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Summary

Continuous emotion recognition (CER) involves the sequence-to-sequence regres-

sion of various emotion cues, including visual, audio, textual, or physiological. To

create a reliable deep learning model for CER, it is essential to achieve tempo-

ral modeling and cross-subject generality. To address these challenges, this thesis

proposes four methods that utilize the advantages of multi-modality from different

perspectives.

Chapter 3 presents the first method, which serves as the foundation for the other

three methods. This method feeds unimodal emotion cues and aims to achieve

long-range temporal modeling for CER. Chapter 4 describes the second method,

which uses the temporal and visual information in continuous labels to enhance

the performance of EEG-based emotion classification. In Chapter 5, the third

method performs visual-to-EEG knowledge distillation for CER. Finally, Chapter

6 presents the last method, which focuses on multimodal feature fusion for CER.

The proposed methods have shown promising experimental results compared to

state-of-the-art methods, validating their effectiveness.
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Abstract

Emotion recognition is an increasingly popular research topic in various fields, in-

cluding human-computer interaction and affective computing. Continuous emotion

recognition (CER), a sub-task in this area, focuses on performing sequence-to-

sequence regression on the provided emotion cues, as opposed to other research

topics such as sequence-to-category emotion classification.

To create a trustworthy deep learning model for CER, it is essential to learn the

long-range temporal dynamics and preserve the cross-subject generality. The rea-

son is that emotion is a continuous event that depends on past emotional states,

making it crucial to consider the dynamics over a longer time frame for a more

accurate prediction. Moreover, emotion is susceptible to individual differences

because it is linked to personal characteristics such as experience, mood, and per-

sonality. To tackle these challenges, we developed four approaches that utilize the

advantages of long-range temporal learning and multi-modality in different ways.

Our first method, which serves as the foundation for the other three, focuses on the

long-range temporal modeling for CER by utilizing unimodal emotion information.

The experiment conducted using the MAHNOB-HCI database shows the superior

performance of our method compared to the state-of-the-art method. Additionally,

we also explore the contribution of different brain regions and EEG frequency bands

towards the emotion process using a saliency map-based visualization method.

The second method proposes using the continuous labels’ temporal and visual infor-

mation to enhance EEG-based emotion classification. The standard configuration

assigns a categorical label to each trial, ignoring the temporal variation, which

may reduce the classifier’s effectiveness. To overcome this limitation, a threshold-

ing scheme is introduced to convert the emotional trace into a discretized label,

allowing the training process to occur in an N-to-N manner. By discretizing the

trace into three classes, the classifier can fit the features to their corresponding
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three-class labels more flexibly. Experimental results show a statistically signifi-

cant 3% increase in EEG-based emotion classification accuracy.

The third method trains a teacher model on the visual modality and a student

model on the EEG modality, where the teacher’s temporal embeddings are taken

as dark knowledge for the student. By employing L1 loss and concordance corre-

lation coefficient (CCC) loss, the student model learns to fit the teacher’s knowl-

edge and predict the continuous labels. Experimental results show that the CKD

method outperforms the student model without distillation on root mean square

error (RMSE), Pearson correlation coefficient (PCC), and CCC. This approach

provides a promising way to leverage the complementarity of different modalities

for CER.

The final method proposed in this thesis involves multimodal feature fusion for

CER. Utilizing multiple modalities can disambiguate and preserve recognition ro-

bustness, improving accuracy in cases such as a crying face with joyful vocal ex-

pressions being recognized as happiness instead of sadness. The leader-follower

attentive network (LFAN) is introduced to combine the learned encodings of the

visual and EEG modalities using a cross-modality co-attention mechanism. The

LFAN emphasizes the dominant visual modality, which is believed to have the

strongest correlation with the label. Experiments on AVEC2019, MAHNOB-HCI,

and AffWild2 databases demonstrate that the proposed LFAN achieves promising

results compared to state-of-the-art methods.
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Chapter 1

Introduction

What is emotion? There is no consensus in defining what exactly constitutes an

emotion [5]. There are several different perspectives on emotions, each offering

a unique approach to understanding this complex phenomenon. The Darwinian

perspective views emotions as evolved responses that serve specific survival func-

tions. According to this view, basic behaviors such as facial expressions have been

shaped by natural selection as adaptive responses to the environment. These re-

sponses help organisms to survive and thrive in their respective environments. The

Jamesian perspective, on the other hand, argues that bodily changes are the pri-

mary cause of emotions. James believed that automatic responses to events, such

as visceral changes or expressive responses, begin immediately upon perception

of those events. The resulting feelings are what we commonly think of as emo-

tions. The cognitive perspective proposes that emotions arise not only from bodily

changes, but also from cognitive processes such as appraisal. Appraisal is the pro-

cess of evaluating a situation and labeling it as either positive or negative for the

individual. This labeling then elicits the corresponding emotions of happiness or

sadness. The social constructivist perspective takes a different approach, viewing

emotions as social constructions that are shaped by cultural and societal norms.

In this view, emotions can only be described and understood within the context

of the society in which they are experienced. While these perspectives differ in

their approaches to understanding emotions, there is evidence to suggest that they

overlap and have started to converge [6].
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Despite the ongoing debate surrounding the nature of emotions, it is widely ac-

cepted that emotions play a fundamental role in our daily lives. Emotions are

essential to human cognition, including rational decision-making, perception, hu-

man interaction, and human intelligence [7]. At the intra-personal level, emotions

prepare us for significant events such as birth, battle, and death, and coordinate

various bodily systems, including perception, attention, inference, learning, mem-

ory, goal choice, motivational priorities, physiological reactions, motor behaviors,

and behavioral decision making [8, 9]. At the inter-personal level, emotions convey

the psychological state and intentions of the expressor, influencing the behaviors of

the perceiver and regulating their interactions. Emotions also play a critical role in

maintaining social harmony by coordinating individuals and organizing relation-

ships systematically. While culture provides norms and guidelines for emotions,

emotions function as important motivators of behavior and help to regulate our

behaviors, reducing social complexity. In summary, despite the ongoing debate

surrounding the nature of emotions, their importance cannot be overstated. Emo-

tions play a crucial role in our daily lives, shaping our cognition, perception, and

behaviors at the intra-personal, inter-personal, and social and cultural levels.

Automatic emotion recognition is a rapidly growing field of technology that seeks

to understand human emotions. Once considered the stuff of science fiction, it

has now garnered increasing attention in various fields, such as human-computer

interaction, behavioral modeling, opinion mining, psychological health, business

intelligence, and entertainment assistant. One of the sub-tasks within automatic

emotion recognition is continuous emotion recognition (CER). The term ”continu-

ous” has a dual meaning. Firstly, it refers to mapping a subject’s recording, such as

facial expression, speech, or physiological signals, to a point in a real-valued space

defined by certain emotion indicators. Secondly, it implies that such recordings are

given sequentially, and the mapping is performed for every time step, producing

emotional traces. This stands in stark contrast to other research topics, such as

emotion classification, where the entire trial is typically categorized. The focus

of this thesis is on the development of CER methods. As emotions are complex

and nuanced, continuous emotion recognition techniques are necessary to capture

the temporal and spatial aspects of emotional experiences accurately. The devel-

opment of effective CER methods has the potential to revolutionize many fields,

from healthcare to entertainment, by providing a deeper understanding of human

emotions and improving the interactions between humans and technology.
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1.1 Research Background

Mental disorders are prevalent and the treatment gap is a major obstacle to the

well-being of communities. Population-based epidemiological studies have revealed

that psychiatric problems are surprisingly common. According to the National

Comorbidity Survey Replication, an estimated 9.7% of U.S. adults had a mood

disorder in the past year, and an estimated 21.4% of U.S. adults will experience

a mood disorder at some point in their lives. Additionally, of adults with any

mood disorder in the past year, an estimated 45.0% experienced serious impairment

[10]. However, despite the high prevalence of mental disorders, the treatment gap

remains a significant concern. The treatment gap is defined as the percentage

of people with an illness, disease, or disorder who require treatment but do not

receive it [11]. It represents the absolute difference between the true prevalence

and the proportion of individuals who are treated. A large multi-country survey

supported by the World Health Organization (WHO) revealed that 35.5% of serious

cases in developed countries and 76.9% in less-developed countries did not receive

treatment in the previous 12 months [12]. The high prevalence of mental disorders

and the treatment gap are significant issues that need to be addressed urgently.

Failure to provide effective treatment for mental disorders can lead to a range of

negative outcomes, including reduced quality of life, impaired functioning, and even

suicide. Improving access to mental health services and increasing the availability

of evidence-based treatments is critical to improving the well-being of individuals

and communities.

Automatic emotion recognition has the potential to provide a promising solution

for dealing with mental disorders and the treatment gap. By utilizing objective

indicators of human emotions, automatic emotion recognition algorithms can be

developed to provide easy accessibility for both patients and doctors. However, to

design an effective emotion recognition system, it is crucial to consider three key

characteristics: generality, continuity, and multi-modality.

Generality refers to the system’s ability to recognize emotions across a wide range

of individuals, regardless of personal attributes such as mood, personality, and ex-

perience. Emotion, as intrinsic as it may be for every one of us, is highly prone to

cross-subject bias. Emotion is triggered by conscious and/or unconscious percep-

tion of an event and is usually associated with personal attributes such as mood,
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personality, and experience. For example, physically abused children are much

quicker than other children to spot the signals of anger [13]. The expression of

emotion involves vocal emotional words and non-vocal cues such as facial expres-

sions, voice intonation, and body movement, resulting from the compound effects

of physiological arousal, individual feelings/behaviors, and cultural/moral regula-

tion, etc. All of these factors could lead to a large subjective bias and degenerate

representation learning. The development of a generality-oriented system requires

careful consideration of the diverse nature of emotions and the variation in their

expression across different individuals. By doing so, we can create an emotion

recognition system that is widely applicable and can be used by various popula-

tions.

Continuity refers to the ability of the system to detect emotions continuously as

they unfold. Emotions are complex and involve a dynamic interplay of cognitive,

physiological, and behavioral processes. Temporally, emotions emerge through dy-

namic processes involving cognitive appraisal, physiological arousal, and expressive

behavior. The processes are ongoing without starting and ending points, such that

there is no point during an emotion episode that a certain process is not happening

[14]. Emotion episodes contain not only the experience currently occurring [15], but

also the attempts of change and regulation [16]. They are a compound of situation,

regulation, and person factors [17]. Spatially, instead of being categorized into sev-

eral basic ones, emotions should be modeled in continuous real value, to describe

more subtle changes. The dimensional model [18] represents emotional states in

a two-dimensional circular space, where the arousal and valence are the two di-

mensions. To accurately detect and classify emotions, the system must account for

the continuous and evolving nature of emotions. By developing a system that is

capable of continuous emotion detection, we can gain a deeper understanding of

emotional experiences and provide timely interventions when necessary.

Multi-modality refers to the use of multiple cues, including visual, audio, and bio

signals, to recognize emotions. Emotion is multi-modal. A variety of modalities

from the subject’s internal and external expressions can be used for recognizing

emotions. Visual modality refer to everything our eyes can perceive from the sub-

ject. It includes facial expressions and bodily postures/gestures. Audio modality

refer to the verbal or nonverbal vocal signals, either through explicit linguistic

messages or implicit acoustic/prosodic messages. Bio modality are multichannel
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recordings from both the central and the autonomic nervous systems [19], which in-

clude the EEG, blood perfusion, and galvanic skin responses, etc. Information from

different modalities possess a complementary nature. The facial expression, as one

of the most common cues, conveys universal and abundant emotional information

across humans. It is expressive, but also concealable. Positive correlations of the

fundamental frequency, pitch range, and speech rate towards arousal dimension,

or certain spoken words such as good and lovely towards valence dimension are

reported for audio modality. Biosignal carries the internal state and is difficult to

consciously manipulate. The work in [3] shows that EEG features add information

in addition to the facial expression for valence detection. Utilizing multi-modality

information benefits CER.

1.2 Research Questions

The ultimate question posed in the thesis is whether we can improve emotion recog-

nition performance by modeling the continuity and multimodal nature of emotions.

This question is explored from three different angles in the thesis.

First, the labeling protocol of the traditional emotion classification overlooks the

emotion continuity. Typically, the data collected from the subjects, be it facial

expressions, audio records, or physiological signals, are labeled by the subjects

themselves into basic emotions (nominal) or binary high/low intensity (ordinal).

The labeling protocol takes the subjects’ emotion state constant for a whole trial,

simplifying the sequence prediction problem into an N-to-1 mapping task. The sim-

plicity of the labeling protocol help to develop early emotion recognition methods.

However, it contradicts the emotion theories, which we will elaborate in Section 2.3,

that emotion is continuous and there is no point during an emotion episode that a

certain process is not happening [14]. Therefore, we are particularly interested in

exploring:

� How to embed the temporal information of emotion into the traditional emo-

tion classification and therefore improves the accuracy.

Second, given the representative visual and EEG modalities, they have their advan-

tages and disadvantages, as we mentioned in Section 1.1. In addition to which, the
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EEG data is relatively hard to collect compared to the visual data. The cross-modal

knowledge distillation (CKD) provides a promising way to utilize the complemen-

tarity for this circumstance where one modality suffers limited data. CKD has

been a hot topic in many fields such as speech recognition and action recognition.

However, its study on CER has yet been seen to the best of the author’s knowledge.

Therefore, we are the first to propose a question that:

� Can the visual modality transfer its knowledge from abundant visual data to

the EEG modality and improve the EEG-based CER performance?

Third, in addition to CKD, multimodal feature fusion is another hot technique

to utilize multimodal complementarity. Most fusion methods work at either the

feature-level or decision-level. However, the feature-level fusion suffers the curse of

dimensionality, while the decision-level fusion overlooks the complementarity across

different modalities, which is against the evidence [20] in neuroscience, suggesting

that multimodal integration occurs at an early stage. Therefore, we propose a

question that:

� How to design an intermediate-level feature fusion method, which considers

the feature complementarity and modality interactions?

1.3 Contributions of the Thesis

Based on the three questions, there are three major contributions achieved in this

thesis. They are listed as follows.

To embed the temporal information of emotion into the traditional emotion classi-

fication, a thresholding scheme is designed to categorize the continuous annotation.

The ordinal annotation generated from the thresholding scheme refines the cate-

gorical label so that the data from one trial are not mapped to one category but

a sequence of ordinal labels. The classifier trained using the refined labels has an

accuracy gain on EEG modality with statistical significance. In short:

� A thresholding scheme is designed to categorize the continuous annotation

and improve the EEG-based emotion classification accuracy with statistical

significance.
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To transfer the visual knowledge to the EEG modality, unimodal CER models for

visual and EEG modalities are designed. The visual and EEG modalities play as

the teacher and student, respectively. Through the teacher-student interaction,

the EEG model is improved with statistical significance. The code is available at

https://github.com/sucv/Visual_to_EEG_Cross_Modal_KD_for_CER. In short:

� The visual-to-EEG CKD is achieved which improves the EEG-based CER

Performance with statistical significance.

To model the feature complementarity and modality interactions for multimodal

feature fusion, the leader-follower attentive fusion network (LFAN) is designed. It

combines information from different modalities and emphasizes the leading visual

modality in a manner of intermediate-level fusion. We achieved runner-up in the

3rd affective behavior analysis in-the-wild (ABAW3) challenges, and 3rd place in

the 5th affective behavior analysis in-the-wild (ABAW5) challenges. The code is

available at https://github.com/sucv/ABAW3. In short:

� The novel LFAN is designed to achieve the intermediate-level fusion, which

works on the visual, audio, linguistic, and physiological modalities.

1.4 Organization of the Thesis

Chapter 2 provides an extensive overview of CER, covering various aspects of the

field. It starts by discussing the physiological and neuroscience foundation of emo-

tion and popular theories used to model emotion. This background knowledge is

essential for understanding the different modalities used for CER, including facial

expressions, audio signals, and physiological signals. The chapter then elaborates

on the reasons for utilizing multimodality in CER, such as the complementary na-

ture of different modalities and the ability to capture a more comprehensive repre-

sentation of emotions. The problem formulation for CER is also defined, providing

a clear understanding of the task and its objectives. Furthermore, the chapter pro-

vides an introduction to the CER community, including available databases and

contests. This information is useful for understanding the progress of the field and

the metrics used to evaluate CER performance. Finally, the chapter reviews related

https://github.com/sucv/Visual_to_EEG_Cross_Modal_KD_for_CER
https://github.com/sucv/ABAW3
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works on unimodal and multimodal CER methods, providing an overview of the

existing techniques used to recognize emotions in different modalities. This review

of related works serves as a foundation for the subsequent chapters, which explore

new approaches to improving CER performance. Overall, this chapter provides a

comprehensive overview of CER, setting the stage for the rest of the thesis.

Chapter 3 serves as the baseline for our work, introducing the unimodal CER

method. Three subsequent chapters present the novel methods that correspond to

the contributions we have achieved.

