of the video and tracks it in all frames.

Predictor Features Arousal Valence

Baseline [162] Appearance .343 (.483) .486 (.474)

Baseline [162] Geometric .272 (.379) .507 (.612)

RVM [70] Geometric – (.467) – (.571)

RVM [70] Appearance – (.615) – (.530)

Video CNN-L4 [111] Mixed – (.595) – (.497)

Brady et al [18] Appearance – (.346) – (.511)

Weber et al. [169] Geometric – (.476) – (.683)

Weber et al. [169] Appearance – (.594) – (.506)

Somandepalli et al. [139] Geometric – (.297) – (.612)

Somandepalli et al. [139] Appearance – (.481) – (.474)

Han et al. [55] Mixed .265 (.292) .394 (.592)

Proposed raw signal .425 (.364) .608 (.621)

Table 3.9: RECOLA database results (in terms of CCC) for prediction of arousal
and valence using the Visual Network. In parenthesis are the performances obtained
on the development set. A dash is inserted if the results were not reported in the
original papers.

From Table 3.9 we observe that the visual modality benefits the models in the

valence dimension rather than the arousal as was expected [116, 115]. Our model

provides the highest performing model on the test set compared with all the other



3.3. Experiments & Results 65

studies, on both the arousal and valence dimensions. This is due to the fact all other

approaches utilise hand-crafted features such as histogram of gradients (HOG) and

landmarks. On the other hand, ResNet-50 can exploit its deep architecture and

learn complex functions tailored to the task at hand.

3.3.7 Multimodal Analysis

We show the results for the multimodal model and compare with the (at the time)

state-of-the-art results. Only two other models are found in the literature to use both

speech and visual modalities on the full RECOLA database. These are the Output-

Associative Relevance Vector Machine Staircase Regression (OA RVM-SR) [70] and

the strength modelling system proposed by Han et al. [55]. To have a fair comparison

with the other methods, we utilised both training and validation sets in the training

process. We stopped the training of our model when we reached twice the number

of epochs required to train the model when only the training set was used. We did

this, as the number of both validation and training examples is twice the number of

training examples.

Results are shown in Table 3.10. Our model outperforms the other two models in

both the arousal and valence dimensions; especially for the valence dimension with

high magnitude. Thus, we can conclude that the geometric/appearance features and

mixtures of visual features cannot capture as adequately the emotional response

of individuals as the proposed system. We should also mention that our system

operates directly on the raw pixel domain, while the other two systems made use of

a number of geometric features (e. g., 2D/3D facial landmarks etc.) which require

the presence of an accurate facial landmark tracking methodology (ours was applied

on the results of a conventional face detector only).

To show, however, that our model can also benefit from these features, we incorpo-

rate them into our model. In particular, we first extract facial landmarks using the
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face alignment method by Deng et al [29], and perform Procrustes alignment (i. e.,

removing scale, rotation, translation). Then, we concatenate these features to the

feature vector that is input to the recurrent model and we train only the recurrent

network while keeping the speech and visual network parameters fixed. Results are

depicted in Table 3.10. As expected, these features benefit our model to predict the

valence dimension while the arousal is unchanged.

For the arousal dimension we can observe the high generalisable properties of our

model compared to the other two; the test results are higher than the validation one.

Thus, we can see that for the task-at-hand the learned characteristic of the neural

network are more appropriate than well-established hand-crafted features such as

LLDs or MFCCs.

Comparing the performance of the multimodal network with the unimodal ones,

we can see that the valence dimension is more benefited rather than the arousal

one. We believe this is because of the larger number of features extracted by the

visual network (2048) compared to the speech network (1280 for Emo16 and 1024 for

Emo18), and hence the multimodal information is governed (mostly) by the visual

modality.

3.4 Conclusions

In this chapter, we proposed a multimodal system that operates on the raw speech

and visual signals that perform end-to-end learning for the spontaneous emotion

prediction task. On top of that, we proposed a novel speech neural network archi-

tecture. Our models take into consideration the temporal information on the signal

with the use of recurrent networks (LSTM). To speed up the training of the multi-

modal model, we first pretrained the speech and visual networks, separately. For our

experiments we used the RECOLA database that is a large-scale database and can

allow our deep model to learn complex functions. First, our ablation study showed
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Predictor Audio
Features

Visual
Features Arousal Valence

OA RVM-SR [106] eGeMAPS
ComParE

Geometric
Appearance .770 (.855) .545 (.642)

Han et al. [56] 13 LLDs Mixed .610 (.728) .463 (.544)
Proposed
(Emo-16) raw signal raw signal .776 (.718) .679 (.483)

Proposed
(Emo-16) raw signal raw &

geometric .776 (.721) .717 (.503)

Proposed
(Emo-18) raw signal raw signal .788 (.736) .707 (.526)

Proposed
(Emo-18) raw signal raw &

geometric .789 (.736) .746 (.546)

Table 3.10: RECOLA database results (in terms of CCC) for the prediction of
arousal and valence using the proposed multimodal emotion recognition network.
In parenthesis are the performance obtained on the development set.

that training a model to predict one emotion dimensions performs slightly better

than predicting both simultaneously without statistically difference. Thereafter, we

observed that the unimodal models achieve remarkably better performance on the

test set in comparison to other at the time state-of-the-art models. In addition, our

multimodal model greatly outperforms in both the valence and arousal dimensions

the other models.

Although our results outperformed the at-the-time state-of-the-art it has a number

of limitations. First, we should point out that our multimodal model consists of

simply concatenating the audio and visual features, before passing them to the

RNN, making the model prone to misuse of information if for example a sensor fails.

Second, the models were trained in controlled conditions where the face is visible

and without any noisy conditions both for audio and visual modalities. We try to

compenstate from these limitations in the next chapter. In particular, we try to

better exploit multiple input signals and make the multimodal model more robust

under naturalistic conditions we propose different attention-based methods.
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4.1 Motivation

In the previous chapter, we discussed the laboratory (or controlled) emotion recog-

nition setting using audiovisual information. Although the affective computing com-

munity had wildly focused on laboratory settings for over twenty years mainly due

to its simplicity, the following drawbacks are posed:

• Enviromental restrictions. They contain controlled visual and speech con-

ditions (e. g. no audiovisual noise, predefined number of lights, and illumina-

tion).

68
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• Human-level restrictions. They restrict the subject in many aspects in-

cluding but not limited to body placement, head movement, and the level of

expression is allowed.

The aforementioned limitations however do not apply to naturalistic conditions.

From a subject-wise point of view, the subject can freely make any desired head or

body movements, and perform any kind of expressions, and hence show all possible

emotional states. From an environmental point of view, any kind of occlusions may

exist (e. g. a hand occluding the face of the subject). In addition, non-uniform and

noisy conditions are entailed (e. g. lighting and audio recording).

In this chapter, we study the automatic continuous emotion recognition task in natu-

ralistic conditions. In particular, we develop a multimodal system that utilises text,

audio and visual information in an end-to-end manner. We propose a transformer-

based [163] architecture to extract information from the text modality with the

word representation network to be chosen based on an ablation study we performed.

Thereafter, the architecture of the network is comprised of position-wise convolution

to extract N-grams, with a transformer (multi-linear projection) with RNN archi-

tecture to extract multiple views from the sentence. The extracted information is

passed to an attention mechanism to extract a weighted average feature representa-

tion.

Our audio and visual networks are selected from the current state-of-the-art models

in the affective computing literature after performing an ablation study (Sec. 4.4.4).

The general structure of the networks is comprised from a spatial feature extractor

for per-frame feature representation, and a temporal feature extractor to capture

the temporal dynamics in the signals. Our audio network is inspired by an earlier

publication [161], and as visual network we use a variant of a high resolution network

(HRNet) architecture [62]. The variation in the network stems from the attention

mechanism we are using instead of the last average pooling layer, and show that the
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model’s performance can be benefited.

After the extraction of the unimodal features, we propose attention-based fusion

strategies (feature-level fusion) (Sec. 2.7.1) to fuse the modalities together, before

passing them to a RNN network that captures the temporal characteristic in the

signals. Using attention-based methods to fuse the modalities has two beneficial

effects: (i) improves the generalisation capability of the model, and (ii) allows us to

visualise the findings, such as identifying the modality the models attends to at a

particular frame.

The contributions of this chapter can be summarised as follows:

• develop a transformer-based architecture in our text model and capture the

semantics of a sentence by extracting context-aware features. To the best of

our knowledge, this is the first time a transformer mechanism has been used

in the sentiment analysis domain.

• propose novel attention-based fusion strategies to combine the features ex-

tracted from the raw speech, text and visual modalities.

• visualise (i) the attention mechanism in our text model and indicate the words

that contribute the most to the final prediction, and (ii) the attention-based

fusion strategies that indicate which modality has the highest contribution per

frame.

• provide state-of-the-art results for the visual, text and multimodal modalities,

and the second highest performing model in the audio modality, when compar-

ing with the winning papers from the challenge that use several hand-crafted

and deep features. On top of that, we perform an extensive experimentation of

current state-of-the-art unimodal architectures in visual, and audio modalities.

The content of this chapter is based around the following publication:
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• Panagiotis Tzirakis*, Jiaxin Chen*, Stefanos Zafeiriou, Björn Schuller, End-

to-end multimodal affect recognition in real-world environments, Information

Fusion, Volume 68, pp. 46-53, 2021.

The rest of the chapter is organised as follows. After we introduce our notation in

Sec. 4.2, we present the proposed approaches, namely, unimodal and multimodal net-

works with the attention-based fusion strategies, in Sec. 4.3. Finally, experimental

studies and results are presented and discussed in Sec. 4.4, along with visualisation

of the proposed attention methods, before concluding this chapter in Sec. 4.5.

4.2 Notation

Before describing our model, we define our notation. Matrices are defined as upper-

case bold letters as X, vectors as lowercase bold letters as z, and scalars as non-bold

letters. The i-th row of a matrix is defined as X[i, :], the j-th column as X[:, j],

and the element at position [i, j] as X[i, j]. The k-th element of a vector is speci-

fied as z[k]. The row-wise concatenation of the vectors {z1, z2, ..., zm} is denoted as

[z1, z2, ..., zm].