Chapter 4 presents the proposed label correction method, which uses continuous

annotations to improve emotion classification performance. This method addresses

the issue of traditional emotion classification labeling protocols that overlook the

continuity of emotions. By utilizing continuous annotations, the system can better

capture the temporal dynamics of emotions and improve recognition accuracy.

Chapter 5 introduces the visual-to-EEG knowledge distillation method. This method

transfers knowledge from visual modalities to EEG modalities, which is useful in

situations where one modality suffers from limited data. By utilizing cross-modal

knowledge distillation, the system can better capture the complementarity between

different modalities and improve recognition accuracy.

Chapter 6 introduces the leader-follower attentive network for multimodal feature

fusion. This intermediate-level feature fusion method considers the complemen-

tarity of features and modality interactions, improving recognition accuracy by

integrating multimodal data at an early stage.

Finally, Chapter 7 discusses the limitations of the thesis and proposes directions

for future work, providing insight into potential areas of research that could build

upon the contributions of this thesis.



Chapter 2

Review of Continuous Emotion

Recognition (CER)

2.1 Introduction

In this chapter, a comprehensive review of the theoretical and technical relevance

of CER is presented. From a theoretical perspective, the physiological foundation

of emotions is introduced, and the pathway from stimuli to emotional expressions

is elaborated upon. Furthermore, several representative theories used to model

emotions are introduced, providing insight into the conceptual frameworks that

underlie CER research. Additionally, the different modalities of emotion are dis-

cussed, as well as the issues associated with using unimodal information for CER.

The importance of involving multimodality in CER is argued for, and its potential

benefits are highlighted. From a technical perspective, the CER problem is for-

mally defined, and the major databases and contests in the CER community are

introduced, providing readers with a good understanding of the progress of CER,

including the focus of the topic and the evolution of evaluation metrics. Moreover,

the evaluation metrics used in CER research are formally discussed. Finally, related

works on both unimodal and multimodal CER methods are reviewed, presenting an

overview of the existing techniques used to recognize emotions in different modal-

ities. Overall, this review provides a comprehensive overview of the theoretical

and technical aspects of CER, setting the stage for the subsequent chapters, which

present novel approaches to improving CER performance.

9
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2.2 Physiological Foundation of Emotion

The human nervous system is comprised of two components, namely the central

nervous system (CNS) and the peripheral nervous system (PNS). The CNS, con-

sisting of the brain and spinal cord, and the PNS, comprising the nerves and ganglia

outside of the brain and spinal cord, are the two main components. The structure

and function of some of the parts associated with this study are first outlined in

this section, followed by an elaboration of how facial expressions can result from

visual and auditory stimuli.

2.2.1 Cerebrum

Figure 2.1: The illustration of the cerebrum. It consists of four lobes, i.e., the
frontal (F), parietal (P), temporal (T), and occipital (O) lobes.

The cerebrum consists of four lobes [21], which are the frontal lobe, parietal lobe,

occipital lobe, and temporal lobe, as shown in Fig. 2.1.

� The frontal lobe is involved in emotions, reasoning, motor control, and lan-

guage. It contains the motor strip, which plans and coordinates movement;

the Broca’s area, which is basically for language production.

� The parietal lobe integrates sensory information among various modalities,

such as touch, odor, pressure, pain, and temperature, etc.
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� The occipital lobe interprets vision, such as color and light. The visual cortex

is located in the occipital lobe which receives the electrical nerve signal from

the visionary stimulus. The primary visual cortex (PVC) is one component

of the whole visual cortex.

� The temporal lobe processes sound, it also interprets languages and speeches.

The auditory cortex is located in the temporal lobe. The primary auditory

cortex (PAC) is one component of the whole auditory cortex.

2.2.2 The Pathway from Stimuli to Facial Expressions

Vision is generated when the retina of the eye is hit by a stimulus. The photore-

ceptors in the retina convert the stimulus into an electrical nerve signal, which

is then sent to the visual cortex, part of the optic nerve located in the occipital

lobe. The signal is transferred along the optic nerves from the eyes to the primary

visual cortex. When sound waves in the form of acoustic energy impinge on the

tympanic membrane, the information is conducted by the cochlear nerve, part of

the vestibulocochlear nerve, to the cochlear nuclei, the superior olivary nucleus,

the medial geniculate nucleus, and finally, the auditory radiation to the primary

auditory cortex, located in the temporal lobe [22].

Figure 2.2: The illustration of the two-streams hypothesis. It depicts the
pathway of how the visual and audio stimuli could lead to a facial expression
through the two-stream hypothesis.

The information processed by the primary visual and auditory cortex is subse-

quently processed by the two-streams system. The two-streams hypothesis, a model

of neural processing of vision and hearing [23–25], posits that when visual infor-

mation exits the primary visual cortex and auditory information exits the primary
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auditory cortex, they follow two pathways: the ventral stream (also known as the

”what” pathway) and the dorsal stream (also known as the ”where/how” path-

way). The former pathway leads to the temporal lobe and is responsible for object

identification and recognition, while the latter pathway leads to the parietal lobe

and is involved in coordinating objects relative to the viewer, as well as with speech

repetition.

The multi-sensory information generated by the two-streams system is associated

with the posterior parietal cortex (PPC). The PPC acts as a bridge between the

parietal lobe and the frontal lobe, and its role is to transform multi-sensory infor-

mation into motor planning or motor commands. Subsequently, the primary motor

cortex located in the frontal lobe contributes to generating neural impulses that

are responsible for controlling facial expressions.

2.2.3 Using EEG to Reveal the Emotion

As previously introduced in Section 2.2.1, 75% of the four lobes are known as asso-

ciate areas. These areas are involved in higher mental functions such as thinking,

speaking, and learning, which are essential for human cognition. These complex

functions are not located in precise brain areas but rather result from the synchro-

nized activities of many brain regions [26].

Emotion is a complex function that is processed through a series of pathways. In

the context of data acquisition for a CER database, the subject watches short film

clips, and the visual and audio stimuli are processed in the occipital and temporal

lobes. The sensory information is then integrated in the parietal lobe before being

delivered to the frontal lobe, where a variety of judgments and regulations are

made. Finally, the frontal lobe directs the subject’s facial muscular movement,

which is subsequently annotated by an expert. The expert’s brain processes the

facial expression in a similar pathway, repeating the process of sensory information

processing, integration, and motor control.

The electroencephalogram (EEG) signals, which are potential fluctuations pro-

duced by the central nervous system, offer promising insights into the decoding

of the emotion process. By placing scalp electrodes at specific locations following

the 10-20 system of electrode placement, potential fluctuations in the underlying
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Figure 2.3: The illustration of the four brain lobes (left) and the placement
of the 32 EEG electrodes (right). Our brain consists of four lobes, i.e., the
frontal (F), parietal (P), temporal (T), and occipital (O) lobes. By placing scalp
electrodes on specific locations following the 10-20 system of electrode placement,
the potential fluctuations of the underlying cerebral regions can be measured.
The correspondences between the four lobes and 32 electrodes are indicated in
color.

cerebral regions can be measured, as shown in Fig. 2.3. EEG can be divided

into five frequency bands, each corresponding to different mental states, reflecting

brain activity. The δ wave (0.3 − 5Hz) is associated with the unconscious mind

and appears during anesthesia or dreamless sleep. The θ wave (5− 8Hz) is associ-

ated with the subconscious mind and memory load and appears during sleep and

dreaming, during which working memory is encoded into long-term memory. The

α wave (8 − 12Hz) is associated with a relaxed yet aware mental state and can

be reduced or disappear during external visual or auditory stimuli. The β wave

(12− 30Hz) is associated with an active state of mind, particularly in the frontal

lobe, and can be observed during intense focused mental activity. Compared to

the ”fast idle” β1 wave (12 − 18Hz), the β2 wave (18 − 30Hz) is associated with

complex thought, integrating new experiences, high anxiety, or excitement. Fi-

nally, the γ wave (> 30Hz) is associated with high-level cognitive brain activities

or attention-intensive activities, such as perception, transmission, processing, in-

tegration, and feedback of information, as well as the processing of multimodal

sensory information.
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2.3 Theoretical Models of Emotion

Currently, there exist several major theories regarding a general model of emotion

mechanisms. They are i) the categorical model, ii) the dimensional model, iii) the

componential appraisal model, and iv) the social constructivist model.

2.3.1 The Categorical Model

The categorical model of emotions is established based on a small number of ba-

sic emotions, including happiness, sadness, surprise, fear, anger, and disgust [27].

These basic emotions are believed to be intrinsic to the human mind and can be

recognized universally [28]. The categorical model was first pioneered by Darwin

[29], who insisted that emotions should be understood through their survival value

and following the theory of evolution.

Seminal contributions to the categorical model have been made by many researchers.

Sylvan Tompkins proposed nine ”affects” that are universal, bio-chemical, neuro-

physiological processes in the body that make or amplify triggering information

[30, 31], which can be seen as an interpretation of Darwin’s idea. Paul Ekman,

Carroll Izard, and their colleagues have also made significant efforts to reveal the

universality of certain emotions through human facial expressions. In addition to

the six basic emotions proposed by Ekman, ten were identified by Izard, eight by

Robert Plutchik [32], and eighteen by Frijda [33]. The number of basic emotions

aside, what matters is that they are based on a set of ”fundamental” or ”primary”

emotions, which feature a survival-related pattern of responses towards events in

the world that have been selected throughout our evolutionary history [6]. All

other emotions are compounds of the basic ones. To date, the categorical model,

represented by Ekman’s theory on universality, has been the most widely adopted

approach for automatic affect recognition.

2.3.2 The Dimensional Model

The dimensional model, which goes beyond discrete emotions and attempts to con-

ceptualize emotions in an emotion space defined by several axes, has been proposed
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by some researchers. It argues that a common and interconnected neurophysiolog-

ical system is responsible for all affective states [34]. According to this model,

affective states are not independent components but are systematically related to

each other. Emotions can be described in three dimensions. The valence dimen-

sion determines the positivity and negativity of the emotion, that is, how pleasant

the emotion is. The arousal dimension determines the excitement and apathy of

the emotion, that is, how activated the emotion is. Finally, the power dimension

determines the sense of control over the emotion.

The circumflex model, introduced by Russell [18], is one representative model that

suggests emotions are coordinated in a valence-arousal-axed circular space. In this

model, the valence and arousal represent the horizontal and vertical axes of the

space, respectively, with the origin representing a neutral state of emotion. Any

emotional episode could be located in the continuous space of this two-dimensional

plane.

2.3.3 The Componential Appraisal Model

Both the categorical and dimensional models have their advantages and disad-

vantages. The former cannot handle complex or blended emotions [35], whereas

the continuous scale of the latter makes this possible. Despite its advantages, the

dimensional model is criticized by many discrete emotion theorists due to the fol-

lowing facts. Describing emotions using only two or three dimensions can result

in the loss of information. Moreover, some of the basic emotions, such as fear

and anger, are difficult to distinguish in the dimensional space. Additionally, some

emotions may not fit into the space at all, such as surprise.

The componential model, which is an extension of the dimensional model, is pro-

posed based on the appraisal theory [36]. It argues that a continuous and recursive

subjective evaluation is always ongoing to appraise the individual’s internal state

and the external environments. Thought and emotion are entangled. When a stim-

ulus is perceived, a primitive urge may first be elicited, which is later ”labeled”

by our thought, after which we can experience the feeling of happiness or sadness

from the primitive urge. According to the componential appraisal model, every
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emotion is linked to a particular appraisal pattern, and the latter would then asso-

ciate many attributes of the person, such as their learning history, temperament,

or personality, with the stimuli the person is currently undergoing.

2.3.4 The Social Constructivist Model

In addition to the researchers who view emotions as a matter of primary biology

or evolved adaptations, social constructivists argue that emotions are products of

culture and learned social rules [6]. According to constructivists, emotions are

not just remnants of our physiogenetic past and cannot be explained solely in

physiological terms. Instead, emotions are social constructions that can be fully

understood only on a social level of analysis [37].

The constructivist perspective emphasizes the social functions of emotions. For

example, anger is considered a fundamental and phylogenetically wired emotion.

However, according to the constructivist perspective, anger has important social

functions interpersonally and socially. It is a product of a sophisticated pattern

of appraisals. When person A wrongs person B by violating certain standards, B

feels anger based on their knowledge and intentions [38]. For social constructivists,

the role of culture is crucial in shaping emotions. Culture provides the content of

appraisals and organizes emotions behaviorally, ultimately determining emotions

culturally.

2.4 Emotion Modalities and Their Features

Various emotion modalities have been used in CER research. In this section, we

will provide a brief overview of the major modalities that will be encountered in

this thesis. These include visual, audio, linguistic, and physiological modalities.

2.4.1 Visual Modality

The most abundant emotion features may be contained in the visual modality. The

direct visual information provides the first type of visual emotion features. Two

representative features in this scope are the facial action units (FAU) [39] and the
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facial fiducial landmarks. The FAU is derived from the facial action coding system

(FACS), which is a comprehensive system based on anatomy used to describe all

visually discernible facial movements. The facial expressions are decomposed into

individual components of muscle movement, such as AU1 corresponding to inner

brow raiser and AU2 corresponding to outer brow raiser. The facial fiducial land-

marks are marks deliberately placed on the subject’s face to function as a point of

reference or a measure. The position to place the fiducial points should be stable,

robust, easily accessible, and precisely locatable both in the real world and on the

images. Eye corners or nose tips are some exemplar positions.

The low-level descriptor of feature engineering is the second type of visual emotion

features. These features are derived from various methods, such as optical flow,

histogram of gradients (HOG), pyramids of histograms of gradients (PHOG), lo-

cal binary patterns (LBP), local binary pattern histograms from three orthogonal

planes (LBP-TOP), and scale-invariant feature transform (SIFT). The pattern of

apparent motion of an object from adjacent frames is known as optical flow, which

generates a displacement vector to manifest the movement of points from the start-

ing frame to the ending frame. HOG counts the occurrences of gradient orientation

in localized portions of an image. PHOG is an extension of HOG, which divides

the image into sub-regions at multiple resolutions and applies the HOG descrip-

tor in each sub-region. LBP uses local spatial patterns and gray-scale contrast to

describe a 2-dimensional surface. LBP-TOP is a spatiotemporal extension of LBP

in the three-dimensional space. SIFT extracts key points of objects by comparing

each pixel to its eight neighboring pixels in each of the neighboring scales of the

difference of Gaussian images.

The third type of visual emotion feature is generated through the use of deep

learning models, also known as deep features. The advancements in deep learning

have led to remarkable progress in various fields, including visual comprehension.

In the context of CER, deep features refer to the representations learned by a well-

trained deep neural network, usually a ResNet, that has been trained on a large-

scale facial recognition or emotion classification database. These deep features are

learned from an image-based database, such as VGGFace2 or AffectNet, and are

capable of conveying highly abstract information that may not be immediately

visible to human observers. When applied to video input, these sequential deep
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features can be processed by another deep neural network for temporal learning,

resulting in the extraction of spatiotemporal features.

2.4.2 Audio Modality

Low-level descriptors and deep features also play a significant role in audio emo-

tion features. The mel-frequency cepstral coefficients (MFCC), GeMAPS, and

eGeMAPS are considered as low-level audio descriptors. A mel-frequency cep-

strum (MFC) is formed by collecting coefficients that can efficiently characterize

speakers. For instance, it can be used to recognize the speaker’s cell phone model

details and further the details of the speaker [40]. GeMAPS and eGeMAPS [41]

are collections of low-level descriptors that are expert-selected. GeMAPS consists

of 62 parameters, such as pitch, jitter, shimmer, loudness, and alpha ratio, while

eGeMAPS includes an additional 26 parameters, resulting in 88 parameters in

total. They are widely used as benchmark feature sets for emotion recognition

studies. Additionally, the spectral centroid, which indicates the mass center of the

magnitude spectrum, and the spectral flux, which defines the changing speed of the

power spectrum by taking the Euclidean distance between two normalized spectra,

are also used in audio emotion features. Deep features, on the other hand, are

representations learned by well-trained deep neural networks (DNNs) trained on

audio databases such as the Ryerson Audio-Visual Database of Emotional Speech

and Song (RAVDESS) [? ] and the EmoReact dataset [? ]. The sequential deep

features extracted from audio signals can also be processed by another DNN for

temporal learning, resulting in spatiotemporal features.

Two audio deep features, VGGish[42] and Wav2Vec2[43], can be obtained. VG-

Gish, a pretrained CNN model for audio representation learning, originated from

the VGG model [44]. The model consists of convolution and activation layers and

is designed to take in patches of log-mel spectrogram with 96×64 bins. These bins

can be interpreted as a sequence of images. The number 96 represents the number

of windows, and 64 denotes the number of mel-spaced frequency bins. The audio

information of 960ms is contained in 96 windows, where the hop length of the

window is 10ms, making this the basic unit for a representation point. The final

feature produced by VGGish is a 128-dimensional vector [42].



Chapter 2. Literature Review 19

In contrast to VGGish, which is trained in a fully-supervised manner, Wav2Vec2

makes use of self-supervised learning from a BERT transformer [45] to achieve

generality across multiple languages, dialects, and domains. The speech audio is a

continuous signal that lacks clear segmentation into words, thus, the authors define

the basic unit as 25ms long for high-level contextualized representation learning.

The self-supervision is achieved by training the model to predict masked speech

units. In contrast to traditional supervised models that are trained with annotated

datasets limited to certain languages, the self-supervised Wav2Vec2 model can

recognize more languages.

2.4.3 Linguistic Modality

The low-level linguistic descriptors, including N-gram, syntactic N-gram [46], bag

of words (BoW), and term frequency-inverse document frequency (TF-IDF) [47],

among others, are included in the linguistic emotion features. N-gram is a method

of tokenizing the sentence into a set of N-words by resampling the word sequence

of the text using a window length of N and a hop size of 1. The syntactic N-gram

considers the syntactic dependency or constituent trees instead of the straightfor-

ward tokenization of the text. BoW represents the text by counting the frequency

of each word, which ignores the sentence structure, grammar, and semantic rela-

tionship of the words. TF-IDF reduces the effect of implicitly common words in

the text by combining the term frequency with the inverse document frequency.

Word embeddings, which are another type of linguistic emotion features, include

Word2Vec [48, 49], GloVe [50], FastText [51], and BERT [45]. Word2Vec employs

shallow neural networks and two different models, namely continuous bag-of-words

and skip-gram, to extract high-dimensional vectors for words, thereby discovering

relationships and similarities of words in the text corpus. GloVe represents each

word as a high-dimensional vector and is trained based on surrounding words over

a massive corpus. Pretrained models are available in 50, 100, 200, and 300 dimen-

sions of representation using different corpora. FastText, proposed by Facebook AI

research, represents each word as a bag of character n-grams, thus capturing the

morphology of words, with pretrained models available for 294 languages. BERT

is a transformer-based language processing model developed by Google [52], which

learns contextual embeddings of words through pretraining tasks, such as language
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modeling and next sentence prediction, and can be fine-tuned on smaller datasets

for specific application scenarios.

2.4.4 Physiological Modality

Physiological modalities that are representative include electrocardiogram (ECG),

electromyography (EMG), blood volume pulse (BVP), galvanic skin response (GSR),

electrodermal activity (EDA), and electroencephalogram (EEG), among others.

The activity of the heart is measured by the ECG signal. A low HRV can indicate

a relaxed state, while a high HRV can indicate stress and frustration. EMG mea-

sures the frequency of muscular activity or tension and is correlated with negative

valence emotions. BVP indicates blood flow, and an increase in negative emotions,

such as anxiety or fear, can increase it. GSR measures skin conductance, and higher

GSR is associated with high arousal or stress. The EEG modality records neuronal

potentials that reflect the functional and physiological changes of the central ner-

vous system, and it contains valuable psychophysiological information. Individuals

with disabilities can use their EEG signals to control wheelchairs or robotic arms.

One of the key features of EEG signals is that signals from different frequency

bands correspond to different mental states. Delta wave (1-4 Hz), theta wave (4-8

Hz), alpha wave (8-13 Hz), Beta wave (13-30 Hz), and gamma wave (>30 Hz)

are the five frequency bands for EEG processing. The delta wave with the lowest

frequency corresponds to deep dreamless sleep, whereas the gamma wave with the

highest frequency usually corresponds to high-level functions that require intense

attention.

The features typically extracted from EEG signals include short-time Fourier Trans-

form (STFT), discrete Fourier transform (DFT), power spectral density (PSD),

wavelet transform (WT), approximate entropy (AE), differential entropy, sam-

ple entropy, wavelet entropy, and common spatial patterns (CSP), among others.

STFT, DFT, and WT are standard operations that convert the signals from the

time domain to the frequency domain. PSD involves the computation of average

band power, which calculates a single scalar that summarizes the contribution of a

given frequency band to the overall power of the signal. The entropy-based features

are used to describe the complexity of the time series.
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2.4.5 Problems of Uni-modality

Carrying out CER using unimodal input has several problems. In this subsection,

we first discuss the modality-specific problems, we then discuss the general problem.

Visual modality could be one of the most effective and efficient ones for CER. The

foundation of the basic emotion view [28] hypothesizes that the emotion features of

anger, sadness, happiness, and some other basic emotion categories own universally

identifiable facial expressions across different countries and cultures. According to

this view, it is feasible to infer subjects’ emotions based on their facial expressions

with high confidence. The majority of published studies have been guided by this

hypothesis.

However, recent studies [53] show that the visual modality could be problematic

in certain cases. It is due to the intra-category variability and inter-category sim-

ilarity. Specifically, suppose that we have six basic emotion categories. For each

category, we have ten instances of expression recorded from subjects. The instances

of the same category may have a moderate to a large amount of variability. The

instances of different categories could also have a non-trivial similarity. Both could

deteriorate the accurate prediction of emotional states.

For the linguistic modality, it suffers from the following issues. First, currently, a

speech recognition model can not truly understand the contextual relation of words

and sentences, which leads to misinterpretations of what the speaker meant to say

or achieve. Second, the voice inputs can divert too much from the average, in terms

of the accents and local differences. For example, American English and Singapore

English have a non-trivial difference in voice pattern. A Singapore speaker may

confuse a speech recognition model trained by American speakers’ data. Third,

when the speech is mixed with loud background noise, for example, collected from

a speaker in the urban outdoors or in large public spaces, it could be challenging

for the speech recognition model to separate the foreground and produce effective

recognition results. Moreover, the requirement of privacy and data security hinders

data availability and diversity.

For the physiological modality, e.g., the EEG, it usually suffers from a low signal-to-

noise ratio, the non-stationarity over time, and a limited amount of training data.

EEG signals are collected using an EEG cap placed on the subject’s skull. The
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electrodes, which are in a limited number, such as 32, 64, or 128, record the EEG

signals from specific positions following the 10-20 placement system. During the

recording of EEG signals, the muscular movement, including the eyes, eyebrows,

face, and head, can lead to artifacts and further deteriorate or inflate the analysis

results. The limited number of electrodes also results in a small spatial resolution.

The non-stationarity over time causes even the same-user EEG signals to vary

between or within runs, from which the trained model may not be general enough

for practical scenarios.

2.5 The Multimodal Nature of Emotion and Its

Involvement in CER

2.5.1 Our Brains Are Multimodal

The world surrounding us is multimodal, we can perceive this world because our

brains are also multimodal. Take speech perception as an example. It is usually

regarded as a unimodal process of purely auditory. Instead, vision can influence

the speech perception. In [54], an experiment was conducted to demonstrate this

phenomenon. The researchers showed a short video of a young woman’s talking

head, in which the utterances of the syllable ba had been dubbed onto lip move-

ments for ga. A majority reported hearing da. However, an accurate perception

was reported by the majority if only the soundtrack or the visual-only video was

provided.

Another fact is that many actions can be recognized both by their sound and by

their vision, thanks to the audiovisual mirror neurons [55]. An experiment showed

that the so-called mirror neurons can discharge both when monkeys perform a

specific action and when they see or hear the same action performed by another

individual. Intuitively, when we see or hear someone knocking on our door, or

when we do it ourselves, or other people do it, our brains can always extract a

single meaning, i.e., knocking, from all these modalities.

The above mirror effect is called the McGurk effect [54]. It shows that in daily

conversation, not only speech and auditory perception, but also vision, such as

gestures, eye contact, and facial expressions, all play an important role to facilitate
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communication. Such effect is related to language development according to the

study based on preschool and school children who manifested a weaker McGurk

effect. The ability to match audio and visual speech events has been reported in

infants who are under 5 months old before they start to perceive language. Further

experiments [56] suggest that the audio-visual interaction begins at a very early

level, i.e., the visual input could improve speech detection in a noisy environment.

2.5.2 Utilizing Multi-modality for CER

Emotions are biological states associated with the nervous system brought on by

neurophysiological changes variously associated with thoughts, feelings, behavioral

responses, etc [57]. Multiple modalities are greatly relevant to emotions. Though

emotion recognition using a single modality has made impressive progress so far,

we can still say that considerable ground is to be covered before it can be fully

integrated into everyday interfaces and devices. For example, due to the limitation

of recording devices, a camera used for collecting facial expression video is usually

60 Hz, and a headband used for EEG data collection usually has 32 or fewer

electrodes. As a result, despite the possibility that an individual may deliberately

pose an expression, facial video capture at 60 Hz may not be sensitive enough to

identify microexpression. Also, the EEG data collected by only 32 electrodes can

be extremely limited considering the fact that brain waves actually result from the

interaction of billions of brain cells. Therefore, an AI system should also be able to

interpret and reason about multimodal inputs, in order to achieve an improvement

over the unimodal counterpart for CER.

According to the review [58], the multimodal settings include the following per-

spectives. We first enumerate them, followed by discussing the relevance in our

context.

� Representation refers to summarizing the data by exploiting the comple-

mentarity and redundancy of different modalities.

� Translation refers to mapping the data from one modality to another modal-

ity. An exemplar case is to describe an image by words.
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� Alignment refers to identifying the direct relations between different modal-

ities. An exemplar case is to align the ingredients of a receipt to the time

steps of a video cooking tutorial.

� Fusion refers to joining information from multiple modalities for prediction.

An exemplar case is to recognize the spoken words through lip motion and

speech signal.

� Co-learning refers to the transfer of knowledge between modalities. An

exemplar case is to train a model in a modality with abundant data and then

transfer the knowledge to another model in the modality with scarce data.

In these thesis, alignment, fusion/representation, and co-learning are explored.

We start the discussion with alignment. In the conventional settings of EEG-

based emotion recognition, the emotion is usually elicited by watching a visual

stimulus. The stimuli may be several seconds to several minutes long. After which,

the subject is required to self-report the emotional state following the well-known

self-assessment manikins (SAM) [59]. The self-assessment is based on categorical

labels, i.e., given the N time steps of the recordings, they are all mapped to 1 label.

Such an experimental protocol has been widely accepted and adopted due to its

simplicity [2, 60], however, we would like to pose one question: Does the protocol

overlook the temporal continuity of the emotional states?

Fusion essentially increases the amount of available data for a better representation

of learning. It takes advantage of the merit of every single modality, which brings

three benefits. First, more data can result in more robust predictions [61]. Second,

data from different modalities allow us to exploit the complementarity within.

For example, EEG data is usually collected with a time resolution of 1024 Hz,

which is far more detailed than that from a camera, and the emotion measured

by EEG is also hard to be deliberately hidden. On the other hand, the facial

expression is less noisy and more universal than the EEG signal, given individuals

of different genders, ages, regions, and races, etc., and it has favorable spatial

and depth information, though it can be consciously concealed. Fusion provides

an ideal way to complement their merits while attenuating the inferiors. Third,

when the data from one modality is not informative, the system can still operate.

For example, in the case when a person is not speaking, an audiovisual emotion
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recognition system should also be able to produce predictions though it is fed by

non-spoken audio signals.

Co-learning aids the representation learning of a modality by exploiting knowledge

from another modality. It is especially desirable when the data from one modal-

ity are limited in terms of low signal-to-noise ratio or annotation sufficiency. One

particular characteristic of co-learning is that most often the teacher modality par-

ticipates only in the training, and during the test, the student modality is the only

input. Generally, the visual and audio modalities have relatively more abundant

data than their physiological counterpart. And, data from some modalities are

hard to acquire simultaneously due to interference. For example, collecting both

the facial expression and EEG signal can be challenging, as the electromyography

(EMG) caused by the facial muscular movement or the electrooculogram (EOG)

caused by the eyeball movement can degrade the quality of EEG. EMG and EOG

may have a non-trivial correlation with the stimuli and contribute to the predic-

tion. Knowledge distillation provides a promising solution to circumvent this issue

by separating the training and testing modalities.

2.6 Multimodal Databases and Contests of CER

The CER databases are relatively scarce compared to other fields such as video

understanding and object detection. Here the representative CER databases are

introduced. An overview is listed in Table 2.1.

2.6.1 HUMAINE

The HUMAINE database [62] is the first database for CER that contains continu-

ous labels. It is created by choosing recordings from a large collection of multiple

databases following some criteria, and then continuously labeling the chosen data.

Range of content, multi-modality, and labeling are three priorities during the de-

velopment of HUMAINE. For the range of content, the developers of HUMAINE

decide to move from emotion in monologue, to emotion in sedentary interaction, to

emotion in action. The data are from diverse situations such as old acquaintances

sedentarily discussing TV chat shows and religious programs, subjects conducting
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Table 2.1: The overview of the CER databases. For Column Modal, V denotes
visual, A denotes audio, P denotes physiological, and L denotes linguistic. For
Column Duration, it represents the duration of the whole database as hh:mm.
For Column # Anno, it denotes how many annotators are employed for annota-
tion. For Column Emo Dim, it denotes the labeled emotion dimension, in which
V denotes valence, A denotes arousal, I denotes intensity, P denotes power, E
denotes expectation, L denotes liking, and T denotes trustworthiness.

Dataset Modal Duration # Anno Emo Dim

HUMAINE [62] VA 4:11 6 VA, I
SEMAINE [63] VA 6:30 6 VA, I, P, E
RECOLA [64] VA 3:50 6 VA

MAHNOB-HCI [2, 3] VAP 5:23 5 V
SEWA [65] VA 4:39 5 VAL

AffWild2 [66] VA 43:00 6 VA
Muse-CaR [67] VAL 40:12 5 VA, T

human-computer conversations, subjects taking part in outdoor activities, and sub-

jects playing driving simulators, etc. For the multi-modality, most of the records

are audiovisual data, with a small subset being physiological data. For the labeling,

it discards the old labeling scheme which was at a very basic level, i.e., labeling a

whole trial categorically. Rather, the label is not only at a global level, but also at

the frame level, changing over time.

Overall, after the data selection, HUMAINE contains 50 clips of naturalistic and

induced data, which is up to 4 hours and 11 minutes long. Both audio and visual

modalities are available. 6 annotators are employed to continuously label the data.

2.6.2 SEMAINE

The SEMAINE database [63] is a large audiovisual database containing the inter-

actions between a subject and a Sensitive Artificial Listener (SAL) agent. The

SAL scenario is intended to provide fluent, sustained, and emotionally colored con-

versations. The interaction includes two ends. At one end are recordings of paired

people engaged in emotionally colored conversations. At the other end are record-

ings of individuals interacting with a cartoon character that is animated by one

of the parties in the first end. The first end involves a human user and human

operator, and the second end involves a human user and a machine operator (the

cartoon character). The operator always tries to engage or even provoke the user
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to vent their emotions. Note that the data are recorded in a tightly controlled

laboratory environment.

Overall, SEMAINE contains recordings as long as 6 hours and 30 minutes, in audio

and visual modalities. The recorded videos are of 580× 780 resolution and 50 fps.

6 annotators are employed to continuously label the data.

2.6.3 RECOLA

The RECOLA database [64] is a multimodal corpus of spontaneous collaborative

and affective interactions in French. The participants are paired to have a video

conference, during which they are required to complete a task requiring collabora-

tion. In addition to the audio and visual modalities, the ECG and EDA modalities

are also recorded continuously and synchronously. Note that the data are recorded

in a tightly controlled laboratory environment.

Overall, RECOLA contains recordings as long as 3 hours and 50 minutes. The data

are available in audio, visual, ECG, and EDA modalities. The recorded videos are

of 1080 × 720 resolution and 25 fps. 6 annotators are employed to continuously

label the data. The annotations are sampled at 25 Hz.

2.6.4 MAHNOB-HCI

MAHNOB-HCI is a multimodal database [2]recorded in response to affective stim-

uli with the goal of emotion recognition and implicit tagging research. It provides

the synchronized recording of facial videos, audio signals, eye gaze data, EEG sig-

nals, and other physiological signals from 30 subjects. The subjects are asked to

watch 20 emotional video clips, resulting in 440 trials. The video clips are between

35 and 117 seconds long. The EEG signals are acquired from 32 electrodes on the

10-20 international system. The sampling frequency is 256 Hz. The facial videos

are captured at 60 fps and 780×580 resolution. For each trial, four integers ranging

from 1 to 9 and self-reported by the subjects are used to label the valence, arousal,

dominance, and emotional keywords, respectively.

A subset [3] of the original MAHNOB-HCI database is chosen to be continuously

labeled. It contains 239 trials from 24 subjects with obvious facial expressions.
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The trial number for each subject is not even. Five experts are employed for the

annotation using FEELTRACE and a joystick. Only the valence is continuously

labeled. The reason is that the subjects are quiet and passively watching videos,

which makes the annotation of arousal, power, or expectation unavailable [3]. The

continuous valence label is determined by the average of the five experts’ labels

and is sampled at a frequency of 4 Hz.