4.3 Proposed Method

We introduce a multimodal system that is comprised of three DNNs utilised to

extract (spatial) features from the raw text, audio and visual cues. The features are

combined to form a unified representation using attention mechanism. Temporal

information is vital in our task and as such we utilise LSTM networks to compute

temporal patterns in the extracted features, before the final prediction.
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4.3.1 Unimodal Networks

Text Network

Our proposed text network is depicted in Fig. 4.1 and its comprised of six different

parts, which are summarised below, along with the input representation.

Input. The most fundamental step in text processing is the choice of the input repre-

sentation. For our word-level representation, we adopt the pre-trained XLNet [176]

of 768 dimensions with enriched subword information such that a sentence is repre-

sented as the matrix S ∈ R300×L, where L is the maximum words in a sentence of

our corpus.

Position-wise N-Grams. We use a CNN to capture position-wise N-grams of the in-

put matrix S for each frame. In particular, each word vector S[:, l] is processed

by several convolutional layers, and depending on their filter width, i.e. n =

2, 3, 4, ..., N , they are used to capture N-grams producing a feature map as follows:

f [l] = g(S̃[:, l : l + n− 1] ◦H + b) (4.1)

where S̃ is the matrix S padded, g(·) is an activation function (in our case tanh), n

is the width of the filter H ∈ R300×n, and ◦ denotes the hadamard multiplication.

While in standard approaches only the extracted N-gram features are processed, in

our model, we propose to augment the embedded matrix S by concatenating to it

the extracted Nk feature maps to form a new matrix C = [S, f1, ..., fNk ] ∈ RDe×L,

where De = 300 + Nk. We perform this operation because the word-embedding

matrix was computed using a pre-trained network and as such valuable information

is contained for each word.

Multihead Linear Projection. To improve the diversity of the input features and
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inspired by [163], we propose to use an attention mechanism to enable each frame

to discover multiple representative features in different context spaces. More par-

ticularly, given the input matrix C, we first apply different linear projections on C

to explore different perspective of context for the current frame, i. e., Vp = WpC,

where Wp ∈ RDp×De is the pth linear projection matrix and Dp is the dimension of

the pth context space.

Recurrent Context Generator. To capture semantic information in the different

context spaces we utilise a 2-layer Bi-LSTM. Specifically, the sequential features of

each position Vp[:, l] are processed as follows:

h
′l
p = Bi− LSTM(h

′l−1
p ,h

′l+1
p ,Vp[l, :])

hl
p = Bi− LSTM(hl−1

p ,hl+1
p ,h

′l
p )

(4.2)

where hl
p ∈ RDl and h

′l
p ∈ RDl are the context vectors at position l in the pth context

space and Dl is the output dimension. At position one h0
p and h

′0
p are initialised to

zero vectors.

Selector. The semantic-aware hidden states hl
p of the Bi-LSTM are processed by an

attention mechanism to enable the model to select the most useful context-aware

features in each context space. The attention mechanism is applied in a scaled dot

product way [163] as follows:

elp =
exp((hl

p)
Tqp)∑L

k=1 exp((hk
p)Tqp)

αl
p = softmax(elp/

√
Dl)

sp =
L∑
l=1

αl
ph

l
p

(4.3)

where qp ∈ RDv is a learnable vector, αl
p is our attention score on the context-aware
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hidden states hl
p at position l. The scaling term

√
Dl allows more stable training by

preventing peaked softmax issue as well as smaller gradient issue [163]. The final

attentional feature in the pth context space is obtained by sp.

Context Feature Concatenation. In this step we concatenate the context-aware fea-

tures obtained in each projection space to form a single feature representation, i.e.

z = [s1, s2, ..., sP ] ∈ RPDl where m is the total number of context space projections.

Highway Networks. Highway networks [140] are proven to have a strong empirical

performance especially for deep networks. To this end we adopt highway networks

by feeding them our frame-level feature z, i.e.,

z̃ = o ◦ g(Wzz + bz) + (1− o) ◦ z (4.4)

where o = σ(Woz + bo) acts as a transformation gate which allows shortcut from

input to output directly, and g(·) is an activation function (in our case tanh).

Audio Network

An important step in the field of paralinuistics is extracting features from the raw

waveform. For our purposes, we performed an ablation study (see Sec. 4.3 to find the

best audio feature extractor for continuous emotion recognition with three recently

proposed architectures : (i) Trigeorgis et al. [151], (ii) Tzirakis et al. [161], and (iii)

Li et al. [91].

The input to the network is the raw waveform, segmented into 160 s long sequences.

At a sampling rate of 22050Hz this corresponds to a 3, 528, 000-dimensional vec-

tor. In addition, we utilise the interlocutor information provided with the SEWA

database by concatenating to the initial vector an additional 3, 528, 000-dimensional

vector in each audio frame, similar to Huang et al. [68] - thus, the final input to the
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Figure 4.1: Text network architecture. The input is a word-embedding matrix
that is passed to a N-gram feature extractor (padding is not shown), before being
concatenated with the N-gram features. Then two linear projections are applied such
that different contexts are extracted. Each context-matrix is processed by a 2-layer
Bi-LSTM to get the semantics in the sentence before the selector that weights the
outputs. Finally, the outputs of each recurrent network is concatenated and passed
by a highway network to get the semantic-aware feature vector. (Best viewed in
colour)
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network is a (2 ∗ 3, 528, 000)-dimensional vector. To use the interlocutor informa-

tion, and be able to distinguish the target from the chatting partner in the contained

dyadic conversations, in each audio frame half of the entries of the input vector are

zeros depending on the speaker turn, and the other half is filled with the extracted

features of the speaking subject.

Visual Network

To find the best visual feature extractor for the task at hand, we experiment with

five network architectures: (i) deep residual network (ResNet) of 50 layers [62], (ii)

densely connected convolutional network (DenseNet) [66], (iii) VGG Face [107], (iv)

MobileNet [64], and (v) HRNet [165]. The choice for using these networks stems

from the fact that are the most popular and best performing image recognition

models.

Studies in the literature have shown the beneficial properties of using an attentional

pooling layer [48] instead of the last average one in deep convolution networks.

To this end, we adopt an hierarchical attention scheme, where we replace the last

average pooling layer with an attention mechanism following the low-rank second-

order pooling (top-down attention) [48]. On top of that, we propose to use another

attention between the feature maps. Utilising this attention scheme speeds up the

training of the network and increases its generalisable capabilities. Fig 4.2 shows

the proposed pooling layer.

4.3.2 Attentional Fusion Strategies

To take advantage of the information extracted from text (xt ∈ RDt), audio (xa ∈

RDa) and visual (xv ∈ RDv) modalities, we propose four different attention-based

fusion strategies and compare them to the simple concatenation approach used in

the previous chapter.
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Figure 4.2: Attentional pooling layer. First, an attentional feature map is applied
before taking a weighted average of these maps to compute the final feature repre-
sentation.
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Figure 4.3: Hierarchical attention fusion methodology. Each modality features are
combined using a weighted average of them, and the corresponding outputs are again
combined in the same manner.

Concatenation

The first approach is a simple concatenation of the unimodal features, i. e., xfusion =

[xt,xa,xv]. This is a standard feature-level fusion approach that has been used

extensively in the literature.

Hierarchical Attention

We propose to perform hierarchical attention to the unimodal features so as to

maximise the relevant information that is propagated forward to the network. More



78 Chapter 4. Multimodal Affect Recognition in Naturalistic Conditions

particularly, we first perform attention to all paired unimodal features, i.e. audio-

text, audio-visual, and visual-text, before using a higher level attention to the paired

outputs. Fig 4.3 depicts the architecture of the proposed approach. Formally, given

the features extracted from text xt, audio xa and visual xv modalities, we first

perform a linear projection to each of these features such that they are projected to

the same vector space (with the same number of dimensions Du), namely,

x̃t = Wtxt + bt

x̃a = Waxa + ba

x̃v = Wvxv + bv

(4.5)

where Wt ∈ RDu×Dt , Wa ∈ RDu×Da , Wv ∈ RDu×Dv are projection matrices for

text, audio and visual modalities, respectively, with dimension Du. The projected

features are combined pair-wise, and then are passed through a selective attention

mechanism to obtain the final fusion feature, i.e.,

αi = softmax(
x̃iqi

√
Du

)

Attention(x1 · · ·xM) =
M∑
i=1

αix̃i

(4.6)

where qi ∈ RDu is a learnable vector that attends to different modality features,

and i ∈ [1,M ] is an index denoting the M -th modality. We obtain final attentive

fusion feature xfusion as follows:

xvt = Attention(x̃v, x̃t)

xva = Attention(x̃v, x̃a)

xta = Attention(x̃t, x̃a)

xfusion = Attention(xvt,xva,xta)

(4.7)
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Figure 4.4: Self-attention fusion methodology. All modality-specific features are
concatenated and passed through a self-attention layer to combine them in the final
fusion vector.

Self-Attention

We also propose to apply self-attention fusion strategy, shown in Fig. 4.4, by enabling

the extracted features to attend to each other. A similar approach (transformer-

based) was proposed by Tsai et al. [153] but our method is simpler with less param-

eters. We start by first applying a linear projection on the unimodal features xt, xa

and xv like in Eq. 4.5.

After we concatenate the three vectors together, i. e., Xc = [x̃t, x̃a, x̃v]T ∈ R3×Du , we

apply a multi-head 3-way linear projection of the matrix [163], i. e., Zj
i = XcWj

i ∈

R3×Ds for j = 1, 2, 3, i ∈ N+ where Wj
i ∈ RDu×Ds , Ds is the dimension of each

projection space, and i is an index for operations in different projection space. Then,

we utilise self-attention to explore complementary relationships among the different

modalities. The attention is applied as follows:

AAAi = softmax(
Z1

i (Z
2
i )

T

√
Ds

)Z3
i

αααi = AAAiqi

vi =
3∑

k=1

αααi[k]AAAi[k, :]

(4.8)
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Figure 4.5: Residual self-attention fusion methodology. All modality-specific fea-
tures are concatenated and passed through a self-attention layer, and a residual
connection from the input to the output is added to combine them in the final
fusion vector.

where qi ∈ Ds here is again a learnable variable for self-attentive features and the

subscript i denotes the ith linear projection. The final fusion feature vector is the

concatenation of all the projected features, i.e., xfusion = [v1, ...,vp] where p is the

number of projections applied.

Residual Self-Attention

Inspired by the work on non-local neural networks [166] we extend the self-attention

fusion strategy by incorporating a residual connection (see Fig. 4.5). To this end,

the residual self-attention can be defined as follows:

zi = Wzvi + Xc, (4.9)

where i represents the i-th linear projection (see Eq. 4.8), "+Xc" denotes the residual

connection, and vi is defined in Eq. 4.8. The final fusion representation is computed

by concatenating the projected features zi, i. e., xfusion = [z1, ..., zp] where p is the

number of projections applied.
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(a) Cross-modal attention (CMA)
method. Modality i is combined with
the other other two modalities k, and
m using self-attention, and a weighted
average of the output features.
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(b) Cross-modal self-attention fusion ar-
chitecture. Audio, visual and text
modalities are combined using CMA
method, and a weighted average of the
output features.

Figure 4.6: Showing the (a) Cross-modal attention (CMA) method, and (b) Cross-
modal self-attention fusion architecture.

Cross-modal Hierarchical Self-Attention

We also propose a cross-modal hierarchical self-attention fusion, where each modality

is combined with the rest using self-attention, and then the features per modality are

fused in an attentional manner. Fig. 4.6 depicts the architecture. Mathematically,

we define the cross-modal attention (CMA) (shown in Fig. 4.6a) as follows:

am,c = x̃1
msoftmax(

x̃2
m(x̃c

1)
T

√
Ds

), (4.10)

where the modality m is fused with modality c, x̃m
i is the i-th linear projection

with dimensions Ds of modality xm
i , as defined in Eq. 4.5. The cross-modal at-

tentional representation of modality m with the rest modalities ci is defined as

vm
f = Attention(am,c1 , am,c2 , ...am,ci). Finally, we fuse the M (one per modality)

cross-modal representations using another attention, i. e.,

xfusion = Attention(vm1
f ,vm2

f , ...,vmM
f ). (4.11)
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4.3.3 Multimodal Model

Our multimodal model is an aggregation of four steps: (i) modality-specific feature

extraction, where we use the unimodal networks to extract features from the raw sig-

nal, (ii) fusion strategies, where we use the proposed attention-based fusion methods

to combine all modality-specific features and extract a single representation vector,

(iii) a LSTM network to capture the temporal dynamics in the signal, and (iv) the

prediction layer that performs the final prediction of the model. Fig. 4.7 depicts the

overall architecture.

Figure 4.7: The multimodal network is comprised of the features extracted from
the text (xt), audio (xa), and visual (xv) modalities, the attentional layer that fuses
the extracted features (xfusion) using a weighted vector, and 1-layer LSTM that
capture the temporal dynamics in the data before the final prediction. (Best viewed
in colour)

4.4 Experiments & Results

4.4.1 Database

To show the beneficial properties of the proposed model we use a recently pro-

posed database that focuses on multiple cultures and dyadic conversations: the

Sentiment Analysis in the Wild (SEWA) 1. In total, six cultures across Europe and
1https://sewaproject.eu/
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Chinese are contained. It consists of audio-visual recordings that were collected from

web-cameras and microphones and captured spontaneous and naturalistic behaviour

(arousal and valence), i. e., under naturalistic conditions. In total, 64 subjects (age

from 18 to 60 years old) are paired (i. e., 32 pairs) to watch a 90 second commercial

video, and their task was to discuss the content with their partner for maximum 3

minutes. The database provides three modalities, namely, text, audio and visual,

and it is split into 3 partitions: training (17 pairs), development (7 pairs), and test

(8 pairs). In total, the training, development and test sets contain 54 813, 22 556,

and 27 950 audiovisual frames, and 1 329, 604, and 629 sentences, respectively. Fi-

nally, 6 German-speaking annotators (3 female, 3 male) were used to annotate the

database in continuous arousal and valence. Table 4.1 demonstrates a summary of

the database.

Culture #Conversatinons #Subjects Durantion (min)

Chinese 35 70 101

Hungarian 33 66 67

German 32 64 89

British 33 66 94

Serbian 36 72 98

Greek 28 56 81

Table 4.1: Summary of the SEWA database. Number of cultures, conversations,
subjects and their corresponding duration.

4.4.2 Training Process

The first step in our training process is to train individually each unimodal network.

To this end, we stack on top of each network a 1-layer LSTM of 256 hidden units

before the predictions of the arousal and valence.

The weights of each trained unimodal network are used to initialise the weights in
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Hyper-parameter Range

Learning rate [10−4 − 10−6]

Batch size (Text/Audio) [10, 20, 30]

Batch size (Visual/Multimodal) [2, 3]

Dropout [0.1− 0.6]

Sequence length [75, 100, 200]

Hidden units (LSTM) [64, 128, 256, 512]

Num layers (LSTM) [1, 2, 3]

Table 4.2: Range of values for hyper-parameter tuning.

the multimodal network. As in the unimodal cases, we use 1-layer LSTM of 256

hidden units to capture the temporal dynamics in the data, which was initialised by

the Glorot based method [49].

4.4.3 Experimental Setup

Our networks have a number of parameters that need to be tuned. For our pur-

poses, we consider tuning the following hyper-parameters: learning rate, batch size,

dropout, and number of hidden units and number of layers for the LSTM. The range

of the values for each hyper-parameter is shown in Table 4.2. We should point out

that due to memory constrains the batch size for the visual and multimodal models

is in the range [2, 3], whereas for the text and audio modalities was set in the range

[10, 20, 30].

Due to the high number of configurations, we adopt the Hyperband algorithm [89]

to tune the hyper-parameters. This is an iterative algorithm that starts by ran-

domly sampling a number of hyper-parameter configurations in the search space,

and discards some of them (in our case a 25%) during the training of the model.

After tuning the hyper-parameters, we use Adam optimiser [81] with initial learning
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rate of 5× 10−4 throughout all experiments. The length of a sequence in a batch is

set to 100. The batch size for training the visual and multimodal networks was set

to 3, while for the text and audio models it was set to 20. Additionally, we apply

dropout [141] to the text and audio models so that our model would not overfit on

the training data. In particular, for the audio model dropout is performed with a

probability of 0.5 after each convolution layer. For the text model, we apply dropout

of 0.1 for original word representations, 0.3 for enriched position-wise features, 0.3

for the output hidden states of context feature generator, and 0.2 for the output

of the multi-linear projection matrices. Finally, each LSTM network we use in the

training phase is trained with a dropout of 0.5.

4.4.4 Unimodal Ablation Study Results

We experiment with different well-established networks for each modality in order

to choose the best performing one. All models were trained using 1-layer LSTM

on top of the extracted features such that the temporal dynamics in the signal are

captured. Using the visual modality we experiment with VGG [107], ResNet-50 [62],

DenseNet [66], MobileNet [64], and HRNet [165]. Using the text modality we exper-

iment with different word embedding networks, namely, Fasttext [17], BERT [30],

AlBert [86], XLNet [176], RoBerta [93], ULMFit [65]. We should point out that

we did not fine tune these models, we simply used the extracted word embeddings.

Finally, we experiment with three end-to-end models using the audio modality, i. e,

Trigeorgis et al. [151], Emo-18 (proposed in Ch. 3) [161], and Li et al. [91].

Table 4.3 depicts the results for all modalities. From the results we conclude that

the best average CCC for the visual modality is HRNet. This is an interesting

finding as HRNet model utilises different image resolutions in its architecture and

we believe it can capture nuance facial expression characteristics compared to the

other architectures. The best performing word embedding model for the proposed
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Modality Network Arousal Valence Avg

Visual

Resnet-50 [62] .641 .689 .665

VGG-16 [107] .624 .668 .646

DenseNet [66] .617 .672 .645

MobileNet [64] .621 .689 .655

HRNet [165] .647 .695 .671

Text

Fasttext [17] .508 .554 .531

BERT [30] .537 .578 .558

AlBert [86] .532 .577 .555

RoBerta [93] .523 .561 .542

ULMFit [65] .527 .559 .543

XLNet [176] .544 .581 .563

Audio

Trigeorgis et al. [151] .541 .488 .513

Li et al. [91] .552 .534 .543

Emo-18 [161] .563 .532 .545

Table 4.3: SEWA database development results (in terms of CCC) for the visual,
text, and audio modalities, for the prediction of arousal and valence.

text architecture is found to be the XLNet. This was expected as XLNet was trained

on multiple languages compared to Fasttext and the variations of the BERT. Lastly,

for the audio modality our proposed model, Emo-18, (Sec. 3.2.2) outperforms the

other two. We see that our model performs well with both constrain and naturalistic

conditions. We believe our model performs better than the one proposed by Li et

al. [91] because it does not need abundance of training data as opposed to that model

that utilises a self-attention layer on top of a 2-layer Bi-LSTM. To what follows, we

utilise the best performing models of each modality in our multimodal network.
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4.4.5 Unimodal Results

Before showing the results of the multimodal network, we compare each of our

unimodal networks to the baseline paper of the AVEC 2017 challenge along with

the results of the best performing models of that year.

Text Modality

Most of the studies in the AVEC 2017 challenge use BoTW to extract features from

the text. Only Chen et al. [24] uses word2vec features. Table 4.4 depicts the results

in the test and development sets. Our model outperforms all the other methods

in predicting both the arousal and valence dimensions with high margin. This was

expected as our model is deeper and hence able to learn more complex functions. In

addition, our model can better capture the contextual information in the sentences

and can attend to the most relevant information with the use of attention. Finally,

our model uses state-of-the-art word embeddings trained on large scale databases

such as the Wikipedia one which increases its performance.