2.6.5 SEWA

SEWA [65] is an audiovisual, multilingual database of richly annotated facial, vocal,

and verbal behavior recordings made in-the-wild. It contains audiovisual record-

ings of spontaneous behaviors and features an unconstrained environment with

commercial webcams and microphones for data recordings. Subjects from different

cultural backgrounds (British, German, Hungarian, Greek, Serbian, and Chinese)

and age groups (20+, 30+, 40+, 50+, 60+) participate in the data recording. The

participants are required to watch 4 advertisements, which are chosen for elicit-

ing particular mental states. In order to reach a consistent understanding of the

advertisement, the chosen ones have no dialogues and are featured with simple

visuals and music. A questionnaire is required to be filled in by the participants

after watching the advert, which records the participants’ emotional state and sen-

timent. After which, paired participants are asked to discuss the adverts through

a video conference. The discussion is intended to elicit certain emotional reactions

to the adverts. Finally, another questionnaire is required to be filled in to record

participants’ emotion states and sentiments. The data are annotated in multiple

ways, including facial action units, facial landmarks, vocal and verbal features, and

continuous valence and arousal traces.

Overall, SEWA contains recordings as long as 4 hours and 39 minutes. The data

are available in audio and visual modalities. The recorded videos are in a resolution

ranging from 320 × 240 to 640 × 360, and the frame rate is between 20 to 30 fps.

5 annotators are employed to continuously label the data. The labels are sampled

at 10 Hz.
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2.6.6 AffWild2

The AffWild2 database [66] contains 564 Youtube videos of spontaneous facial be-

haviors of daily life in arbitrary conditions, unlike other databases whose scenarios

are only limited to the speaking participants sitting in front of a camera. Some

scenarios include subjects giving an interesting speech in ceremonies, participating

in interviews, reacting to something that brings them happiness, etc. Overall, the

subjects’ age, ethnicity, profession, head pose, illumination conditions, and occlu-

sions are in a wide range. Four experts annotate the videos in valence and arousal.

The final annotations are determined by firstly performing the median filtering for

the annotation of a video from one annotator, and then averaging the 4 median-

filtered annotations. The videos are in various resolutions, and the frame rate is

about 30 fps.

Overall, AffWild2 contains recordings more than 43 hours long. The data are avail-

able in audio and visual modalities. The videos have various resolutions, and the

frame rate is approximately 30 Hz. 6 annotators are employed to continuously label

the data. The annotations are sampled at the same frequency as the corresponding

videos.

2.6.7 MuSe-CaR

The MuSe-CaR database [67] is a large, extensively annotated multimodal dataset

featuring YouTube videos on car reviews. It has 40 hours of user-generated videos

with more than 350 reviews and 70 host speakers. The data are extensively an-

notated in multiple annotation tiers in addition to dimensional emotion traces.

The speakers include professional, semi-professional, and casual reviewers, with

their ages ranging from their mid-20s to late-50s. For the 303 videos that are

annotated, the average duration is 8 minutes. Three types of roles are employed

for data annotation, which are the annotator, the auditor, and the administrator.

While the annotators are in charge of labeling the data according to the subse-

quent instruction, the auditor is responsible to inspect the labeling quality, and

the administrator assigns duties during the entire annotation process.
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Overall, Muse-CaR contains recordings of 40.2 hours long. The data are available

in audio, visual, and textual modalities. 5 annotators are employed to continuously

label the data. The annotations are sampled at 0.25 frequency.

2.6.8 CER Contest

CER community also has several representative contest series which greatly help

to boost the progress of this area. In this subsection, a brief introduction to the

contest series is provided. From which we can witness some interesting adaptions

in terms of data acquisition protocol and winning criterion.

For data acquisition protocol, the early CER contests, focus on the data from a

controlled environment. The scene would contain a single subject mostly sitting

in front of the camera, with few variations on head poses, illumination conditions,

and backgrounds. The focus later shifts to in-the-wild scenarios, where the scene

could be about any activities, with or without one or more subjects.

For the winning criterion, the early CER contests employ root mean square error

(RMSE) or Pearson’s correlation coefficient (PCC), and later it shifts to the con-

cordance correlation coefficient (CCC). A discussion regarding the criteria property

would be provided in Sec. 2.7.

2.6.8.1 AVEC series

One of the most influential contests for the CER community is the audiovisual

emotion challenge (AVEC) contest. It started in 2011 as a yearly event and ended

in 2019. The goal of the AVEC contest series is to provide common benchmark

test sets, to bring together the audio and video emotion recognition communities,

and to establish to what extent the fusion of multi-modality information is possible

and beneficial.

AVEC2011 [68] used categorical labels from SEMAINE [63] database. Back then

the dimensional affect recognition problem was still less explored and was usually

reduced to a binary classification problem. For example, the valence or arousal

would have two classes, named positive/negative, for a 2-class classification.
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AVEC2012 [69] was the first contest in the AVEC series that used continuous labels

and posed a regression problem of CER. The SEMAINE [63] database was used.

There were two sub-challenges in AVEC2012. The fully continuous sub-challenge

is for a standard CER scenario, where the level of emotion has to be predicted

for every moment of the recording in the dimensional space. The word-level sub-

challenge only required the participants to predict the emotion when the subject

is speaking. The criterion for AVEC2012 was PCC.

AVEC2013 [70] followed its predecessor for CER using the SEMAINE database

of natural dyadic interactions. In addition to which, it extended the scope to

a more complex scenario called depression recognition. Both the emotion and

depression recognition problems were cast as regression problems. Thus, there

were two sub-challenges, namely, the affect recognition sub-challenge as a standard

CER scenario using the SEMAINE [63] database, and the depression recognition

sub-challenge using the audiovisual depressive language database. Note that for

the latter, there was only one continuous value for one multimedia file. The criteria

for AVEC 2012 are twofold. The affect recognition sub-challenge used the PCC,

while the depression recognition sub-challenge used the RMSE. AVEC2014 [71] also

contained one CER sub-challenge using the SEMAINE database and one depression

recognition sub-challenge using the depressive language database. And the PCC

and RMSE were used as the criteria.

Compared to AVEC 2014 [71], there were the following changes in AVEC 2015

[72]. First, there was only one scenario, i.e., the standard CER one as it was

in AVEC2014. Second, the database employed was the RECOLA [64] database.

Third, in addition to audiovisual modalities, the physiological signal, including

the ECG and EDA signals, were included. In AVEC 2016 [73], the depression

recognition sub-challenge was included again. And the criterion for it was the F1

score. In AVEC 2017 [74], the CER sub-challenge employed the SEWA database

and also the CCC as the criterion.

In AVEC2018 [75], there were three sub-challenges. The cross-cultural emotion

sub-challenge includes the German and Hungarian subjects and the collected au-

diovisual recordings which were an extension of the SEWA database. The partici-

pants had to train their model using the German data and test their model using

the Hungarian data. The prediction was required for valence, arousal, and liking

dimensions in a temporally continuous manner. And the CCC was the criterion.
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The gold-standard emotion sub-challenge is a new task focusing on the generation

of dimensional emotion labels. There were time-continuous labels from several an-

notators, the participants were required to first merge the labels as one and then

trained their models using the merged labels. The RECOLA database with the

audiovisual and physiological data was employed. The CCC was the criterion. The

bipolar disorder sub-challenge was a new focus rather than the depression analy-

sis from previous AVEC contests. The bipolar disorder database was used. The

audiovisual data was available for a 3-class classification, i.e., mania, hypomania,

and remission. The unweighted average recall, which was the average of the recall

in percentage obtained in each of the three classes, was the criterion.

In AVEC2019 [76], three sub-challenges were included. In addition to the cross-

cultural emotion sub-challenge and depression recognition sub-challenge, the state-

of-mind sub-challenge was available. The goal of this sub-challenge is to predict the

human state-of-mind in a 10-point scale from the USoM corpus [77]. Moreover, for

the cross-cultural emotion sub-challenge, the database was extended with Chinese

subjects, so that there were German, Hungarian, and Chinese subjects in total,

where the latter were taken as the test set.

2.6.8.2 ABAW series

As we introduced, the data from AVEC series are mostly recorded in the labora-

tory or controlled environments. And the number of subjects, head pose variations,

present occlusion, background, and illumination are all limited in diversity. More-

over, the duration of the videos is up to about 4 hours, which is rather short.

In an attempt to tackle the aforementioned limitations, the affective behavior anal-

ysis in-the-wild (ABAW) contest has been organized since 2017. By the date when

writing this thesis, three contests of the series, i.e., ABAW1, ABAW2, and ABAW3,

were held.

ABAW1 was held in 2020. It is aimed at the automatic analysis of valence-arousal

estimation, basic expression classification, and action unit detection. It had three

sub-challenges, each one addressing a respective task out of the three. It employed

the AffWild2 [66] database. For the valence-arousal estimation sub-challenge, the

CCC was the criterion. As for the other two sub-challenges, the F1 score and
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accuracy were the criterion, as they were classification problems. Following the

same configuration, ABAW2 was held in 2021, followed by ABAW3 in 2022.

2.6.8.3 Other CER Contests

Multimodal Sentiment Analysis in Real-life Media (MUSE) series is another CER

contest series. It aims to provide a benchmark for the fusion of audiovisual and

language modalities. In addition to the audiovisual emotion recognition, it also

included the sentiment analysis perspective and contributed to bringing the two

communities together.

MuSe2020 [78] had three sub-challenges, the multimodal sentiment in-the-wild

(MuSe-Wild) sub-challenge, the multimodal emotion target engagement (Muse-

Topic) sub-challenge, the multimodal trustworthiness (MuSe-Trust) sub-challenge.

The MuSe-Wild sub-challenge was in a standard CER configuration which aimed

to predict the level of valence-arousal in a time-continuous manner from audio-

visual recordings, and employed the CCC as the criterion. The MuSe-Topic was

labeled categorical so that the criterion was the weighted sum of unweighted aver-

age recall and F1 score. The MuSe-Trust sub-challenge used the same setting as

in Muse-Wild. The MuSe-Car database was employed.

MuSe2021 [67] had four sub-challenges, the multimodal continuous emotions in-the-

wild (MuSe-Wilder) sub-challenge, the multimodal sentiment in-the-wild classifi-

cation (MuSe-Sent) sub-challenge, the multimodal emotional stress (MuSe-Stress)

sub-challenge, and the multimodal physiological-arousal (MuSe-Physio) sub-challenge.

Except for the MuSe-Sent sub-challenge which was a classification task and em-

ployed the F1 score as the criterion, the other three sub-challenges all followed

a standard CER configuration, with the CCC being the criterion. MuSe-Wilder

and Muse-Sent employed the MuSe-Car database, while MuSe-Stress and MuSe-

Physio employed the Ulm-TSST DATABASE, which required the subjects to give

a free speech task under a highly stress-induced environment, following the TSST

protocol [79].

By the time when writing this thesis, MuSe2022 is hosting for participation. It

has three sub-challenge, the MuSe-Humor sub-challenge, the MuSe-Reaction sub-

challenge, and the MuSe-Stress sub-challenge. MuSe-Humor utilizes the Passau-

SFCH database. It contains an audiovisual recording of 10 football coaches who
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would express humor during press conferences. MuSe-Humor employs a two-

dimensional humor model [80] in the humor style questionnaire, and the label

was binary, indicating if the subjects’ communication is humorous or not frame by

frame. The area under curve is taken as the criterion. MuSe-Reaction utilizes the

Hume-Reaction database, which contains more than 70 hours of audiovisual data

regarding human emotional reactions. The database is labeled categorically into

seven basic emotions, and the PCC is employed as the criterion. And MuSe-Stress

uses the same configuration as in MuSe2021.

2.7 Evaluation Metrics for CER

CER is basically a sequence prediction task. The agreement between the predic-

tion sequences from a deep learning model and the gold standard sequence, or, the

ground truth, is needed to be measured. Generally, the root mean square error

(RMSE), Pearson’s correlation coefficient (PCC), and concordance correlation co-

efficient (CCC) are employed. In this section a formal definition is provided for the

three metrics, followed by a discussion regarding their properties.

Given the prediction Ŷ = {ŷi}Ni=1 from a trained deep learning model, and the

annotation Y = {yi}Ni=1 from another independent observer, our goal is to quantify

the agreement, or the consistency in-between.

The root mean square error (RMSE), due to its simplicity, is one of the most

popular distance metrics. It is formulated as:

ϵ(Ŷ,Y) =

∥∥∥∥∥Ŷ −Y

N

∥∥∥∥∥
2

=

√∑N
i=1(ŷi − yi)2

N
. (2.1)

The Pearson’s correlation coefficient (PCC) is formulated as:

ρp(Ŷ,Y) =
σŶ Y

σŶ σY
=

∑N
i=1(ŷi − µŶ )(yi − µY )√∑N

i=1(ŷi − µŶ )2
√∑N

i=1(yi − µY )
, (2.2)

where σXY is the covariance, σX and σY are the variances, and µX and µY are the

means of X and Y.
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The concordance correlation coefficient (CCC) is formulated as:

ρc(Ŷ,Y) =
2σŶ Y

σ2
Ŷ

+ σ2
Y − (µŶ − µY )2

. (2.3)

RMSE has no bound so unless a further magnitude comparison is conducted can

any meaningful interpretation be made. It also fails to measure the correlation.

Suppose that the two sequences to measure are placed close enough, their RMSE

could be small though they may have very different trends. PCC can measure the

correlation of two vectors. However, it cannot distinguish the identity relationship,

or, the accuracy, because the PCCs of one vector against itself with and without

an offset are equal. CCC, on the other hand, penalizes any deviation from the

identity relationship while capturing the linear relationship thanks to the terms to

account for the mean difference and covariance, respectively. In short, CCC owns

the best credit out of the three metrics.

The machine learning community has grown an increasing interest in utilizing CCC

as the performance measure of choice. For example, the AVEC contest series which

we have introduced can show the trend. In the early series, the AVEC utilizes

RMSE and PCC as the winning criteria, whereas in the late series it is the CCC

that plays the role. In this thesis, the CCC is the main criterion for evaluating the

CER methods.
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Table 2.2: The relevant papers for CER. The following acronyms are from the table columns. Cita.: citation. Pub.: publication title. Mod.: modality, containing
V (visual), A (audio), L (linguistic), T (thermal), and P (physiological). TDN: time-delay networks. 1DCNN: 1-dimensional convolutional neural networks. AE: auto-
encoder. GRU: gated recurrent unit. LSTM: long short-term memory recurrent neural networks. CvLSTM: convolutional LSTM. DBN: deep belief networks. Att:
attention. Transf: transformer. Non-DL: non-deep learning methods, i.e., the conventional methods. SNN: spiking neural networks. SSL: semi-supervised learning. KD:
knowledge distillation. ADV: adversarial learning. DA: domain adaption. MT: multitask learning. USL: unsupervised learning. LC: label correction. The following
acronyms are from the table columns. A: audio. T: thermal. P: physiological. V: visual. AVEC: audiovisual emotion challenge. ABAW: affective behavior analysis
in-the-wild workshop. CVPR: IEEE international conference on computer vision and pattern recognition. MM: ACM conference on multimedia. TAC: IEEE transactions
on affective computing. TIP: IEEE transactions on image processing. TC: IEEE transactions on cybernetics. TPAMI: IEEE transactions on pattern analysis and machine
intelligence. TMM: IEEE transactions on multimedia. IF: information fusion. IVC: image and vision computing. STSP: IEEE selected topic on signal processing. ICASSP:
IEEE international conference on acoustics, speech, and signal processing.

Cita. Pub. Year Mod.
Model Training Setting

TDN 1C 2C 3C AE GRU LSTM CvLSTM DBN Att Transf. Non-DL SNN SSL KD ADV DA MT USL LC

[81] TAC 2011 AL ✓

[82] TAC 2011 VA ✓ ✓

[83] AVEC 2014 VA ✓

[84] AVEC 2014 VAL ✓

[85] TAC 2014 V ✓

[86] TPAMI 2014 VA ✓

[87] AVEC 2015 VAP ✓

[88] AVEC 2015 VAP ✓

[89] TAC 2015 VA ✓

[90] TAC 2015 A ✓

[91] TC 2015 VAL ✓

[92] AVEC 2016 VAL ✓ ✓

[93] MM 2016 VAL ✓

[94] TPAMI 2016 V

[95] ICAASP 2016 VA ✓

[96] TC 2016 V ✓

[97] MM 2017 VA ✓ ✓

[98] IVC 2017 VA ✓ ✓ ✓

[99] ICASSP 2017 A ✓ ✓ ✓

[100] AVEC 2017 VAL ✓ ✓ ✓

[101] STSP 2017 VA ✓ ✓

[102] AVEC 2017 VAL ✓

[103] ABAW 2017 V ✓ ✓

[104] TAC 2017 A ✓

[105] ICAASP 2017 A ✓

[106] AVEC 2018 VAL

[107] AVEC 2018 VAL ✓ ✓

[108] AVEC 2018 VAL ✓

[109] ICAASP 2018 - ✓

[110] ICAASP 2018 A ✓ ✓

[111] ICAASP 2018 V ✓ ✓
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Table 2.2 Continued.