Predictor Arousal Valence

Baseline[115] .375 (.373) .425 (.390)

Dang et al. [28] .320 (.441) .394 (.499)

Huang et al. [68] .483 (.489) .520 (.523)

Chen et al. [24] .463 (.478) .515 (.532)

Proposed .532 (.544) .568 (.581)

Table 4.4: SEWA database test results (in terms of CCC) for the text modality,
and for the prediction of arousal and valence. In parenthesis are the performances
obtained on the development set.
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Audio Modality

As already discussed, the audio models are more effective at predicting the arousal

dimension rather than valence. Table 4.5 shows the results of our model and the

rest of the AVEC challenge papers. Our model has the second highest performance

behind the Huang et al. [68] method. We should note, however, that the network

they use was pre-trained on 300hours of a spontaneous English speech recognition

corpus before fine-tuning it to the SEWA database. In addition to the features of

the network, they also utilise several hand-engineered features. The baseline and

the Dang et al. [28] methods use hand-crafted features and as we discussed in the

previous chapter the performance of such approaches is low. Our model performs

better than Chen et al. [24], although they utilise both hand-crafted and pre-trained

SoundNet [10] features. However, based on their ablation study the features ex-

tracted by SoundNet perform similarly as the hand-crafted ones, indicating the low

generalisation ability of the network compared to our model.

Predictor Arousal Valence

Baseline [115] .225 (.344) .244 (.351)

Dang et al. [28] .344 (.494) .346 (.507)

Huang et al. [68] .583 (.584) .487 (.585)

Chen et al. [24] .422 (.524) .405 (.504)

Emo-18 .456 (.563) .428 (.532)

Table 4.5: SEWA database test results (in terms of CCC) for the audio modality,
and for the prediction of arousal and valence. In parenthesis are the performances
obtained on the development set.

Visual Modality

The prediction of the valence dimension can be benefited using the visual informa-

tion. Table 4.6 depicts the results using the visual modality only. Dang et al. [28]
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utilises hand-crafted features for the visual modality as such it produces the worst

results among the three best performing approaches.Huang et al. [68] model pro-

duces better results but their model is not able to generalise well on the arousal

dimension. A possible reason is the inefficiency of combining the multiple of visual

features (Geometric, LGBP-TOP, HOG and Deep visual) that are used in their ap-

proach during training. For the Chen et al. [24] approach we were not able to get

their results on the test set so we can not make a conclusion on the generalisabil-

ity of their approach. The proposed variation of HR-Net provides state-of-the-art

results compared to all the other methods in both arousal and valence dimensions.

Finally, noticing the performance of the models on the development set, we can see

that our model has better generalisation capabilities. We believe this is due to the

attentional pooling layer we used, as has been shown on different studies that utilise

attention methods [105, 48].

Predictor Arousal Valence

Baseline[115] .308 (.466) .455 (.400)

Dang et al. [28] .390 (.518) .496 (.583)

Huang et al. [68] .531 (.682) .670 (.720)

Chen et al. [24] — (.675) — (.693)

Proposed .608 (.647) .675 (.695)

Table 4.6: SEWA database test results (in terms of CCC) for the visual modality,
and for the prediction of arousal and valence. In parenthesis are the performances
obtained on the development set. A dash is inserted if the results could not be
obtained.

4.4.6 Fusion Strategy Results

In this subsection we show the results of our different fusion strategies, namely, con-

catenation, hierarchical attention, self-attention, residual self-attention, and cross-

modal hierarchical self-attention. Table 4.7 shows the results on the development
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set. As expected the simple concatenation method produces the worst results.

The hierarchical attention outperforms, in both arousal and valence dimensions,

the self-attention and residual self-attention, but not the cross-modal hierarchical

self-attention. We believe that the bottom-up approach of the hierarchical atten-

tion provides the network the capability to more efficiently attend to one of the

modalities before combining them together. Compared to hierarchical attention,

the cross-modal hierarchical self-attention provides better results. A possible expla-

nation is that the latter approach combines each modality with the other two as

a first step, and hence looking at the information of all modalities at once before

combining them into a single feature vector, compared to the hierarchical attention

method that fuses each modality with a different one.

Method Arousal Valence

Concatenation .698 .737

Self-Attention .729 .751

Hierarchical Attention .785 .808

Residual Self-Attention .748 .767

Cross-modal Hierarchical Self-Attention .797 .818

Table 4.7: Results (in terms of CCC) on the development set of the SEWA database
for the prediction of arousal and valence using five different fusion strategies,
namely, concatenation, self-attention, hierarchical attention, residual self-attention,
and cross-modal self-attention.

4.4.7 Multimodal Results

To have a fair comparison with the models used in the AVEC 2017 challenge, and the

Singh et al. [135] and Khorram et al. [77] studies, our model was trained utilising

all the modalities of the database, namely, text, audio, and visual, for the final

predictions. The results are shown in Table 4.8. Our model is the highest performing

model compared with the other models. We should note that Chen et al.’s [24]
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model utilises several hand-engineered and deep features, while our model operates

on the raw signal. For example, the visual features they use are extracted from the

DenseNet [66] and the VGG [107], while for the audio the features are the IS10 [128]

and the features extracted from the SoundNet [10].

Predictor Arousal Valence

Baseline [115] .375 (.525) .466 (.507)

Singh et al. [135] .276 (.294) .365 (.346)

Khorram et al. [77] .412 (.530) .379 (.542)

Dang et al. [28] .523 (.657) .540 (.602)

Huang et al. [68] .599 (.721) .721 (.728)

Chen et al. [24] .672 (.823) .756 (.796)

Proposed .690 (.797) .783 (.819)

Table 4.8: SEWA database results (in terms of CCC) for our multimodal network,
and for the prediction of arousal and valence. In parenthesis are the performances
obtained on the development set.

4.4.8 Cross-dataset Evaluation

In this section, we investigate how the performance of the proposed end-to-end

approach is affected in two scenarios: (i) when constrain conditions are entailed,

and (ii) when the models are trained on constrained conditions and evaluated in

naturalistic ones, and vise-versa. To this end, we leverage the RECOLA (Sec. 3.3.1)

and SEWA datasets. We should point out that we fix the parameters of the network

responsible for the spatial feature extraction part, i. e. the convolution networks,

and train the recurrent network, and the output layer. We perform this approach

to compensate for the timestamp difference in the annotations of each dataset.

Table 4.9 shows the results.

We observe that with the current approach - visual and audiovisual, audio is the

same - we obtain better results than the ones we had in the previous chapter (Ch. 3).
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Thus, we see that the attention mechanism used to fuse the modalities improves the

performance of the models. In addition, we see that training the models using the

RECOLA dataset, and then fine-tune it on the SEWA we get worse results than

training the model directly on the SEWA. On the other hand, training the model

using SEWA, and fine-tuning it on the RECOLA provides slightly better results

than training directly on the RECOLA. These results were expected as RECOLA

recordings were captured under constrained conditions, whereas SEWA’s under nat-

uralistic. Finally, we should note the high decrease of the the audio model’s perfor-

mance when trained using RECOLA and fine-tuned on the SEWA, and the slight

increase in performance of the model when the inverse takes place. This was ex-

pected as the SEWA dataset contains 6 different languages but RECOLA contains

only one.

Train

Evaluate Modality RECOLA SEWA

Arousal Valence Arousal Valence

RECOLA

Visual .441 (.417) .628 (.653) .557 (.584) .631 (.631)

Audio .778 (.808) .436 (.493) .415 (.523) .402 (.501)

Audiovisual .797 (.736) .721 (.614) .594 (.711) .713 (.743)

SEWA

Visual .457 (.461) .636 (.664) .608 (.647) .675 (.695)

Audio .781 (.809) .447 (.502) .456 (.563) .428 (.532)

Audiovisual .807 (.751) .728 (.658) .626 (.742) .751 (.782)

Table 4.9: Cross-dataset results (in terms of CCC) for the visual, audio, and audio-
visual modalities, and for the prediction of arousal and valence. In parenthesis are
the performances obtained on the development set.

4.4.9 Hyper-parameter Optimisation

Each hyper-parameter has a different effect on the final multimodal network. In

Table 4.10 we show, in terms of the average CCC, the effect of each hyper-parameter

on the development set of the SEWA database. Results indicate that dropout has

the highest effect on the model’s performance with the highest value of standard
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deviation on both arousal and valence. On the other hand, the batch size has the

lowest effect with 0.01 standard deviation. In addition, the number of hidden units

and number of LSTM layers seem also to have a small impact on the performance

of the model.

Hyper-parameter Arousal Valence

Learning rate .765± .03 .798± .02

Batch size .785± .01 .805± .01

Dropout .742± .05 .766± .04

Sequence length .783± .03 .796± .03

Hidden units (LSTM) .783± .02 .801± .02

Num layers (LSTM) .759± .03 .792± .03

Table 4.10: SEWA database results (in terms of CCC) for the multimodal model on
the development set for different hyper-parameters of the model.

4.5 Conclusions

In this chapter, we proposed a transformer-based text architecture which utilises

multi-linear projection and a context-aware feature generator to capture the seman-

tics of a sentence. Furthermore, we proposed attention-based fusion strategies to

balance the relationship among different modalities when combined in a multimodal

network, which achieves a higher affect recognition performance on naturalistic sce-

narios. In addition, our text, visual and multimodal models outperformed the (at

the time) state-of-the-art methods, while our audio network achieved the second

best performance when compared with models that utilise several hand-crafted and

deep features. Finally, we performed a cross-dataset evaluation where we showed

that models that are trained in more difficult conditions like naturalistic ones that

SEWA provides, provide better results when they are fine-tuned on easier condi-

tions like the ones provided by RECOLA. The opposite, however, i. e. training on

controlled conditions and fine-tuning on naturalistic ones, is not true.
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5.1 Motivation

In the previous two chapters, we saw that end-to-end deep learning approaches

using audio, visual, text, or multimodal input produced high performing models,

compared with traditional approaches that use hand-engineered features. This is

accomplished by providing features tailored to the emotion recognition task under

both posed and naturalistic conditions. Our findings were aligned with the affec-

tive computing literature [24, 28, 92] where Deep Neural Networks (DNN) have

94
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systematically outperform conventional approaches. However, there are still several

methods, especially in the audio domain, that utilise hand-crafted features. Exam-

ples can be found in several competitions such as the Interspeech Computational

Paralinguistics ChallengE (ComParE) [127, 128], and the Audio/Visual Emotion

Challenge and Workshop (AVEC) [116, 115]. One of the reasons that drives the use

of conventional approaches instead of DNN ones is that they are well-established

methods with open-source toolkits (e. g. openSMILE [43] in the audio domain) that

have been used for several years. On the other hand, there are recently several

end-to-end learning approaches [155, 161, 151] that have not yet been established

as baseline methods in the affective computing community.