[112] TAC 2018 A ✓

[113] AVEC 2019 V ✓ ✓

[114] FG 2019 V ✓

[115] IF 2019 VL ✓ ✓ ✓

[116] AVEC 2019 VAL ✓

[117] AVEC 2019 VAL ✓ ✓ ✓

[118] TMM 2019 A ✓

[119] TAC 2019 V ✓ ✓ ✓

[120] CVPR 2020 V ✓

[121] ABAW 2020 VA ✓ ✓ ✓

[122] ABAW 2020 V ✓ ✓ ✓

[123] ICASSP 2020 VA ✓ ✓

[124] ICASSP 2020 VA ✓

[125] TAC 2020 L ✓

[126] TIP 2020 VT ✓ ✓ ✓

[127] ABAW 2021 VA ✓ ✓

[128] ABAW 2021 VA ✓ ✓ ✓

[129] ABAW 2021 V ✓ ✓ ✓

[130] ABAW 2021 V ✓ ✓

[131] MUSE 2021 VAL ✓ ✓ ✓

[132] MUSE 2021 VAL ✓ ✓

[133] ABAW 2021 V ✓ ✓

[134] IF 2021 VAL ✓ ✓ ✓

[135] CVPR 2021 V ✓

[136] CVPR 2021 V ✓ ✓

[137] TAC 2021 A ✓ ✓

[138] TMM 2021 VA ✓ ✓ ✓

[139] TMM 2021 V ✓

[140] TIP 2021 V ✓ ✓

[141] MUSE 2021 AL ✓ ✓

[142] ABAW 2022 V ✓ ✓

[143] ABAW 2022 VAL ✓ ✓

[144] TPAMI 2022 VA ✓

[145] ABAW 2022 VA ✓ ✓

[146] ABAW 2022 VA ✓ ✓ ✓ ✓

[147] IF 2022 VP ✓



38 2.8. Related Works

2.8 Related Works

In this section, we conduct a literature review of CER. The relevant papers are col-

lected from several major academic online platforms including the SemanticScholar,

IEEE Xplore, ScienceDirect, and ACM Library. The papers are published either in

top journals (including TPAMI, TC, IF, TMM, TAC, TIP, and IVC), top confer-

ences (including CVPR, ICASSP, MM), or the contests (including AVEC, ABAW,

and MUSE) we introduced in Sec 2.6.8. Accordingly, 67 papers are collected and

summarized in Table 2.2.

Overall, we see that in terms of modalities, 55.2% of methods are multimodal.

79.1% methods involve the visual modality, 62.7% methods involve the audio

modality, and 26.9% methods involve the linguistic modality. In terms of com-

putational models, 43.3% methods use 2-dimensional CNN, 37.3% methods use

LSTM, and 16.4% methods use the combined CNN-LSTM models. In terms of

training settings, a majority of the methods are trained in supervised settings for

valence-arousal prediction.

2.8.1 Unimodal CER methods

2.8.1.1 Visual-based CER methods

[96] develops a two-stage automatic system for expression-based CER. The time-

delay neural network is employed to model the consecutive frames and exploit

the slow-changing dynamics between emotional states. [85] proposes a downsam-

pling method with a dynamic sampling rate for facial expression-based CER. In

which, an individual with idle and active expressions would allocate fewer and more

frames for data analysis. [94] develops a vector machine, called the doubly sparse

relevance vector machine, for facial-based CER. The proposed machine enforces

double sparsity by jointly selecting the most relevant training examples and the

most important kernels corresponding with relevant facial parts. [108] employs the

3-dimensional convolutional neural network with LSTM, i.e., the ConvLSTM, to

merge feature extraction and regression into a unified system. [113] takes head pose

and eye gaze in addition to facial expression for CER. The first two features guide

the facial features through an attention mechanism for CER. [114] employs tucker
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tensor regression to model the continuous emotion in naturalistic settings. The

tucker tensor regression model allows to capture of multimodal data structure and

reduces the total parameter number. [120] unifies low-rank tensor decompositions

onto MobileNet for efficient multidimensional convolutions. The proposed is able to

be generalized from 2D images to videos thanks to the higher-order transduction.

[122] applies data balancing techniques and multitask learning for CER. It first

trains a teacher model to perform the basic emotion classification, action unit clas-

sification, and valence-arousal prediction simultaneously, later the predictions pro-

duced by the teacher are taken as the soft labels for student training. [129] trains

a unified CNN-GRU cascade network to perform facial expression classification

and valence-arousal prediction. The knowledge distillation technique is employed,

which uses both the ground truth labels and soft labels from the trained teacher to

train the student model. [130] proposes a multitask streaming network based on the

assumption that the basic emotions, action units, and the valence-arousal are in-

trinsically associated with each other. An advanced facial expression embedding is

used as the prior knowledge to aid the learning. [136] presents a time-series emotion

prediction method for multimedia content. It models the temporal causality using

attention-based methods and Granger causality. Facial features, scene understand-

ing, visual aesthetics, action description, and movie script are employed to obtain

an affect-rich representation for CER. [137] introduces a CNN-based network to

simultaneously align and predict labels in an end-to-end manner. The proposed

network is a stack of convolutional layers followed by an aligner network that aligns

the speech signal and emotion labels. [112] formulates speaker variability in terms

of probability distributions in both feature and model spaces. Two compensation

techniques based on partial least square dimensional reduction and feature map-

ping are proposed. [142] develops a facial expression-based method by combining

the GRU and transformer for valence-arousal prediction. [103] employs the action

unite to estimate the valence-arousal intensity, based on the assumption that both

of them are entangled in the same emotional space. [119] develops a novel algorithm

for 2D face frontalization, a novel frequency-domain convex optimization algorithm

for unsupervised training, and an extended Kalman filtering-based algorithm for

affect estimation. [139] proposes to learn rich affective state dynamics by defining

the affective state in terms of valence, arousal, and their higher-order derivatives.

It combines an RNN and a Bayesian filter and is able to handle high-dimensional

observations and efficient optimization in an end-to-end fashion. [140] proposes a
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framework for extracting 3D facial spatiotemporal features from monocular image

sequences using an extended 3D morphable model. An LSTM is used to evaluate

the extracted features on multiple tasks.

2.8.1.2 Audio-based CER methods

[99] proposes a prediction-based learning framework for speech-based CER. The

support vector regression (SVR) and bidirectional long short-term memory recur-

rent neural network (BDLSTM-RNN) are used and concatenated forming a united

cascade framework. [104] introduces a CER system based on ensembles of single

speaker regression models. The emotion is estimated by combining a subset of

the initial pool of single speaker regression models, which are the most concordant

ones. [90] applies multi-task learning to leverage valence and arousal informa-

tion for audio-based CER using the deep belief network. The classification of the

categorical emotion and the prediction of valence and arousal are the two tasks

involved in the combined loss function. [105] uses the phone log-likelihood ra-

tio features to index valence and arousal in a pairwise low/high framework for

speech-based CER. A multi-stage staircase regression framework that enables fu-

sion at three different stages is also designed. [110] employs CNN and LSTM to

model the contextual information of the speech data for CER. [125] investigates

the phonetic features on several widely used corpora, including RECOLA [64] and

SEMAINE [63] to explore the acoustic space partitioning information and phonetic

content. [118] proposes a new bidirectional convolutional recurrent sparse network

for music-based CER. The sequential-information-included affect-salient features

are learned from the 2D music spectrogram. [133] employs a CNN-GRU architec-

ture for valence-arousal prediction. [135] proposes a CER framework with three

key novel components, including a global latent variable model, the temporal con-

text modeling via task-specific predictions in addition to features, and the smart

temporal context selection.

2.8.2 Multimodal CER Methods

[81] proposes linguistic analysis approaches for CER. A feature combination of char-

acter n-gram and audio low-level descriptors is explored and fused. [82] fuses facial

expression, shoulder gestures, and audio features for CER. The output-associative
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fusion framework incorporates correlations and covariances between the emotion

dimensions. The BLSTM and SVR are employed and compared. [84] uses multi-

modality to account for context during the frame-wise inference and linearly fuse

the outcomes from the audio-visual input. [86] proposes a novel generative model,

which discovers temporal dependencies on the shared and individual spaces. It also

introduces a latent warping process to counter temporal lags. [87] extracts multi-

ple low-level descriptors in visual, audio, and physiological modalities for feature

selection. The BLSTM is used for valence-arousal prediction. [88] investigates the

ϵ-insensitive loss and temporal pooling for CER. The first one is claimed to be more

robust for the label noises and the second one enables temporal modeling in the in-

put features. [89] proposes a label correction method by modeling the reaction lag

of evaluators. [91] develops the temporal Bayesian fusion for CER combining the

visual, audio, and lexical modalities. It integrates the temporal prediction model

prior to the Bayesian fusion and uncertainties about the unimodal predictions. [93]

utilizes the LSTM network to capture the temporal dependencies. The attention

mechanism is employed so that the model can dynamically pay attention to salient

modalities at each time step. [95] proposes a mixture of experts-based fusion model

to dynamically combines audiovisual information. The expectation-maximization

algorithm is used to model the emotional dynamics. [97] proposes a soft predic-

tion framework to provide a human-like emotion prediction. The uncertainty is

modeled to indicate the perception and inter-rater disagreement. [98] proposes

the strength modeling, which includes two models in a hierarchical manner. The

strength information of the first model is joined with the original features, thus

expanding the feature space for the successive model to learn from. [100] explores

and fuses multiple low-level features and deep features from the visual, audio, and

linguistic modalities. And the LSTM and SVR are employed and compared. [101]

utilizes CNN to extract visual and speech features. An LSTM is then used to com-

bine the features for the valence-arousal prediction. [115] proposes the multimodal

data fusion method to combine the visual and audio data. The temporal attention

filters are proposed to align the visual and audio data, the aligned data are then

combined in the common space. [106] proposes an interesting method to exploit

the difficulties in learning to boost the machine learning process. The reconstruc-

tion error is taken as the difficulty, which is then used with the original features

to update the model. [107, 116] investigate different interaction methods among

modalities to imitate the real interaction patterns in daily lives. [117] proposed the
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CNN-TCN architecture to extract features from different modalities. The features

are then fed to BLSTM for CER. [121] proposed a two-stream CER model, where

the video frames and audio spectrum are taken as the input. A TCN is employed

for temporal learning. [126] present a novel method fed by color, depth, and ther-

mal recordings. The model learns spatiotemporal attention volumes to robustly

recognize the valence-arousal according to the attention-boosted feature volumes.

[127, 143] propose a leader-follower co-attention network for multimodal fusion from

the visual, audio, and linguistic input. [128] designs a multitask learning method

to learn three types of facial-based representations simultaneously. After which,

a teacher model is used to produce soft labels from the unlabeled data for stu-

dent training. [134] utilizes the transformer-based network and the high-resolution

network to process the visual modality. Together with the audio modality, the

embeddings are combined via an LSTM network. [138] developed a transformer

encoder with multimodal multi-head attention for CER, which progressively refine

the inter- and intra-modality temporal dependency. [141] proposes a label correc-

tion method called the rater aligned annotation weighting to align the annotations

in a translation-invariant way. [144] proposes a novel fusion framework, which first

learns latent distributions over audiovisual space, and then constrains the variance

vectors of each modality in order to force them to represent the amount of infor-

mation with respect to emotion recognition. [146] uses deep ensembles to capture

uncertainty for basic emotions, action units, and valence-arousal scores. The it-

erative self-distillation technique is employed to improve the model performance

alternative teacher and student role-playing. [147] proposes a multimodal approach

to combine the EEG signals, eye modality, and face modality for CER.



Chapter 3

Unimodal CER with Temporal

Modeling

This chapter 1 aims to establish the whole pipeline for unimodal CER, which is the

foundation of this thesis. The downstream expansions upon the unimodal CER are

to be presented later in this thesis, including alignment, co-learning, and fusion, as

we introduced in Section 2.5.2.

3.1 Introduction

CER is an N-to-N sequence prediction problem. A Unimodal CER system employs

sequential emotion cues from only one modality and produces sequential prediction

in the continuous space axed by valence and arousal. The pipeline usually contains

data preprocessing, model training, and postprocessing. Two modalities are taken

into consideration, i.e., the visual and EEG modalities. Other modalities, such

as the audio and linguistic modalities, will be involved in a peripheral role in the

multimodal fusion.

A reliable deep learning model for the unimodal CER should be able to model the

temporal dynamics. CER aims to understand the unfolding emotion, an ongoing

causal event with temporal dependencies. Specifically, the facial expressions over

the time span T = {0, 1, . . . , t} are a composition of t facial video frames, each

1The work in this chapter has been published in [4].
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having its own valence and arousal values. The facial frame at time step t is not

only the direct successor of that at t− 1, but also the effect of the emotional roller

coaster over all the predecessors. A more reliable prediction could be made by

considering the emotional dynamics over a large time window.

To tackle the issue of temporal dynamic learning, we resort to large window resam-

pling. The resampling window determines the length of context the model draws to

make a prediction for each time step. A large window containing more time steps

has increased global expressiveness and is favored by long-term dependency learn-

ing. Similar to mini-batch learning with a large batch size, taking longer sequences

as inputs improve the generality as the model parameters only update once per

sequence.

With this in mind, the architecture of our unimodal CER model is designed as

a cascade CNN-TCN network. The reason for the choice is explained as follows.

Generally, there are two fundamental frameworks of neural networks for visual-

based emotion recognition: (i) the cascade spatiotemporal architecture and (ii)

the standalone architecture. Type (i) usually contains a CNN to extract spatial

information, from which the temporal information is obtained by using tempo-

ral models such as Time-delay, recurrent neural networks (RNN), long short-term

memory networks (LSTM), or TCN. Type (ii) combines the two separated steps

into one and extracts the spatiotemporal feature using a unified model like the

3D-CNNs.

We choose Type (i) due to the following facts. First, a 3D-CNN model[148] usu-

ally has considerably more parameters than 2D-CNNs due to the extra kernel

dimension, and therefore requires more data and a longer time to train. How-

ever, 3D-based emotion recognition databases [149] are typically based on posed

behavior with a few subjects, little diversity, and limited continuous labels. By

contrast, there are a large amount of 2D-based facial image or emotion databases,

such as MS-CELEB-1M [150], VGGFace2 [151], which are more diverse and de-

terminant. Though there are abundant 3D video understanding databases that

might be available for self-supervised or semi-supervised pretraining of a poten-

tial 3D-CNN-based emotion recognition model, the techniques involved are still a

hot research topic. Second, 3D-CNNs alone may not be suitable to capture long-

range temporal dependencies. As we mentioned before, CER requires mapping a

composition of complex one-actions with varied intensity and order to a sequence
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of continuous labels. However, most 3D-CNN-based networks are designed for at

most 128 time steps [152], whereas an exclusive temporal model can easily exceed

this limit.

This chapter is structured as follows. First, the methodology is formulated math-

ematically, followed by the demonstration of the model architecture. Next, the

implementation details, including the database, feature extraction, and data par-

titioning, are introduced. Next, the settings of parameters, hyperparameters, and

training are elaborated. After which, the results against the state-of-the-art CER

method are reported. Finally, we visualize the skull saliency map for each band and

subject, based on the trained student model and the peak response mapping [153]

(PRM), as we are also particularly interested in revealing the contribution of each

brain lobe and the band of EEG towards the emotion process (as we introduced in

Section 2.2.3).

3.2 Definition of CER and Problem Formulation

Based on the aforementioned theories of emotion, we can therefore define the con-

tinuous emotion recognition (CER) termed in this thesis. Spatially, CER follows

the dimensional model, or to be more specific, the circumflex model [18], to describe

emotions in the continuous space axed by valence and arousal. Temporally, CER

follows the componential appraisal model, to repetitively carry out the appraisal

process at each time step of the given data.

Now let us formally formulate the CER problem. Suppose that we are given syn-

chronous sequences of emotional features X = {X(m)}Mm=1 from M modalities,

where Xm ∈ RT×dm , and the corresponding ground truth Y = {y1, y2, . . . , yT},
where Y ∈ RT . In each modality, the sequence Xk = {x(m)

1 , x
(m)
2 , . . . , x

(m)
T } con-

tains T samples, where T denote the length of the resampling window. Our goal is

to find a function f : X → Y so that its output Ŷ = f(X) ∈ RT minimizes some

loss L(Y, Ŷ) against the ground truth Y.
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3.3 Methodology

Suppose that we are given one sequence of emotion cue X = {x1, x2, . . . , xT} ∈
RT×d, and the corresponding ground truth Y = {y1, y2, . . . , yT} ∈ RT . The se-

quence X contains T samples, each of which is d-dimensional. Note that T also

denotes the length of the resampling window. Our goal is to find a function

f : X → Y so that its output Ŷ = f(X) ∈ RT minimizes some loss L(Y, Ŷ)

against the ground truth Y. Note that the causal constrain is applied, which re-

quires that yt depends only on x1, . . . , xt and not on any future inputs xt+1, . . . , xT .