To fill this gap in the community we propose the End2You toolkit – the Imperial

College London toolkit for end-to-end multimodal profiling capabilities written in

PyTorch [108]. The toolkit provides a number of models for one-, two-, or three-

dimensional input signals for either unimodal or multimodal input such as audio,

visual, audiovisual, or any other kind of modality or sensor data such as physiological

data. The provided models produce strong results in a number of tasks including

emotion recognition. Depending on the task at-hand, we provide the ability to

the user to train a model from scratch, i. e., using random weight initialisation, or

fine-tuned using pre-train weights such as the ones from the AffWild database [84].

In more detail, our models can perform spatial feature extraction, namely, extracting

features from a single frame, using for example CNNs, or temporal feature extrac-

tion to extract feature on the time domain using RNNs (e. g. Long Short-Term

Memory (LSTM) networks), or both spatial and temporal feature extraction such

as the proposed approaches on the former two chapters. As discussed earlier, our

toolkit can combine multiple input signals in a single network with different types

of architectures that incorporate spatial and temporal feature extraction layers. On

top of that, we provide the a number of multimodal fusion strategies using atten-
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tion mechanisms that can balance the relationship among different modalities and

produce well performing models, as shown in Chapter 4.

We show the favourable properties of our toolkit in a number of tasks and compare

with several other approaches. First, we use the REmote COLlaborative and Af-

fective (RECOLA) database as used in the AVEC 2015 Challenge [116] to model

the affective state of individuals, and compare with the baseline methods of the

challenge. In addition, we achieve state-of-the-art results on the RECOLA database

when we use a pre-trained facial network trained on an industrial large scale dataset

and provided by our toolkit.

Our toolkit has been used with great success providing strong baselines in a num-

ber of challenges: (i) the Interspeech ComParE 2017, 2018, 2021 [131, 127, 133],

(ii) the ICMI 2018 Eating Analysis and Tracking (EAT) Challenge [58], and (iii)

the ACM MM MuSe 2020 Challenge and Workshop: Multimodal Sentiment Analy-

sis, Emotion-target Engagement and Trustworthiness Detection in Real-life Media:

Emotional Car Reviews in-the-wild [142]. We show the results of our toolkit and

compare it with other well-known and established toolkits such as openSMILE [43],

OpenXBOW [124], DeepSpectrum [4], and AuDeep [46].

The DeepSpectrum [4] and AuDeep [46] toolkits are most related to ours, as they also

use deep learning models. However, instead of using the raw input signal, they first

extract spectrograms to feed their networks. DeepSpectrum then uses pre-trained on

ImageNet visual networks such as VGG [107], or ResNet [62] to extract features that

are used as input to a learnable predictor (e. g. Support Vector Machine (SVM)).

On the other hand, AuDeep uses deep recurrent sequence-to-sequence architectures

to extract features with the networks trained in an unsupervised manner. As with

the DeepSpectrum, the extracted features feed a predictor for the final prediction.

The contributions of this chapter can be summarised as follows:
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• present End2You, an end-to-end deep learning toolkit, providing unimodal

and multimodal generic capabilities.

• extensive experimentation and comparisons of our toolkit with other approaches.

The content of this chapter is based around the following publications:

• Tzirakis, P., Zafeiriou, S. and Schuller, B.W., 2018. End2You–The Impe-

rial Toolkit for Multimodal Profiling by End-to-End Learning. arXiv preprint

arXiv:1802.01115.

• Tzirakis, P., Boros, D., Hajiyev, E., and Schuller, B.W.. Facial Emotion

Recognition using Deep Residual Networks in Real-World Environments, 2021.

• Schuller, B. W and Batliner, A. and Bergler, C. and Mascolo, C. and Han,

J. and Lefter, I. and Kaya, H. and Amiriparian, S. and Baird, A. and Stap-

pen, L. and Ottl, S. and Gerczuk, M. and Tzirakis, P. and Brown, C. and

Chauhan, J. and Grammenos, A. and Hasthanasombat, A. and Spathis, D.

and Xia, T. and Cicuta, P. and Rothkrantz, J.M. L. and Zwerts, J. and Treep,

J. and Kaandorp, C. The INTERSPEECH 2021 Computational Paralinguis-

tics Challenge: COVID-19 cough, COVID-19 speech, escalation & primates,

arXiv:2102.13468, 2021.

• Schuller, B., Steidl, S., Batliner, A., Marschik, P.B., Baumeister, H., Dong,

F., Hantke, S., Pokorny, F.B., Rathner, E., Bartl-Pokorny, K.D., Einspieler,

C., Zhang, D., Baird, A., Amiriparian, S., Qian, K., Ren, Z., Schmitt, M.,

Tzirakis, P., Zafeiriou, S. The INTERSPEECH 2018 Computational Paralin-

guistics Challenge: Atypical & Self-Assessed Affect, Crying & Heart Beats. In

Proc. Interspeech, pp. 122-126, 2018.

• Schuller, B., Steidl, S., Batliner, A., Bergelson, E., Krajewski, J., Janott, C.,

Amatuni, A., Casillas, M., Seidl, A., Soderstrom, M., Warlaumont, A.S., Hi-
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dalgo, G., Schnieder, S., Heiser, C., Hohenhorst, W., Herzog, M., Schmitt, M.,

Qian, K., Zhang, Y., Trigeorgis, G., Tzirakis, P., Zafeiriou, S. The INTER-

SPEECH 2017 Computational Paralinguistics Challenge: Addressee, Cold &

Snoring. In Proc. Interspeech, pp. 3442-3446, 2017.

• Stappen, L., Baird, A., Rizos, G., Tzirakis, P., Du, X., Hafner, F., Schumann,

L., Mallol-Ragolta, A., Schuller, B., Lefter, I., Cambria, E., and Kompat-

siaris, I.. MuSe 2020 Challenge and Workshop: Multimodal Sentiment Anal-

ysis, Emotion-target Engagement and Trustworthiness Detection in Real-life

Media: Emotional Car Reviews in-the-wild. In Proc. of the 1st International

on Multimodal Sentiment Analysis in Real-life Media Challenge and Workshop

(MuSe’20). In Proc. ACM Multimedia, pp. 35–44, 2020.

• Hantke, S., Schmitt, M., Tzirakis, P. and Schuller, B.. EAT- The ICMI

2018 Eating Analysis and Tracking Challenge, In Proc. ACM International

Conference on Multimodal Interaction. pp. 559-563, 2018.

The remainder of the chapter is organised as follows. Sec. 5.2 introduces the

End2You toolkit with a system overview. Sec. 5.3 presents the experiments per-

formed and reports the results using both posed and real-word datasets. Finally,

Sec. 5.4 concludes this chapter.

5.2 End2You Toolkit

Our toolkit provides a set of models to extract information from the raw 1D (e. g.,

audio, heart rate, EEG, etc.), 2D (e. g., spectrogram, images, etc.), or 3D (e. g.,

video) input signals. As mentioned earlier, the provided models combine a feature

extractor, that computes spatial features, and a temporal extractor, that extract

contextual information from the data. Depending on the nature of the data, a

number of architectures can be defined.
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One-dimensional. The models provided are from Tzirakis et al. [161] and Trigeorgis

et al. [151]. Both models base on a similar architecture with a feature extractor and

a RNN on top to capture the contextual information in the data. In particular, the

feature extractor of [161] uses three blocks of convolution and max-pooling, and the

one by [151] two such blocks. Both models have shown strong empirical results in a

number of tasks [157].

Two-dimensional. A number of models are supported to process the two-dimensional,

including ResNet [62], DenseNet [67], etc. An important feature of our toolkit is

that three types of weight initialisation are provided for these models: random ini-

tialisation, a pre-trained model based on ImageNet [85], and a pre-trained model

based on AffWild [84].

Multimodal. The 1D and 2D model extractor can be used to train a multimodal

network by fusing their features. We provide several attention mechanisms to fuse

the modalities, which can be used to visualise the importance of each modality per

sample as shown in Chapter 4.

5.2.1 System Overview

End2You is implemented in Python, and can be used either with the Python API or

using the command line interface. The code is publicly available on GitHub under a

modification of the BSD-3 license1. The system workflow is shown in Fig. 5.1. First,

the raw file formats are transformed to the .hdf5 file format, for efficient loading

from disk. Both 1D and 2D unimodal or multimodal data can be transformed.

At this stage, the toolkit supports the capability to use the face detection model

Multi-task Cascaded Convolutional Networks (MTCNN) [180] to extract the face

from an image frame. After the data transformation, the training phase takes place.

In particular, this phase is comprised of: (i) the data provider that reads the hdf5

1cf. https://github.com/end2you/end2you
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files, (ii) the model to be trained, and (iii) the prediction task, which can be either

classification or regression. A number of loss functions, optimisers, and metrics are

provided in the toolkit.

Figure 5.1: The End2You workflow is comprised of the data generator that trans-
forms the raw file format to hdf5, the data provider that feeds the either static or
dynamic data to the models, and finally, the prediction.

5.3 Experiments

We now compare our toolkit with several other toolkits, on a number of tasks.

First, we use the RECOLA database as used in the AVEC 2015 Challenge [114],

and compare with the baseline methods of the challenge (Sec. 5.3.1). Then, we

perform facial emotion recognition with our toolkit and use a pre-trained network,

and achieve state-of-the-art results.

Our toolkit has been used in a number of challenges across the years for different

types of tasks including heart beat identification, snoring identification and oth-

ers. Here we present its results and compare with other toolkits. In Sec. 5.3.3 we

present the results for the Interspeech ComParE challenges, where different types

of paralinguistic data have been used. In Sec. 5.3.4 we discuss the results for the

Multimodal Sentiment Analysis (MuSe) challenge. Finally, in Sec. 5.3.5 we show the

results for the Eating Analysis and Tracking (EAT) challenge. In all challenges, but

the MuSe one which uses a large-scale dataset, we compare our toolkit with other

well-established toolkits.
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5.3.1 Multimodal Emotion Recognition

We first demonstrate the capabilities of End2You by creating both unimodal and

multimodal models, and trained them for dimensional affect recognition. To this

end, we utilise the REmote COLlaborative and Affective (RECOLA) database [117],

as used in the Audio/Visual Emotion Challenge and Workshop (AVEC) repeatedly

since 2016 [162]. It includes four modalities or sensor-signals, namely,audio, video,

electro-cardiogram (ECG), and electro-dermal activity (EDA). The model needs to

predict two time-continuous outputs of spontaneous and natural emotions (arousal

and valence).

The unimodal input is comprised of audio, video, or physiological data (ECG), and

the multimodal input combines all of them. For the audio and video models, a

2-layer gated recurrent unit (GRU) network with 64 units is stacked on top for the

prediction. For the physiological modality, the network is a 1-layer GRU with 64

units. The multimodal model is comprised of the video and the audio model, and

a fully connected network (FCN) of 256 units that combines the features extracted

by the unimodal models and also the raw physiological information frames. On top

of this model, we stack a 2-layer GRU network. Our loss and metric functions are

based on the concordance correlation coefficient (CCC) as was used as competition

measure in AVEC, and as optimiser, Adam is used.

We compare the results of End2You with the baseline and the winner paper in the

AVEC 2016 emotion prediction sub-challenge. Results are depicted in Table 5.1 for

both the unimodal (audio, video, physio) and the multimodal (using all modalities)

cases. Our models perform better than the baseline in both the audio and video

modalities, and close for the physiological one. As expected from the literature [159],

the audio model performs best in the arousal domain and the video model in the

valence one. Our multimodal model combines the best scores of the unimodal ones.
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However, this is not enough to surpass the performance of the models from the

winner of the challenge and the baseline. We believe that this performance gap is

because these models use, among others, physiological hand-crafted features, such as

heart rate and heart rate variability (HRHRV), which provide [162] more information

for the emotion recognition task than the raw signals (ECG and EDA).

Modality Method Arousal Valence

Audio
Baseline .648 (.796) .375 (.455)

End2You .657 (.753) .278 (.361)

Video
Baseline .272 (.379) .507 (.612)

End2You .347 (.404) .552 (.571)

Physio (ECG)
Baseline .158 (.271) .121 (.153)

End2You .154 (.264) .052 (.291)

Mutlimodal

Baseline .683 (.821) .639 (.683)

End2You .672 (.762) .521 (.493)

Winner .770 (.862) .687 (.750)

Table 5.1: Results on the test set of the RECOLA database (w. r. t. CCC) for the
unimodal (audio, video, and physio) and multimodal models. In parenthesis are the
performances obtained on the development set.

5.3.2 Facial Emotion Recognition

Our toolkit provides a pre-trained deep residual network of 50 layers (ResNet-50) [62]

that is trained in an end-to-end manner utilising an industrial dataset [154]. The

dataset is comprised of more than a million face images and more than 2 500 thou-

sand subjects for categorical emotion recognition, and in particular predicting eight

emotions: Happy, Surprise, Confusion, Disgust, Contempt, Empathy, Other, and

Neutral. The approach used to train the model as well as the dataset is out of the

scope of this thesis. The interested reader is referred to [154] for more details.

We fine-tune this model on the RECOLA database, and compare different initiali-
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sation schemes: (i) from scratch, i. e. randomly using Xavier initialisation, (ii) using

the weights of the model pre-trained on the ImageNet dataset, and (iii) the cur-

rent state-of-the-art AffWildNet [84]. The same training framework was used to all

models, i. e., a feature- and a contextual-extractor.

Table 5.2 shows the results with respect to CCC. Our model provides the best

results compared to the other methods in both the arousal and valence dimensions,

which indicates the superiority of the pre-trained model. We should also point

out that our pre-trained model has faster convergence (i. e., the time to reach its

best performance) of the optimisation than the other two models. In particular,

our model convergence’s is more than 2 times faster than the pre-trained one from

ImageNet, and almost 3 times faster than the random initialisation. Finally, we

should note that all the models perform better in the valence dimension rather than

the arousal one, which has also been shown in other emotion recognition studies

that utilise the face for dimensional emotion recognition [160, 159].

Initialisation Strategy Arousal Valence

Avg random .319 (.342) .481 (.548)

pre-trained on ImageNet .324 (.330) .492 (.554)

AffWildNet [84] .273 (—–) .526 (—–)

Proposed .341 (.376) .538 (.596)

Table 5.2: Performance on the RECOLA dataset (w. r. t. CCC) between the pro-
posed model and the rest. In parenthesis are the performance obtained on the
validation set. A dash is inserted if the results could not be obtained.

5.3.3 Interspeech Computational Paralinguistics ChallengE

(ComParE)

The Interspeech Computational Paralinguistics ChallengE (ComParE) series is an

open Challenge in the field of Computational Paralinguistics which annually takes
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place at INTERSPEECH since 2009. The focus of the series varies each year dealing

with different signal processing problems such as snoring classification and COVID-

19 detection from cough or speech.

Our toolkit has been used three years in the ComParE challenges (2017 [127],

2018 [133], and 2021 [133]). To what follows we yearly present the datasets and

the baselines used in the challenges. For detailed information, the interested reader

is referred to the ComParE paper.

Datasets

Interspeech ComParE 2017 : In this years challenge three different problems are

addressed: (i) the Addressee classification problem where a speech signal produced

by an adult is classified based on whether it is a directed towards another adult

or towards a child, (ii) the Cold classification problem where the goal is to predict

whether a person is cold or not based on his/her speech signal, and (iii) the Snor-

ing classification problem which goal is to identify four different types of snoring.

Table 5.3 demonstrates the number of instances per split of the datasets.

Interspeech ComParE 2018 : In this years challenge four different problems

are addressed: (i) the Atypical Affect classification problem where a speech signal

produced by handicapped individuals is classified in four basic emotions, (ii) the

Self-Assessed Affect classification problem where the goal is to predict three valence

scores provided by the speakers themselves, (iii) the Crying classification problem

which goal is to identify three types of infant vocalisations, and (iv) the Heart Beats

classification problem where three different types of heart beats need to be identified.

Table 5.4 depicts the number of instances per split of the datasets.

Interspeech ComParE 2021 : In this years challenge four different problems are

addressed: (i) the COVID-19 Cough classification problem where a cough signal is

classified as COVID-19 positive or negative, (ii) the COVID-19 Speech classification
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# Train Devel Test Σ

Addressee Corpus

Child 2 302 2 182 2 148 6 632
Adult 1 440 1 368 1 446 4 254
Σ 3 742 3 550 3 594 10 886

Cold Corpus

Cold 970 1 011 895 2 876
Non-cold 8 535 8 585 8 656 25 776
Σ 9 505 9 596 9 551 28 652

Snore Corpus

Velum 168 161 155 484
Oropharyngeal 76 75 65 216
Tongue 8 15 16 39
Epiglottis 30 32 27 89
Σ 282 283 263 828

Table 5.3: ComParE 2017 databases with the number of instances per split.

problem where the goal is to predict whether a speech signal is classified as COVID-

19 positive or negative, (iii) the Escalation classification problem which goal is to

assess three types of the level of escalation in a dialogue, and (iv) the Primates clas-

sification problem where four different species vs background need to be identified.

Table 5.5 shows a summary of the datasets.

Experiments

We now show the results of all other baseline approaches used in each year of the

challenge, and compare our toolkit with them. In all of the challenges, a fusion

method has also been used that combines all baselines to a single predictor. As

ensemble methods are out of the scope of this thesis, we do not show these results.

Interspeech ComParE 2017 : Three baselines were used in this years challenge,

namely, our End2You toolkit, a SVM trained with the compare feature set [43]

using functionals over low-level descriptor (LLD), and a bag-of-audio-words (BoAW)

feature set extracted with openXBOW [124]. From the results we can see that our
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# Train Devel Test Σ

Atypical Affect

Angry 125 50 272 447
Happy 743 965 650 2 358
Neutral 2 287 2 842 2 024 7 153
Sad 187 329 153 669
Σ 3 342 4 186 3 099 10 627

Self-Assessed Affect

Low 95 79 75 249
Medium 388 310 353 1 051
High 363 353 297 1 013
Σ 846 742 725 2 313

Heart Beats

Normal 84 32 28 144
Mild 276 98 91 465
Moderate 142 50 44 236
Σ 502 180 163 845

Table 5.4: ComParE 2018 databases with the number of instances per split.

approach performs worse than the other two toolkits. This is because of two fold.

First, the splits on these datasets are performed based on the results provided by the

compare feature set with the SVM, and as such they are optimised on this approach,

making it unfair to our toolkit. Second, our approach needs an abundance of data

to be able to outperform well-established hand-engineered features, otherwise it can

easily overfit on the datasets. However, we should note once again, as indicated

also in the previous chapters, the generalisation capabilities of our models, as the

validation and test performance is similar. Table 5.6 depicts the best results with

respect to Unweighted Average Recall (UAR), given by each model.