3.3.1 Temporal Modelling

To learn the temporal dependency of the given sequences, some feature extractors

b are firstly used upon the raw input data, updating xt ← b(xt) for each sample,

so that their representability is increased. Depending on the data modalities, the

actual extractors b are varied. For example, a convolution neural network (CNN)

backbone trained on a large-scale 2D face database could be used to extract the

deep facial feature, and the average band power can be used as the low-level EEG

feature, etc.

Several deep neural networks are capable of temporal modelings, such as the long-

short term memory (LSTM) and the TCN. Systematical comparison [154] demon-

strated that TCNs convincingly outperform recurrent architectures across a broad

range of sequence modeling tasks. With the dilated and casual convolutional kernel

and stacked residual blocks, the TCN is capable of looking very far into the past

to make a prediction. Therefore, we employ the TCN as our temporal model.

A typical TCN consists of a stack of 1D dilated convolutions, and residual connec-

tions, which are formulated as:

TCN(X) = Activation(X +
k−1∑
i=0

f(i) ·Xs−d · i), (3.1)

where k, s, and d denote the kernel size, stride, and dilation, respectively. s− d · i

stands for the direction of the past. The receptive field is therefore determined by
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1 +Npair · (k − 1) ·Nstack ·

∑
i

di, (3.2)

where Npair denotes the number of the paired convolutions and residual connections

in one TCN block, and Nstack denotes how many TCN blocks are available for one

TCN layer. Throughout this paper we employed Npair = 2 and Nstack = 1. Given a

TCN with 4 layers, according to Eq. 3.2 and our settings, its receptive field would

be 121 time steps, if k = 5 and di = 2i for i = 0, 1, 2, 3.

After updating X← TCN(X), the inference is produced using a regressor, which

is a fully connected layer:

Ŷ = FC(X). (3.3)

3.3.2 Loss Function

Given the inference Ŷ produced by our unimodal CER model and the continuous

label Y, the CCC loss:

ℓ(Ŷ,Y) = 1− ρc(Y,Y) (3.4)

is employed for optimization, where ρc is defined in Eq. 2.3.

3.3.3 Model Architecture

Figure 3.1: The illustration of the unimodal model. The figure shows the
architecture of the unimodal model. The model takes T samples sized at d
as the input. The feature extractor yields the per-sample features. The latter
is then fed to TCN producing the spatiotemporal features. And finally, the
regressor maps each feature point onto the 1-D space. ST: spatiotemporal.

Our unimodal CER model is illustrated in Fig. 3.1. It consists of a feature extrac-

tor, a TCN, and a regressor (i.e., a fully connected layer). Fed by T consecutive

samples, the feature extractor produces T ds-D spatial features. The latter is then
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fed to the TCN producing T dst-D spatiotemporal features. Finally, the regressor

maps the features onto the 1-D.

3.4 Implementation Details

3.4.1 Database

MAHNOB-HCI is a multimodal database recorded in response to affective stimuli

with the goal of emotion recognition and implicit tagging research [2]. It provides

the synchronized recording of facial videos, audio signals, eye gaze data, EEG

signals, and other physiological signals from 30 subjects. The subjects are asked to

watch 20 emotional video clips, resulting in 440 trials. The video clips are between

35 and 117 seconds long. The EEG signals are acquired from 32 electrodes on the

10-20 international system. The sampling frequency is 256 Hz. The facial videos

are captured at 60 fps and 780×580 resolution. For each trial, four integers ranging

from 1 to 9 and self-reported by the subjects are used to label the valence, arousal,

dominance, and emotional keywords, respectively.

A subset [3] of the original MAHNOB-HCI database is chosen to be continuously

labeled. It contains 239 trials from 24 subjects with obvious facial expressions.

The trial number for each subject is not even. Five experts are employed for the

annotation using FEELTRACE and a joystick. Only the valence is continuously

labeled. The reason is that the subjects are quiet and passively watching videos,

which makes the annotation of arousal, power, or expectation unavailable [3]. The

continuous valence label is determined by the average of the five experts’ labels.

Our work is based on this subset.

3.4.2 Data Preprocessing

3.4.2.1 Facial Video

Given the facial video of a trial, it contains the facial expression of the subject

during the stimuli watching and self-reporting. The latter is excluded by trimming

the facial video according to the time stamp information. The video is then changed
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to 64 fps for more convenient synchronization with the continuous valence label

which is at 4 fps, i.e., every 16 consecutive frame corresponds to 1 valence label

point. Finally, the video frames are resized to 48× 48× 3.

3.4.2.2 EEG Signal

Given the EEG signal of a trial, the first and last 30s of the recording which do not

correspond to stimuli watching are excluded according to the database manual 2.

The signals from the 32 electrodes are then re-referenced to the average reference

to enhance the signal-to-noise ratio. The default API set eeg reference from MNE

toolkit 3 is used for the average reference. After which, the average band power on

the six bands is calculated.

The average band power computes a single scalar that summarizes the contribution

of a given frequency band to the overall power of the signal. Given a windowed

EEG discrete signal X(n) with N samples from one EEG electrode in the time do-

main, the fast Fourier transform (FFT) returns N complex number whose real and

imaginary parts represent the amplitude and phase of the signal in the frequency

domain. The magnitude-squared of the FFT can be used to obtain an estimate of

the power spectral density

SX(f) =
1

N

∣∣∣∣∣
N∑

n=1

X(n)e−i2πfn∆t∆t

∣∣∣∣∣
2

(3.5)

at f , based upon which the average band power in the frequency band [f1, f2] is

defined as

P[f1,f2] =

∫ f2

f1

SX(f)df. (3.6)

In our work, SX(f) is obtained using Welch’s method from the scipy library.

The physiological motivation for the six-band division is elaborate in Section [?].

The window size and hop size for band power calculation are 2s and 0.25s, respec-

tively. The resulted 6× 32 = 192-D band power features at the frequency of 4Hz

are therefore synchronized with the continuous valence labels. Note that the EEG

preprocessing was carried out following the baseline method [3] which employed

2https://mahnob-db.eu/hci-tagging/media/uploads/manual.pdf
3https://mne.tools/stable/index.html.

https://mahnob-db.eu/hci-tagging/media/uploads/manual.pdf
https://mne.tools/stable/index.html
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only the average reference and band-pass filtering. We did not employ other tech-

niques to deal with the artifacts caused by motion and respiratory. Theoretically,

the delta band (0.3− 5Hz) could contain such artifacts.

3.4.3 Data Partitioning

Two data partitioning schemes are used: (i) trial-level random shuffling (TRS,

10-fold) [3] and (ii) leave-one-subject-out (LOSO, 24-fold). TRS focuses on the

trial-level and overlooks from which subject the trial comes. It first randomly

shuffles the 239 trials and then splits the 239 trials into 129, 86, and 24 trials for

training, validation, and test, so that the test set contains 10% of the data and

the training and validation sets contain the 60% and 40% of the remaining data.

LOSO focuses on the subject-level. For the i-th fold, trials from the i-th subject

are taken as the test set. All the trials from the remaining 23 subjects are randomly

shuffled, with 80% and 20% being the training and validation sets, respectively.

TRS may lead to data leakage. The random shuffling would split the data from

the same subject to training, validation, and test sets. Compared to the data from

different subjects, the data from the same subject has greater consistency. The

model trained in this manner has actually seen the test data to some extent and

would inflate the test performance. TRS is widely used in fields like computer

vision and natural language processing, where the data usually are vastly greater

in diversity and therefore invulnerable to the overfitting problem. However, the

negative influence becomes nontrivial for fields with limited training data. In AI-

based emotion recognition, both the TRS and LOSO are widely used. In our

experiment, we choose to employ both schemes and objectively report the results.

3.4.4 Model Training

The teacher model is trained as follows. A Resnet50 is used as the visual backbone.

It is pre-trained on the MS-CELEB-1M dataset4 [150] as a facial recognition task,

it is then fine-tuned on the FER+ [155] dataset as a facial expression recognition

task.

4https://github.com/TreB1eN/InsightFace_Pytorch#2-pretrained-models--performance.

https://github.com/TreB1eN/InsightFace_Pytorch#2-pretrained-models--performance
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Table 3.1: The training settings for the teacher model. The Adam optimizer
and ReduceLROnPlateau are from the PyTorch library.

Optimizer Scheduler
Adam with the CCC loss ReduceLROnPlateau

Learning rate 1e− 5 Patience 5
Weight decay 1e− 4 Factor 0.5

Others
Maximum epoch 30 batch size 2
Early stopping counter 20 Window length (s) 24, equal to 96 data points
Minimum learning rate 1e− 6 Hop length (s) 8, equal to 32 data points

Random flip (0.5) + random crop (40) for training
Only center crop (40) for validation

Normalization of video frames: mean = std = 0.5

The training settings of our visual model are summarized in Table 3.1. To fine-

tune the teacher model on the MAHNOB-HCI dataset, two groups (i.e., the output

layer and the whole layer4, according to the Pytorch official implementation) of

the Resnet50 backbone are selected. The backbone is initially frozen. When the

minimum learning rate is reached, unfreeze one group (starting from the output

layer) and reset the scheduler. At the end of each epoch, the best model parameters

are loaded. The training would stop if i) there is no remaining backbone layer

group, ii) the early stopping counter reaches 20, or iii) the epoch reaches 30.

The training of our EEG model is much the same as the teacher training except

for the following. First, since no images are involved, data augmentation and

normalization are not employed. Second, the maximal epoch number and early

stopping counter are both set to 15 to prevent gradient explosion. Finally, since

the student model does not contain a Resnet backbone, it is no need to reset the

scheduler.

3.5 Results and Analysis

The experiment examines that the unimodal CER model can produce results no

worse than the baseline method on the valence regression task. The best model

from Soleymani et al. [3], i.e., a two layers LSTM network is adopted as the baseline

for the valence regression task. To make a fair comparison, the baseline model is

implemented and incorporated into our pipeline. The experimental results for the

valence regression and CKD experiments are obtained in two steps. First, the

model outputs for all the trials of a partition are concatenated along the temporal

dimension. Recall that our resampling windows have 66.7% overlap. A direct
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concatenation is not welcomed as it would produce an over-length prediction vector

and further inflates the metrics. Instead, the concatenation is done by placing each

output segment according to its windowing indexes. The obtained prediction vector

is therefore temporally restored to the original form, which is N -to-N corresponded

to the labels. The mean values are taken for the overlapped steps. Second, the

RMSE, PCC, and CCC are calculated based on the concatenated prediction vectors

and the continuous labels. The results are averaged over the N-fold. Specifically,

for the TRS and LOSO partitioning, we have 10 and 24 groups of evaluation results,

and the final results are the average across the groups, respectively. This evaluation

protocol has been widely used in many CER contests [67, 73–76, 78, 156–158].

The result of our visual model against the baseline using the TRS and LOSO data

partitioning is reported in Table 3.2. For the TRS partitioning, it can be observed

that results from the test set are more consistent with those from the validation set.

Only a slight drop in PCC and CCC when it goes from validation to test on both of

the two methods. As we mentioned before, the reasons are two-fold: i) the visual

modality is highly determined, and ii) data from one subject are already seen by

the model during the training stage. For the LOSO partitioning, the gap between

the validation and test results is relatively larger. Up to 13.38% and 10.57% drop

on CCC can be observed from ours and the baseline, respectively. Overall, our

method produces superior results to that of the baseline methods on RMSE, PCC,

and CCC. Given a scenario, e.g., the test on LOSO partitioning, the 24 CCC pairs

of CCC from the two methods are evaluated using the paired t-test. The p-values

obtained from the t-tests are all smaller than 0.01. The statistical significance is

obtained for TRS and LOSO partitioning over the visual and EEG modalities.
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Table 3.2: The result of our visual model against the baseline using the TRS and LOSO data partitioning. The mean and standard
deviation are reported. Given a scenario, e.g., the test on LOSO partitioning, the 24 CCC pairs of CCC from the two methods
are evaluated using the paired t-test. The p-values obtained from the t-tests are all smaller than 0.01 between two corresponding
scenarios. TRS: trial-wise random shuffling. LOSO: leave-one-subject-out. ↑: the higher the better. ↓: the lower the better. Bold
fonts indicate the best results.

Visual
modality

Ours with TRS Soleymani et al. with TRS Ours with LOSO Soleymani et al. with LOSO
Validation Test Validation Test Validation Test Validation Test

RMSE ↓ 0.054±0.006 0.054±0.006 0.060±0.006 0.058±0.009 0.053±0.005 0.049±0.015 0.060±0.007 0.055±0.020
PCC ↑ 0.697±0.054 0.686±0.079 0.623±0.079 0.611±0.150 0.699±0.068 0.684±0.203 0.611±0.105 0.602±0.264
CCC ↑ 0.690±0.057 0.674±0.085 0.606±0.086 0.589±0.163 0.695±0.068 0.602±0.228 0.596±0.107 0.533±0.251

Table 3.3: The result of our EEG model against the baseline using the TRS and LOSO data partitioning. The mean and standard
deviation are reported. Given a scenario, e.g., the test on LOSO partitioning, the 24 CCC pairs of CCC from the two methods
are evaluated using the paired t-test. The p-values obtained from the t-tests are all smaller than 0.01 between two corresponding
scenarios. TRS: trial-wise random shuffling. LOSO: leave-one-subject-out. ↑: the higher the better. ↓: the lower the better. Bold
fonts indicate the best results.

EEG
modality

Ours with TRS Soleymani et al. with TRS Ours with LOSO Soleymani et al. with LOSO
Validation Test Validation Test Validation Test Validation Test

RMSE ↓ 0.067±0.005 0.066±0.009 0.083±0.006 0.080±0.012 0.068±0.007 0.066±0.025 0.087±0.020 0.081±0.034
PCC ↑ 0.463±0.103 0.435±0.205 0.347±0.091 0.353±0.228 0.467±0.116 0.474±0.267 0.360±0.147 0.427±0.267
CCC ↑ 0.444±0.109 0.415±0.201 0.331±0.092 0.333±0.214 0.445±0.118 0.377±0.250 0.348±0.129 0.306±0.257
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The result of our EEG model against the baseline using the TRS and LOSO data

partitioning are reported in Table 3.3. For the TRS partitioning, consistent results

between the validation and test are also observed for the two methods. For the

LOSO partitioning, up to 15.28% and 12.07% drop on CCC are observed from ours

and the baseline, respectively, which is larger than their visual counterpart. In this

modality, our EEG model also produces better results against the baseline in terms

of RMSE, PCC, and CCC.

3.5.1 Interpretation

In our work, we are also particularly interested in revealing the contribution of

each brain lobe and the band of EEG towards the emotion process. To this end,

we visualize the skull saliency map for each band and subject, based on the trained

student model and the peak response mapping [153] (PRM). The PRM is based

on an observation that the backward propagation of the peak logit usually leads

to informative regions of an image corresponding to the class.

Given the EEG band power calculated in the 6 bands (0.3−5Hz, 5−8Hz, 8−12Hz,

12− 18Hz, 18− 30Hz and 30− 45Hz) from 32 electrodes (note that the β band

is split to two sub-bands β1 and β2), the PRM is adopted as follows, with Fig.

3.2 illustrating the pipeline. The EEG band power from the LOSO partitioning

is fed to the trained student model that is corresponding to the i − th subject.

For each trial of the test set from the i − th subject, the peak scalar from the

prediction is used to carry out the backward propagation, producing Tj 32 × 6

gradient vectors, where Tj denotes the time steps of the j-th trial. The temporally

averaged gradient vector (N × 32 × 6 where N denotes the trial number) of this

trial together with those from other trials are averaged again to obtain the gradient

vector (32 × 6) for the i − th subject. Normalization of the gradient vectors over

the 6 bands is employed so that the inter-band information is preserved. Note that

a per-band normalization rescaling each band independently is inappropriate since

the visualization would all look similar in terms of color intensity. After which, for

the k-th out of the 6 bands, 32 scalars corresponding to the 32 electrodes of the

10-20 system are used to generate the 6 skull saliency maps for the i-th subject.

The same process is conducted on all the 24 subjects obtaining 24× 6 topographic

saliency maps. Finally, the results from all the subjects are averaged and visualized
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Figure 3.2: Illustration of generating the peak response mapping for inter-
pretability [1] investigation. The figure shows the procedure of obtaining the
saliancy map. Given the trained EEG model for the i-th subject, (a)N Tj×32×6
valence predictions for N trials are obtained. By selectively back-propagate the
peaks, (b) N Tj × 32× 6 gradient vectors for the N trials are obtained. By av-
eraging on the temporal dimension, (c) N 32× 6 gradient vectors are obtained.
After which, the average over the trial dimension is conducted producing (d)
the 32× 6 gradient vector of the i-th subject. (e) The normalized version of the
latter is finally used to plot (f) the heatmap on the six bands using the MNE
toolkit. B.P.: backward propagation. A.: average. N.: normalization. The red
arrow points to the peak value for the backpropagation.

as well. Theoretically, we expect that the saliency map of the β and γ bands should

manifest a warmer color compared to those from other bands.