Interspeech ComParE 2018 : In this years challenge the same baselines as in 2017

were used with the addition of AuDeep toolkit [46], which extracts features based

on a recurrent sequence to sequence autoencoder approach implemented with RNNs

and using as input spectrograms. From Table 5.7 we observe that our approach

performs worse than the other approaches on all datasets. It was expected for the
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# Train Dev Test Σ

COVID-19 Cough

Negative 215 183 169 567
Positive 71 48 39 158
Σ 286 231 208 725

COVID-19 Speech

Negative 243 153 189 585
Positive 72 142 94 308
Σ 315 295 283 893

Escalation

L 156 69 260 485
M 75 34 191 300
H 64 16 50 130
Σ 295 119 501 915

Primate Vocalisations

C 2217 2 217 2 218 6 652
M 874 874 875 2 623
R 208 209 210 627
G 158 159 159 476
Background 3 458 3 459 3 461 10 378
Σ 6 915 6 918 6 923 20 756

Table 5.5: ComParE 2021 databases with the number of instances per split.

UAR [%] Addressee Cold Snoring

Dev Test Dev Test Dev Test

ComParE functionals + SVM 60.5 67.7 64.0 70.2 31.1 51.4

ComParE BoAW + SVM 62.4 68.2 63.9 66.7 44.2 51.2

End2You 60.9 59.1 58.6 59.6 40.3 40.3

Table 5.6: ComParE 2017 baseline results (w. r. t. UAR) for the Addressee, Cold,
and Snoring sub-challenges.

openSMILE, and OpenXBOW methods as described in the previous challenge, but

it is surprisingly to see that AuDeep performed higher than our approach as both

toolkits rely on deep learning approaches. One explanation for this may be the use

of spectrograms by the AuDeep toolkit where the frequency characteristics seem to
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UAR [%] Atypical Self-Ass. Crying Heart

Dev Test Dev Test Loso Test Dev Test

ComParE functionals + SVM 37.8 43.1 54.2 61.2 75.6 71.9 44.5 45.6

ComParE BoAW + SVM 40.5 36.5 55.8 59.1 75.9 71.8 42.3 47.2

auDeep RNN + SVM 39.1 34.9 44.8 54.4 73.2 71.1 34.1 42.1

End2You CNN+LSTM 41.8 28.0 49.7 45.8 − 63.5 41.2 37.7

Table 5.7: ComParE 2018 baseline results (w. r. t. UAR) for the Atypical, Self-Ass,
Crying, and Heart sub-challenges.

provide useful information for the final prediction. Table 5.7 depicts the best results

with respect to Unweighted Average Recall (UAR), given by each model.

Interspeech ComParE 2021 : In this years challenge the same baselines as in

2017 were used with the addition of DeepSpectrum [4] which performs feature ex-

traction from audio data with pre-trained Image Convolutional Neural Networks

(CNNs) such as VGG [107]. In addition, DiFE is used which extracts Contextual

word embeddings for one of this years dataset using a frozen and fine-tuned Dutch

Bidirectional Language Transformer (BERT).

From Table 5.8 we observe that as in the previous challenges openSMILE and

OpenXBOW provide the best results (w. r. t. UAR) compared to the other ap-

proaches, including ours. This was expected as explained earlier with the ComParE

2017 challenge. Comparing our toolkit with the DeepSpectrum, we can see that

our toolkit provides better results with the COVID-19 datasets and comparable re-

sults with the Escalation one. However, DeepSpectrum’s performance is better on

the Primates dataset. We can conclude that our toolkit performs better when pro-

cessing human vocalisation signals but DeepSpectrum is better to model Primates

signal. We believe that the frequency characteristic (represented as spectrogram)

on these types of signals provide important patterns that the visual networks can

capture.
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UAR [%]
COVID-19
Cough

COVID-19
Speech Escalation Primates

Dev Test Dev Test Dev Test Dev Test

ComParE functionals + SVM 61.4 65.5 57.9 72.1 70.5 58.6 82.4 82.2

ComParE BoAW + SVM 64.7 72.9 66.3 68.7 70.6 59.8 − −

DeepSpectrum + SVM 41.8 28.0 49.7 45.8 − 63.5 41.2 37.7

auDeep RNN + SVM 67.6 67.6 59.4 53.3 42.0 44.3 81.6 84.1

End2You CNN+LSTM 61.8 64.7 70.5 68.7 64.1 54.0 72.7 70.8

Table 5.8: ComParE 2021 baseline results (w. r. t. UAR) for the Covid-19 Cough
and Speech, Escalation, and Primates sub-challenges.

Similar observations can be performed when comparing our approach with AuDeep.

Our toolkit provides better results with the COVID-19 databases and the Escala-

tion one, but worse for the Primates, indicating that our tookit can better model

the human vocalisation signals on these datasets than AuDeep, but lacks this ca-

pability for the Primate’s one. As with DeepSpectrum, we believe that the use of

spectrograms boost the performance of the toolkit.

5.3.4 Multimodal Sentiment Analysis (MuSe)

The Multimodal Sentiment Analysis (MuSe) 2020 challenge [142] tries to bridge

the gap between emotion recognition and sentiment analysis by comparing deep

learning approaches using large volumes of audiovisual and textual data captured

under naturalistic conditions. Three tasks were introduced in this years challenge:

(i) the MuSe-Wild which task is the prediction of continuous emotions (arousal

and valence), (ii) the MuSe-Topic which task is to recognise three classes (low,

medium, and high) of valence and arousal, that are the mean value of the temporally

aggregated continuous labels of MuSe-Wild that correspond to a specific topic, and

(iii) the MuSe-Trust where the proposed trustworthiness dimension is predicted. In

what follows, we describe the dataset and the baseline experiments of the challenge.
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Partition No. MuSe-Wild MuSe-Topic MuSe-Trust

Train 166 22 :16 :43 22 :35 :55 22 :45 :52

Devel. 62 06 :48 :58 06 :49 :46 06 :52 :22

Test 64 06 :02 :20 06:̇14 :08 06 :12 :53∑
291 35 :08 :01 35 :39 :49 35 :51 :07

Table 5.9: Partitioning of the MuSe-Car dataset, applied for each of the tasks.
Reported are the number of unique videos, and the duration for each task hh :mmss.

Dataset

For all tasks the MuSe-Car dataset [143] is used. The dataset is a large in-the-

wild dataset providing multiple modalities: audio, visual, and transcripts, making

a perfect tool for multimodal emotion recognition and sentiment analysis. It is a

collection of YouTube videos captured inside or outside of a car under naturalistic

conditions. It provides annotations of the continuous dimensions: arousal, valence,

and the newly proposed trustworthiness. For more information, the interested reader

is referred to the author’s paper [143]. Table 5.9 shows the splits of the different

tasks of the dataset.

Experiments

A number of hand-engineered and deep features were used as baseline methods.

In particular, for the audio modality openSMILE and DeepSpectrum features were

extracted. For the visual modality VGGface [107], XCeption [26], GoCar [144],

MTCNN [180], and OpenPose [22] were used. Finally, for the text modality Fast-

Text [17] features were extracted.

In total four baselines approaches were utilised in this challenge. End2You was

used as the end-to-end learning approach. The other baseline was comprised of

two parallel LSTM networks with a self-attention layer that used different types
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System Features Muse-Wild Muse-Trust

Valence Arousal Combined Trustworthiness

devel / test devel / test devel / test devel / test

LSTM + Self-ATT LLD .0711 / .0349 .3078 / .2834 .1894 / .1592 .2560 / .1343

LSTM + Self-ATT DS .0165 / .0024 .1585 / .1723 .0875 / .0874 .2019 / .1701

LSTM + Self-ATT Ge .0435 / -.0097 .1090 / .0827 .0762 / .0365 .1576 / .1385

LSTM + Self-ATT FT .1273 / .1816 .0959 / .1074 .1116 / .1445 .2278 / .2549

LSTM + Self-ATT Ge + FT .0520 / .0361 .1375 / .1018 .0947 / .0690 .2296 / .2054

LSTM + Self-ATT X .0499 / .0426 .0776 / .0683 .0638 / .0555 .1178 / .1664

LSTM + Self-ATT aV .0098 / .0272 .1598 / .1227 .0848 / .0749 .1167 / .1378

LSTM + Self-ATT Ge + FT + V .0393 / .0654 .1809 / .0865 .1101 / .0760 .1245 / .1695

End2You FT + VG + RA .1506 / .2431 .2587 / .2706 .2047 / .2568 .3198 / .4128

Table 5.10: Showing the results for the MuSe-Wild and MuSe-Trust tasks (w. r. t.
CCC). As feature sets FastText (FT), eGeMAPS (eG), DeepSpectrum (DS), VG-
Gface (VG), and Xception (X) and all visual (aV) are fed into the models. Fur-
thermore, the raw audio signal (RA) is used by End2You, and LLD are utilised for
MuSe-Trust.

of features. Finally, the Multimodal Transformer (MMT) was used to model the

non-sequential predictions of MuSe-Topic.

Results (w. r. t. CCC) for the MuSe-Wild and MuSe-Trust tasks are depicted in

Table 5.10. We observe that End2You provides the best results compared to the

two parallel LSTMs for both MuSe-Wild and MuSe-Trust tasks. This was expected

as MuSe-Car is a large scale dataset and as such the End2You models can find

features tailored to the task at-hand and outperform other approaches that use

hand-engineered features, as we have shown in the previous two chapters of this

thesis.

Results for the MuSe-Topic task are depicted in Table 5.11. We can see that our

toolkit provides worse results when compared with the other approaches. At first

this can be surprising as these classes are the mean value of the temporally aggre-

gated continuous labels of MuSe-Wild, where our model provided the best results.

However, because of the nature of the data in this task where conversations take

place, our model is not able to capture the dynamics in the dyadic data. On the
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System Features c-Valence c-Arousal Combined

F1 UAR Combined F1 UAR Combined

devel / test devel / test devel / test devel / test devel / test devel / test devel / test

LSTM + Self-ATT eG + FT + aV 36.06 / 37.14 35.20 / 37.14 35.77 / 37.14 39.92 / 35.16 40.44 / 34.76 40.10 / 35.02 37.93 / 36.08

MMT DS + eG + VG 39.40 / 32.54 38.08 / 32.40 38.95 / 32.49 45.77 / 41.03 44.66 / 40.63 45.39 / 40.89 42.17 / 36.69

End2You FT + eG + X 37.19 / 33.54 35.70 / 33.18 36.68 / 33.42 42.76 / 32.45 42.67 / 33.34 42.73 / 32.75 39.70 / 33.08

Table 5.11: MuSe-Topic Results using the Unweighted Average Recall (UAR), F1,
and Combined (0.66 · F1 + 0.34 · UAR). As feature sets FastText (FT), FastText
(FT), eGeMAPS (eG), DeepSpectrum (DS), Xception (X), VGGface (VG), and all
visual feature set (aV) are used.

other hand, the other approaches with the use of self-attention mechanism are able

to do so.

5.3.5 Eating Analysis and Tracking (EAT)

The goal of the Eating Analysis and Tracking (EAT) challenge is to monitor au-

tomatically eating patterns using multiple input signals such as audio and visual.

Three tasks were introduced in the challenge: (i) the Food Type, where the task is to

find the food type of the speaker, (ii) the Likability sub-challenge, where the goal is

to recognise the speaker’s likability of the food, and (iii) chewing and speaking Diffi-

culty sub-challenge, where the task is to recognise the level of difficulty of a speaker.

In the next subsections, we describe the dataset along with the two baselines that

were used in the challenge.

Dataset

The EAT dataset [59] is used in this challenge. This is an audio-visual dataset

which was also partly featured as a Sub-Challenge of the Interspeech 2015 ComParE

Challenge [130]. It is comprised of 30 speakers (15 male and 15 female) that were

recorded under controlled environmental conditions (quiet and low reverberant office

room) eating a specific food type or not. Self-annotations (‘Neutral’, ‘Like’) are

provided on how much the individuals like each sort of food, which food type are

eating, and how difficult it is to speak while eating. Table 5.12 shows the split
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# Train Test Σ

No Food 140 70 210

Apple 140 56 196

Nectarine 133 63 196

Banana 140 70 210

Crisp 140 70 210

Biscuit 133 70 203

Gummi bear 119 70 189

Σ 945 469 1 414

Table 5.12: Number of instances per class in the train/test split used for the EAT
challenge.

statistics of the dataset for different food types.

Experiments

Two baselines were used for this challenge, namely, the openXBOW and the End2You.

Table 5.13 depicts the results of the baseline results across all sub-challenges. For

the food type and likability sub-challenges, the UAR is used are metric, whereas for

the difficulty sub-challenge the CCC is used. We see that our toolkit has worse per-

formance in all the sub-challenges compared to openXBOW. In particular, for the

food type and difficulty sub-challenges our model performs significantly worse using

the audio modality and audiovisual modalities, and similar when visual modality is

used. On the other hand, for the likability sub-challenge our model performs similar

for the audio and visual modalities, but better for the audiovisual case.

We can see that our model performs better when human vocalisations exist in the

input signal, as is the case in the likability sub-challenge. In addition, as observed

in the previous sections our toolkit need large-scale data in order to be able to

find the necessary characteristics in the input signal (independent of modality),
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and outperform hand-engineered features. Finally, it is interesting to note that

openXBOW performs better in the unimodal case rather than the audiovisual one,

indicating that it cannot cope with different input streams. On the other hand,

our toolkit provides better results when both audio and visual signals are used in

all sub-challenges but the difficulty one where with audio as input performs better.

Hence, we can conclude that our toolkit can better cope with different modality

signals compared to openXBOW.

Modality openXBOW End2You

LOSO Test Dev Test

Food Type

Audio-only 64.3 67.2 35.2 32.8

Video-only 28.0 27.0 27.1 24.5

Audio+Video 63.9 67.0 34.8 33.6

Likability

Audio-only 66.5 54.2 55.1 53.7

Video-only 55.9 58.3 52.9 50.9

Audio+Video 65.5 51.8 55.1 54.2

Difficulty

Audio-only .470 .506 .342 .323

Video-only .246 .252 .264 .220

Audio+Video .481 .501 .345 .311

Table 5.13: Baseline results for audio, visual, and audiovisual modalities. Results for
Food Type (7-classes) and Likability (2-classes) are in terms of UAR, and results
for Difficulty (regression) are in terms of CCC.
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5.4 Conclusions

In this chapter, we have introduced End2You – the Imperial toolkit for end-to-end

multimodal profiling written in Python and using PyTorch. It provides capabilities

for training and evaluating models with either unimodal or multimodal input, and

several implemented architectures are provided for 1D, 2D, or 3D inputs such as

audio, visual, audiovisual, and physiological data. We have shown the capabilities

of our toolkit in a number of tasks including emotion recognition, snoring and cold

identification, and others, and we have performed an extensive comparison with

other well-established toolkits.

From our experiments we can conclude that our toolkit produces high performance

models for large-scale datasets, and can easily surpass well-established hand-crafted

feature sets such as openSMILE [43], which are better suited for small-size datasets.

In addition, our toolkit can better model the characteristic of the speech signal,

rather than other types of signals such as heart beats (see Sec. 5.3.3).

For future work our toolkit can be extended by introducing models able to handle

text information. In addition, pre-trained models of large scale datasets is important

to be included in the toolkit. As we saw transfer learning is a vital method when

limited data are provided.
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Affect recognition is a vital aspect in human behaviour, which is subconsciously

performed by humans. Nowadays, more and more intelligent systems are using

emotion recognition models to improve their interaction with humans by adapting

their responses and behavioural patterns according to the human emotions and try to

make the interaction more natural. Applications can be found in automatic tutoring

system, and call centres.

Substantial efforts have been performed by the affective computing community to-

wards emotional intelligence systems. However, there are several challenges that are

still posed towards that goal. Most of the current systems operate on constrained

(laboratory) conditions which do not allow them to generalise to naturalistic set-

tings. In addition, due to the temporal variations that arise in the signals the fusion

116
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of different modalities in a single system is not a straightforward process

In this thesis we aim at investigating deep learning approaches for the emotional

recognition task in order to alleviate from these challenges. In particular, we present

the following four contributions: (i) show that integrating multiple modalities in an

end-to-end DNN model outperforms unimodal ones for both posed and naturalistic

conditions, (ii) study the performance of deep learning models by analysing sponta-

neous and naturalistic behaviour, (iii) investigate the performance gains of attention

methods to fuse multiple modalities to both deal with the discrepancy and temporal

variations that exists between the modalities, and (iv) the End2You toolkit that

provides end-to-end profiling capabilities.

The rest of the chapter presents a summary of the methods introduced, and con-

cludes this thesis (Sec. 6.1). Finally, future research directions are presented (Sec. 6.2).

6.1 Contributions

We proposed deep learning approaches and models that were evaluated on both

controlled and naturalistic environmental conditions using publicly available emotion

databases. Our approaches were shown beneficial properties for automatic emotional

behaviour analysis.

In Chapter 3, we introduced two speech networks: (i) a light network based on

previous published studies that uses a smaller amount of parameters whilst also

outperforming previous studies, and (ii) a network architecture that considers a

small kernel size for the convolution layers and a large one for the max-pooling layers.

We show that using an multimodal system outperforms a system that uses a single

modality. In addition, we presented with an audiovisual emotion recognition system,

that effectively operates in controlled conditions when trained with the concordance

correlation coefficient (CCC) measure. Our experimental results indicate that our

model can more efficiently capture complex dynamics in the signal compared to
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more traditional methods that utilised hand-engineered features.

In Chapter 4, we extended our previous study by presenting deep learning models

operating under naturalistic conditions. We included in our model a text architec-

ture based on self-attention method that can efficiently capture the semantics of

a sentence with the use to recurrent neural networks and attention. To combine

this modality with the others (audio and visual), we use attention methods. Our

experimental results indicate the benefits of our approach when modelling the text

signal compared to more traditional approaches. In addition, we showed that using

attention methods can improve the performance of multimodal systems when com-

bining the unimodal information compared to more conventional approaches such as

a simple concatenation. Finally, we performed a cross-dataset experiment and show

that models trained in naturalistic conditions and fine-tuned on controlled ones, can

outperform models trained on controlled conditions.

Finally, in Chapter 5 we introduced the End2You toolkit that provides end-to-end

multimodal profiling capabilities. The input signal can be of one-, two-, or three-

dimensions with multiple modalities. We extensively experimented with our toolkit

in a number of tasks where we compare its performance with other well-established

toolkits, and showed its beneficial capabilities when modelling speech, visual, and

audiovisual modalities and when large-scale databases are utilised.

In summary, this thesis presented end-to-end deep learning-based approaches and

showed the powerful capabilities of these networks to build better suited and more

efficient multimodal emotional behaviour analysis systems that can operate in spon-

taneous and naturalistic (in-the-wild) conditions.

6.2 Future Work

Overall we have shown that emotional intelligence of systems can be achieved with

deep learning architectures, models, and methodologies. The work presented in this
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thesis can be extended in a number of ways.

Most of the studies in the literature fail to reflect on the cultural and linguistic di-

versities that exists among humans. Considering these factors can increase the gen-

eralisation capabilities of the emotion recognition systems, and hence improve their

performance. In addition, few papers exist in the literature that take advantage

of promising techniques such as zero-/one-shot learning [47], reinforcement learn-

ing [102], and federated learning [175]. Finally, an emerging technique where the

affective computing literature lacks of methodologies is the Self-Supervised Learn-

ing (SSL) [134, 74, 120]. SSL allows deep learning networks to learn representations

in an unsupervised manner by withholding some of the input data, and task the

network in predicting them. Such methods are vital in cases where databases are

not available, and it is expensive to collect data.

Finally, our End2You toolkit (Chapter 5) can be extended by incorporating also the

text modality in the pipeline, and provide current state-of-the-art word embedding

deep architecture, along with recently proposed attention-based fusion strategies

for efficient multimodal fusion. In addition, pre-train models on other fields than

emotion recognition can also be provided.
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