The per-subject topographic saliency maps over the six bands are illustrated in

Fig. 3.3. Note that by referencing the saliency maps to the brain division and

32-electrode placement shown in Fig. 2.3, we can locate the active and less active

brain regions for the state of high valence. We see that the last two columns,

corresponding to the β2 and γ bands, are apparently warmer than the rest four

columns. Specifically, in the β2 band, active frontal lobes are observed on all

subjects, while in the γ band, the occipital and parietal lobes take the place. We

could explain that during the experiment, subjects should be focused on watching

the movie clips, with their occipital and temporal lobes perceiving the visual and

audio stimuli, the parietal lobe integrating the perceived, and the frontal lobe

making the decision and directing the facial expression.
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Figure 3.3: Topographic saliency maps. The figure shows the topographic
saliency maps for the 24 subjects. The gradients of the EEG band power over
the 32 electrodes are calculated following the procedure shown in Fig. 3.2. The
warmer color means a higher gradient. A region having warmer color implies that
it contributes more to the valence prediction. Therefore, the red regions tend
to be more informative for the neural networks to infer the valence compared to
the blue counterparts. Sub: subject. The subject numbering is determined by
the MAHNOB-HCI database [2]. The missing subjects are not included in the
subset [3] since they are not continuously labeled in valence.
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Moreover, active temporal lobes are observed over all the subjects and six bands.

In the δ band (0.3−5Hz), no lobe is comparably active against the temporal lobe.

In the θ band (5− 8Hz), mild activation of the frontal lobe can be observed from

Subject 1, 2, 3, 10, 14, 16, 18, 20, 23, and 27. And so are the active parietal lobe

observed from Subject 8, 10, 13, 14, 19, and 21. And the active occipital lobes are

observed from Subject 1, 5, 16, 19, 20, 21, 25, 27, and 30. In the α band (8−12Hz),

more active frontal lobes can be observed from Subject 1, 5, 6, 7, 13, 19, 20, 21,

22, 29, and 30. Highly active parietal lobes are observed for all the subjects except

for Subject 2. And, Subject 2, 3, 4, and 24 have active occipital lobes.

Figure 3.4: Overall topographic saliency maps. The figure shows the saliency
maps averaged over all the 24 subjects. The warmer color means a higher gra-
dient, and further implies more contribution to the valence prediction.

To summarize, we focus on the overall saliency map shown in Fig. 3.4. In terms

of brain lobes, all the four lobes can be active on the six bands, which conforms to

the fact that complex mental functions do not reside in any one place [13], instead

of locating complex functions in precise brain areas [159–161]. In terms of bands,

the β2 and γ, with the frequency of 18 − 30Hz and 30 − 45Hz, contribute the

most to the human emotion process compared to other bands. The observation

complies with the knowledge we discussed before, that i) the β band corresponds

to a focused state of mind, and is more obvious in the frontal lobe, and ii) the

γ band corresponds to the high-level cognition process such as the perception,

transmission, and integration of the visual and audio stimuli from the occipital,

temporal, and parietal lobes.

3.6 Discussion and Conclusion

This chapter introduces the unimodal CER model, which addresses the challenge

of temporal modeling by incorporating a TCN with a large resampling window.
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The model is designed to process either a video frame or EEG signal as input.

When using video, a Resnet50 serves as the visual backbone for feature extraction,

while the EEG signal is processed using the mean band power as the feature. By

leveraging these inputs, the TCN effectively learns the spatiotemporal features

required for the final inference.

The proposed unimodal model obtained 0.60+ and 0.30+ in CCC for visual and

EEG modality, where a large performance gap can be observed. One possible

reason for the difference in CCC is the quality and quantity of data. The facial

landmark modality may have a larger dataset available, which can lead to improved

accuracy due to having more examples to train the model. In contrast, EEG signals

may be more difficult and expensive to collect, which can result in a smaller and

less diverse dataset, leading to lower accuracy. Another possible reason is the

complexity of the modality. Facial landmark is a relatively simple modality that

captures visual cues related to facial expressions. EEG signals, on the other hand,

are more complex and require specialized knowledge to preprocess and extract

relevant features. If the feature extraction or modeling process for the EEG data

is not optimized, it can lead to lower accuracy. The modality itself may also play

a role in the difference in accuracy. Facial expressions are overt cues that are more

directly related to emotions, while EEG signals are covert cues that capture neural

activity associated with emotions. The relationship between neural activity and

emotions is complex, and the EEG signal may be affected by a variety of factors,

such as individual differences in brain function, noise, or artifact.

which modality is the best for CER? Can we simply conclude that the visual

modality is much stronger than the EEG modality for CER? The answer to this

question is the motivation and starting point for the development based on the

unimodal model. Visual modalities, such as facial landmarks and video frames,

can provide important visual cues that may be indicative of a person’s emotional

state. For example, changes in facial expressions such as frowning or smiling can

provide valuable information for emotion recognition algorithms. However, visual

modalities can be affected by factors such as lighting, angle, and occlusions, which

can make it difficult to accurately detect and interpret facial expressions. Audio

modalities, such as sound waves and spectrograms, can capture important auditory

cues related to emotions, such as changes in tone, pitch, and volume. These cues

can be particularly useful in detecting emotional states such as anger or sadness.
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However, audio modalities can also be affected by background noise, accent, and

the quality of the recording equipment, which can impact the accuracy of emotion

recognition algorithms. Physiological modalities, such as the EEG signal, can pro-

vide information about changes in brain activity that may be related to emotional

states. This can be particularly useful for detecting subtle changes in emotional

states that may not be visible through visual or auditory cues alone. However,

physiological modalities require specialized equipment and can be invasive, which

can limit their practicality in certain settings. Overall, the best modality for emo-

tion recognition depends on the specific context and application. In some cases,

visual cues may be the most informative, while in other cases, audio or physiolog-

ical cues may be more useful. Additionally, many emotion recognition algorithms

use a combination of modalities to improve accuracy and robustness.

Furthermore, we investigate the interpretability of the unimodal model from a

physiological perspective by leveraging the PRM visualization method [153]. This

approach allows us to identify the contribution of different brain regions and EEG

frequency bands to the emotion process. Our findings demonstrate that all four

brain lobes work synergistically in this process, highlighting the complex nature of

brain function. Moreover, we observe that the β2 and γ frequency bands, covering

the range of 18− 30Hz and 30− 45Hz respectively, are the primary contributors

to the emotion process, surpassing the influence of other frequency bands.





Chapter 4

Multi-modal Emotion Recognition

with Refined Labels for Deep

Learning

This chapter 1 aims to present the label correction method we proposed for CER.

The traditional emotion classification framework usually fits all the feature seg-

ments of the same trial to a fixed annotation. Considering the fact that emotion is

a continuous reaction to stimuli that lasts for varied periods, we argue that the in-

discriminate annotation is equivalent to taking the emotional state as fixed within

the whole trial, leading to a decrease in the classification accuracy. In this study,

we attempt to alleviate this issue by developing a thresholding scheme, converting

the continuous emotional trace into a three-class sequential annotation. The fea-

tures within a trial are therefore assigned to varied emotional states, resulting in an

improvement in the accuracy. A long short-term memory (LSTM) networks-based

emotion classification framework is implemented, to which the proposed thresh-

olding scheme is applied. A subset of the MAHNOB-HCI dataset with continuous

emotional annotation is used. The EEG signal and frontal facial video are used for

feature extraction. The experiment results demonstrate that the proposed scheme

provides statistically significant improvement to the three-class classification accu-

racy of the EEG feature-based LSTM network (p-value = 0.0329).

1The work in this chapter has been published in [19].
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4.1 Introduction

Emotion recognition is the process of distinguishing the emotional state, where the

emotional state is a term temporally referring to the current ”feeling” of a person

elicited by stimuli. Emotion recognition plays an important role in various fields

such as affective computing, human-computer interaction, education, and gaming.

There are mainly two directions in this research, depending on the output form.

Emotion classification is an N-to-1 problem, which feeds N samples of emotion cues,

and produces only 1 categorical inference. Whereas CER is an N-to-N problem,

which feeds N samples of emotion cues while producing N continuous inference.

In this study, we attempt to utilize the continuous annotation from the latter to

improve the classification accuracy of the former.

The traditional training process of emotion classification usually contains the fol-

lowing steps. First, given the emotion cues from a trial, be it video frames, audio

signals, or EEG signals, a sliding window is employed with a certain overlap ratio

for re-sampling. So that a certain number of cue segments are obtained. Second,

for each segment, it is then assigned the same categorical annotation. Finally, the

classifier will be trained to fit each segment to its associated annotation. In this

study, we argue that the classification accuracy of the traditional training process

may be hindered by the N-to-1 mapping. The test protocol of the typical datasets

[2, 60] usually uses short video clips with a length of around 30 to 90 seconds

for emotion elicitation, and simultaneously collects the participant’s visual, audi-

tory, and physiological data. The participant’s self-rating in the form of a scalar

will play as the annotation. However, the fixed scalar is problematic considering

the fact that emotion is a reaction to stimuli that lasts for seconds or minutes.

For instance, a participant may label a video clip as high valence, though he/she

may not always be in a state of high valence during the whole trial. In this case,

the data that corresponds to other emotional states are therefore falsely labeled.

The indiscriminate label can lead to an increase in noisiness and confusion of the

classifier.

In this study, we are particularly interested in investigating two questions. (i) Can

the aforementioned issue be alleviated by training the classifier using the discretized

sequential label? (ii) Whether the idea can work on different modalities? To this

end, a thresholding scheme is developed to yield the discretized label from the
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emotional trace. Specifically, for each trial, the trace is discretized to three classes,

and the classifier is trained to fit the features to its corresponding three-class labels

flexibly, instead of its indiscriminate counterpart. To validate our thresholding

scheme, a traditional emotion classification framework [2] based on the EEG feature

and facial expression feature is implemented, to which the thresholding scheme is

then applied. A subset [3] of MAHNOB-HCI dataset [2] with continuous valence

trace is used. The subjects’ EEG signals and frontal facial video are used as the

emotion cues. A two-layer long short-term memory (LSTM) network is used as

the classifier. The experiment results show that, without the thresholding scheme,

the facial expression-based classifier is superior to its EEG-based counterpart for

about 2% accuracy. And with the thresholding, the latter obtains a gain of 3%

accuracy and therefore claims superiority over the former.

4.2 Methodology

Suppose that we are given one sequence of emotion cue X = {x1, x2, . . . , xN} ∈
RN×d, the corresponding ground truth Y = {y1, y2, . . . , yN} ∈ RN , and the cate-

gorical ground truth C = {c1, c2, . . . , cN} ∈ {0, 1, 2}N , where c1 = c2 = . . . = cN .

All of which contains N sample points.

Our goal is to define a thresholding scheme D, discretizing the continuous label Y

into a set of three-class categorical labels Z = D(Y) = {D(y1), D(y2), . . . , D(yN)},
where D(yi) ∈ {0, 1, 2}. After which, we find a function f : X → Z so that its

output Ẑ = f(X) ∈ {0, 1, 2}N×d minimizes some loss L(Z, Ẑ). Hopefully, during

the test, the model inference Ẑ can have a higher accuracy towards Cthan that

from the traditional way by fitting f : X → C. Note that the causal constrain is

applied, which requires that yt depends only on x1, . . . , xt and not on any future

inputs xt+1, . . . , xT .

4.2.1 Thresholding Scheme

The experiment paradigm of MAHNOB-HCI database [2] employs the self-assessment

manikins (SAM) [59] to categorically label the data. The subjects first watch short

video clips for each trial. At the end of the trial, the subjects are asked to report
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their emotion ratings and tags. The emotion ratings are integers ranging from 1 to

9 for the valence and arousal dimensions. The emotion tags are nine basic emotions

including neutral, anxiety, amusement, sadness, joy, disgust, anger, surprise, and

fear. The nine categories are then grouped into three classes, which are (i) pleasant

including amusement and joy, (ii) neutral including neutral and surprise, and (iii)

unpleasant including anxiety, sadness, disgust, anger, and fear. The authors also

request five annotators to continuously label the subjects’ valence traces according

to their facial expression, obtaining an averaged valence trace in the interval of

[−1.0, 1.0] [3]. In sum, from the 239 trials that are continuously labeled, we have

239 three-class emotional categorical labels, 239 integer valence ratings, and 239

valence traces involved in our study.

Experts' Annotations on Valence Subjects' self-ratings on Valence
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Figure 4.1: Kernel density estimate (KDE) plot. The figure shows the KDF plot
of the experts’ valence traces (left) and subjects’ valence ratings (right) against
the 3-class subjects’ emotion tag, respectively. The subjects’ 3-class emotion tag
have a more consistent distribution with the subjects’ valence ratings compared
to that with the experts’ valence traces. Best viewed in color.

An exploratory data analysis using the kernel density estimate plot of the Seaborn

library is conducted. The results are shown in Fig. 4.1. (i) The values of valence

traces and (ii) the subjects’ nine-class valence self-ratings of the 239 trials are

grouped with respect to their three-class labels, as shown in the left and right

subfigure of Fig. 4.1respectively. We see that the distribution of the valence trace

mostly overlaps with each other. In contrast, the distribution of the valence ratings

has a much lower overlap ratio, and they are also consistent with the tendency as

the unpleasant/pleasant class tends to have relatively low/high valence ratings,

respectively. Such a discrepancy in the distributions implies the gap between the

annotator’s observation of the subject’s overt emotional state (i.e., the subject’s
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expression), and the subject’s covert emotional state (i.e., the subject’s experience).

Also, a trial rated as pleasant does not necessarily mean that the subject feels

constant pleasant over the whole trial. Therefore, we would like to differentiate

the overt state-based valence trace by considering the information from the covert

state-based valence rating, followed by obtaining the specific annotation for a small

window from the trace.

Based on the exploratory data analysis, the thresholding scheme is designed as

follows. Given one point y of the trace, let D be the discretion operation, the goal

is to find a threshold τ , discretizing the valence trace into three classes:

D(y) =


0, if y < −τ

1, if −τ ≤ y < τ

2, otherwise

, (4.1)

where 0, 1 and 2 correspond to unpleasant (low valence), neutral (mild valence),

and pleasant (high valence). However, considering the high overlap ratio among

the valence traces of different classes, it is awkward to directly apply the discretion.

We assume that the distribution of the unpleasant and pleasant traces should be

symmetric about the y-axis, according to the observation of the distribution of

valence ratings. Therefore a translation parameter s ∈ R is employed to globally

shift the traces aside, obtaining:
y(0) ← y(0) − s

y(1) = y(1)

y(2) ← y(2) + s

, (4.2)

where the superscripts (0), (1) and (2) correspond to the unpleasant, neutral and

pleasant classes. The shifted traces from Eq. 4.2 are then processed by Eq. 4.1.

We resort to experiment to empirically find the appropriate τ and s.

4.2.2 Model Architecture

An LSTM network is implemented using Pytorch API with GPU acceleration. The

network contains two LSTM layers and two linear layers, as shown in Fig. 4.2. The

number of LSTM cells contained in the two LSTM layers equals half and a quarter
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of the number of the input features. The first linear layer has the same neuron

number as the hidden unit number of the adjacent LSTM layer, and the second

linear has 3 neurons with Softmax to carry out the classification. The two hidden

layers and the first linear layer all have a 0.4 dropout rate. The network contains

around 1E + 5 and 2E + 4 parameters for EEG and facial data experiments.

Figure 4.2: The architecture of the LSTM network. The figure shows the archi-
tecture of the LSTM network employed for the experiment. CCE Loss: categor-
ical cross-entropy loss.

4.3 Implementation Details

In order to enable the mini-batch training on the sequential input with varied

time-step, the sizes of all the inputs are zero-padded according to the trial with

the largest time-step, followed by the pack and unpack operation before and after

feeding to the LSTM cells. The loss function is also masked to ensure that the

gradient from the padded entries will not affect the optimization.

4.3.1 Database and Data Partitioning

The database used in this chapter is the same as in the last chapter (please see

Section 3.4.1), i.e., it is the subset [3] of the MAHNOB-HCI database [2]. The

leave-one-subject-out (LOSO) is employed to partition the data into the training,

validation, and test sets.

4.3.2 Data Preprocessing

For the EEG signal, the same technique as in Section 3.4.2.2 is used to calculate

the average band power from five bands, i.e., 4 − 8 Hz, 8 − 12 Hz, 12 − 18 Hz,
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18 − 30 Hz and > 30 Hz, yielding 32 × 5 = 160 features for each time step at a

frequency of 4 Hz.

For the visual cues, facial landmarks are employed. For every 25 frames of a

video, 68 facial fiducial points are extracted using the Dlib library [162] at the first

frame, and the fiducial points are obtained using the Lucas-Kanade (LK) algorithm

[163] for the rest 24 frames. By which the fiducial points will not collapse due to

the accumulation of discontinuity among frames. To reduce the variation of the

point sets caused by face shape, head pose, etc., the same technique as in [3] is

employed. Specifically, a mean face is calculated across all the subjects by averaging

the fiducial point sets of the first frame. For each subject, an affine transformation

is established by registering his/her point set from the first frame to the mean face.

The transformation is then applied to all the other point sets of the same subject.

After which the points with indexes {28, 29, 30, 31, 40, 43} are selected to calculate

the reference point. For each frame, the reference point is obtained by averaging

the selected points, and the distances from each point to the reference point are

served as the features, yielding 68 feature for each frame. Finally, the features are

down-sampled to 4 Hz.

4.4 Results and Analysis

Recall that we would like to explore two questions, i.e., (i) can the aforementioned

issue be alleviated by training the classifier using the discretized sequential label?

(ii) whether the idea can work on different modalities? The experiment is designed

as follows. First, we carry out the standard classification for the visual and EEG

modalities, which trains the model solely using the three-class categorical label C.

The accuracy obtained will then serve as the baseline for examining the validity

of the thresholding scheme. Then, we train the model again with the three-class

discretized label Z from our thresholding scheme.

The experiments are performed on a PC with a 3.2 GHz AMD Core CPU, Nvidia

RTX 2070 GPU, and 16 GB memory using Python code. The masked categorical

cross-entropy loss function with Adam optimizer [164] is employed. The learning

rate is set to 2E − 5 with a momentum of 0.9. The maximum epoch in training
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is set to 100. If there is no improvement in the cross-entropy on the validation set

after 10 epochs, the training is stopped with the early stopping strategy.



C
h
ap

ter
4.

M
u
lti-m

o
d
al

E
m
otion

R
ecogn

ition
w
ith

R
efi
n
ed

L
ab

els
for

D
eep

L
earn

in
g

69

Table 4.1: The accuracy of the baseline for each subject, as well as the overall mean and standard deviation. The table reports the
performance without using the thresholding scheme, which could serve as the baseline. S: subject. The round bracket indicates the
number of trials involved in that subject.

S01(19) S02(5) S03(13) S04(9) S05(13) S06(9) S07(13) S08(13) S10(5) S13(6) S14(13) S16(2)

EEG 0.6034 0.5015 0.6113 0.5754 0.5444 0.5577 0.2254 0.5794 0.4797 0.2801 0.5097 0.5415
Face 0.5235 0.7169 0.5837 0.6057 0.5121 0.6572 0.4174 0.5932 0.4360 0.4217 0.6083 0.5131

S18(1) S19(11) S20(17) S21(10) S22(14) S23(15) S24(12) S25(16) S27(6) S28(4) S29(10) S30(3)

EEG 0.5963 0.6156 0.5214 0.6150 0.4893 0.5058 0.6293 0.5809 0.5677 0.5118 0.2922 0.5233
Face 0.6226 0.5755 0.5233 0.5211 0.5711 0.5266 0.6685 0.5299 0.5424 0.4880 0.2296 0.5203

Overall EEG: 0.5191± 0.1075 Face: 0.5378± 0.0992
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4.4.1 Result on the Baseline

In this series of experiments, the implemented emotion classification framework

is validated without the thresholding scheme, i.e., the annotation is fixed to the

subjects’ emotional categorical labels for all the training, validation, and test sets.

The baseline accuracy for each subject, as well as the mean and standard deviation,

are shown in Table 4.1. The subjects’ indexes follow the manual of the MAHNOB-

HCI dataset.

4.4.2 Result on Our Thresholding Scheme
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Figure 4.3: Accuracies obtained using different translation s on the visual and
EEG modalities. The line graph shows an increase of accuracy on EEG modality
when s = 0.10 and s = 0.15. And there is no improvement on the visual modality.
Best viewed in color.

In this series of experiments, seven degrees of translation, i.e., s ∈ {0.10, 0.15, . . . , 0.40}
are selected for experimenting. For each degree, the thresholding interval is set to

τ ∈ [0.01, 0.9s], with a step-size of 0.01. To obtain the result for a translation s,

the following procedure is carried out. Suppose that s = 0.20, then according to

the definition of threshold τ , the latter should be set to [0.01, 0.18]. Under the

step-size 0.01 there are 18 thresholds to experiment. Each threshold will be pared

with s = 0.20 to perform the label refinement (following Eq. 4.2 and Eq. 4.1) and

an accuracy will be obtained from the experiment. The final result for translation

s = 0.20 is obtained by averaging the results from the 18 pairs. The same applied

to all other translation s and all the 24 folds from the LOSO partitioning. The

result is shown in Fig. 4.3. It is worth noting that the thresholding scheme is only

applied to the training and validation sets, while the originally fixed annotations
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Table 4.2: The comparison of the accuracy of the EEG feature-based accuracy
against its baseline accuracy. STD: standard deviation. P-value: the p-value of
the paired one-tailed t-test. The smaller the p-value is, the more it supports the
hypothesis that our thresholding scheme can increase the accuracy. Normality:
the p-value of the Shapiro Wilk test. The larger the normality is, the more it
supports that the samples are from a normally distributed population. The bond
fonts indicate the best result.

Translation Mean±STD P-value Normality

s = 0.0 0.5191± 0.1075 - -
s = 0.10 0.5486± 0.1132 0.0303 0.6819
s = 0.15 0.5496± 0.1141 0.0329 0.8726
s = 0.20 0.5435± 0.1098 0.0692 0.7566
s = 0.25 0.5440± 0.1125 0.0703 0.8731
s = 0.30 0.5421± 0.1120 0.0775 0.8542
s = 0.35 0.5378± 0.1105 0.1177 0.9369
s = 0.40 0.5369± 0.1099 0.1325 0.7830

are preserved for accuracy calculation using the test set. The red and blue lines

are the results of EEG and facial features, respectively. The dashed line presents

the baseline accuracy obtained from the first experiment. We can see that the

thresholding scheme can increase the accuracy of EEG feature-based classification,

which peaks when s = 0.15, while it has no positive effect on the facial feature.

A paired one-tailed t-test is conducted to investigate the statistical significance of

the EEG feature-based result against its baseline accuracy. The null hypothesis

H0 and alternative hypothesis H1 are defined as µ ≤ µ0 and µ > µ0, respectively,

where µ and µ0 denote the subject-wise averaged accuracy from our thresholding

scheme and its counterpart from the traditional manner. The p-values are listed

in Table 4.2.

Our thresholding scheme cannot benefit the facial modality. The effect discrepancy

of our thresholding scheme on the two modalities might result from the human re-

action time (RT). In the field of mental chronometry, RT is defined as the interval

between the onset of a target stimulus and the initiation of the subject’s immedi-

ate motor response to the target appearance [165]. In our study, there exist two

temporally adjacent processes of this perceptual-motor chain, i.e., the subject’s per-

ception of visual/auditory stimuli and facial expression elicitation, followed by the

annotator’s perception of the subject’s expression and the annotation operation,

where the latter directly links the valence trace to the facial modality. Therefore,

the subject’s EEG signal and the annotator’s annotation have a greater latency
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than that between the subject’s expression and the annotation. Our threshold-

ing scheme may compensate for this gap, leveraging the performance of the EEG

modality, yet still bounded by the second process.

4.5 Discussion and Conclusion

In this study, we attempt to answer two questions. (i) Whether the training using

the discretized emotional trace can improve the performance of the classifier? (ii)

Whether this idea can function in different modalities? The EEG signal and facial

videos are used for feature extraction in our study, from which the band power

and distance of 68 facial fiducial points to the reference point are extracted as

the features, respectively. The accuracy of our LSTM network using the EEG

feature is around 51.9%, while 57.0% is reported from the MAHNOB-HCI dataset

[2]. The reason can be explained by the balance and sufficiency difference. Only

239 trials with meaningful facial expressions are continuously labeled and involved

in our study, and the trials are not evenly distributed across the 24 subjects,

as shown in Table 4.3. In contrast, 540 trials with even distribution across 27

subjects are used in [2] to achieve higher performance. On the other hand, before

applying the thresholding scheme, the facial feature-based classification has around

2% superiority in accuracy compared to the EEG feature-based classification, which

can be explained by the fact that the facial expression is more discriminant than

the EEG signal.

Indeed, the difference between overt and covert modalities can impact how they

contribute to emotion recognition. Overt modalities, such as facial expressions, are

visible to others and can be observed in an objective manner. This makes them

relatively easy to detect and interpret using computer vision techniques, such as

facial landmark detection or facial expression analysis. Overt modalities can be

particularly useful in social contexts, where facial expressions are an important

part of human communication. Covert modalities, such as EEG signals, are not

visible to others and require specialized equipment to detect. However, they can

provide valuable information about the underlying neural activity that is associated

with emotional states. EEG signals can detect changes in brain activity that are

not visible through overt modalities, such as changes in attention or cognitive

processing. Covert modalities can also be particularly useful in situations where
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overt cues may be unreliable or difficult to interpret, such as in individuals with

facial paralysis or those who are attempting to conceal their emotions.

The accuracy obtained above is then played as the baseline for the exploration

of the two aforementioned questions. For EEG feature-based classification, our

threshold scheme can increase the accuracy by around 3%. When s = 0.10 and

s = 0.15, the statistical significance between the performances from the baseline

and the proposed thresholding scheme exists when α < 0.05 according to the

p-value of the t-test. The thresholding scheme leverages the accuracy of EEG

feature-based classification to 54.96%, which is higher than 53.78% obtained from

the facial feature-based baseline. However, there is no improvement when applying

the thresholding scheme on the facial feature-based baseline. The difference in the

improvement obtained when combining EEG with visual-based human annotation

versus facial landmark with visual-based human annotation may be due to the

complementary nature of the modalities.

EEG signals capture covert cues related to neural activity associated with emotions,

while facial landmarks capture overt cues related to facial expressions. When these

two modalities are combined, they may provide a more complete picture of the

emotional state than either modality alone. The visual-based human annotation

can also provide additional information about the emotional state that may not be

captured by either the EEG or facial landmark modalities alone. In contrast, when

combining facial landmark with visual-based human annotation, there may be less

complementary information provided by the modalities. Both facial landmark and

visual-based human annotation capture visual cues related to facial expressions,

and they may be measuring similar aspects of the emotional state. In this case,

combining the two modalities may not provide much additional information beyond

what is already captured by facial landmark or visual-based human annotation

alone.





Chapter 5

Multimodal CER through

Visual-to-EEG Cross-modal

Knowledge Distillation

This chapter 1 presents the visual-to-EEG cross-modal knowledge distillation. Vi-

sual modality is one of the most dominant modalities for current continuous emo-

tion recognition methods. Compared to which the EEG modality is relatively less

sound due to its intrinsic limitation such as subject bias and low spatial resolution.

This work attempts to improve the continuous prediction of the EEG modality

by using dark knowledge from the visual modality. The teacher model is built by

a cascade convolutional neural network - temporal convolutional network (CNN-

TCN) architecture, and the student model is built by TCNs. They are fed by video

frames and EEG average band power features, respectively. Two data partitioning

schemes are employed, i.e., the trial-level random shuffling (TRS) and the leave-

one-subject-out (LOSO). The employment of the visual-to-EEG cross-modal KD

further improves the prediction with statistical significance, i.e., p-value < 0.01

for TRS and p-value < 0.05 for LOSO partitioning. The code is available at

https://github.com/sucv/Visual to EEG Cross Modal KD for CER.

1The work in this chapter has been published in [4].
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5.1 Introduction

Continuous emotion recognition (CER) is the process of identifying human emotion

in a temporally continuous manner. The emotional state, once understood, can be

used in various areas including entertainment, e-healthcare, recommender system,

and e-learning. To describe the human state of feeling, psychologists have devel-

oped categorical and dimensional models. The categorical model aims to obtain a

discrete estimate of emotional category. It features simplicity and universality and

has been extensively exploited in affective computing. The dimensional model, on

the other hand, aims to obtain a continuous estimate in a dimensional space. It

can describe more complex and subtle emotions. This paper focuses on developing

a CER method based on the dimensional model.

CER can utilize information from various modalities. The visual modality, usually

featured by facial expressions [166, 167], is one of the most dominant modalities for

emotion recognition. By utilizing either a finely hand-crafted descriptor, e.g., fa-

cial action coding system (FACS) [168], or a powerful convolutional neural network,

e.g., the Resnet for feature extraction, an emotion recognition method can achieve

promising results. In recent years, Electroencephalography (EEG) has drawn con-

siderable attention from researchers [169], due to its simple, cheap, portable, and

easy-to-use solution for identifying emotions [170]. In addition to the visual and

EEG information, the audio/speech, text, and some other physiological signals

(e.g., heart rate, blood pressure, and eye gaze) are also widely used.

Two general differences between the visual and EEG modalities are of the most

relevance to our interest. First, facial expressions and gestures are overt and de-

termined, whereas the EEG signal is covert and highly subject-dependent. As a

result, it is feasible to directly label the emotion based on the visual modality from

an annotator, yet for EEG modality it is done either by predefined experiment pro-

tocol or by subjects themselves. Second, the visual modality usually has high and

low resolutions on spatial and temporal dimensions (e.g., 40 × 40 × 3 and 30 fps,

respectively, whereas the EEG modality is high on temporal resolutions (e.g., 256

Hz) yet low on spatial resolutions (e.g., 32 electrodes). The greater the resolution

is, the more detailed structural or phase changes in response to emotional stimuli

can be studied. Based on the differences in modalities and the assumption that

incorporating multimodal data will produce results that are superior to unimodal
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data, it is natural to utilize the multimodal data which can essentially increase the

amount of available data and hopefully attenuate the defects of each modality.

Knowledge distillation (KD) is one of the promising solutions to combining multi-

modal data. In deep learning, KD is an effective technique that has been widely

used to transfer information from one network to another network whilst train-

ing constructively [171]. Many cross-modal KD methods have been proposed to

leverage the synchronization of visual and audio information in the video data. A

joint embedding can be learned by distilling the knowledge between RGB/depth,

face/voice, and CT/MRI images. However, to the best of the authors’ knowledge,

there is no prior work relevant to visual-to-EEG cross-modal KD on CER.

We, therefore, pose a question: Can the CER performance of the EEG modality be

improved if we transfer the knowledge from the visual modality? Given a dataset

containing synchronous facial videos and EEG signals of different subjects, the

facial video modality tends to have stronger relevance with respect to the expert-

labeled continuous trace. The reasons are two-fold. First, the experts conduct the

labeling according to the subject’s facial expression. Second, the EEG signal has

a low information-to-noise ratio, large bias can be existing among signals recorded

at a different time or from different subjects. According to the results in Table 3.2

and 3.3, we can see a performance lead of about 0.30+ in CCC when comparing

the visual model against the EEG model. It suggests that on the MAHNOB-HCI

dataset, the visual model is potentially more powerful for the CER task. It inspires

us to teach the EEG modality using the visual knowledge.

In this work, we explore to what extent can the EEG modality gain from the visual

modality using the cross-modal knowledge distillation (CKD) for CER. A teacher

model is firstly trained in the visual modality using the facial video. Its inter-

mediate features, a.k.a. dark knowledge, are then used to supervise the student

model training in an offline manner. Specifically, the teacher and student models

comprise a cascade spatiotemporal and a single temporal network, respectively.

The inputs to the teacher and student are facial video frames and the synchronous

EEG average band power. The temporal embeddings from the trained teacher’s

temporal component are taken as dark knowledge. During the training of the stu-

dent, its temporal embeddings are guided by the dark knowledge using L1 loss.

Together with the concordance correlation coefficient (CCC) loss, which punishes
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the inconsistency between the prediction and label sequences by scaling the cor-

relation coefficient with their mean square difference, the student is able to learn

from the visual and EEG modalities simultaneously. (A formal definition of CCC

is provided by Eq. 2.3.) During the test of the student, it infers based on the EEG

modality and the learned visual knowledge. Results from experiments manifest

statistical significance (p-value < 0.01 or 0.05 depending on the data partitioning

scheme) on root mean square error (RMSE), Pearson correlation coefficient (PCC),

and CCC, compared to its counterpart without KD.

This chapter is structured as follows. First, the methodology is formulated math-

ematically, followed by the demonstration of the model architecture. Next, the

implementation details, including the database, feature extraction, and data par-

titioning, are introduced. Next, the settings of parameters, hyperparameters, and

training are elaborated. After which, the results against the state-of-the-art CER

method are reported. Finally, we visualize the skull saliency map for each band and

subject, based on the trained student model and the peak response mapping [153]

(PRM), as we are also particularly interested in revealing the contribution of each

brain lobe and the band of EEG towards the emotion process (as we introduced in

Section 2.2.3).

5.2 Related Works

5.2.1 Cross-modal Knowledge Distillation (CKD)

Cross-modal knowledge distillation (CKD) uses the teacher’s representation as a

supervision signal to train the student to learn another task [171]. It is helpful

especially when the data or labels for the target modalities are hard to get. Based

on the hypothesis that the emotional content of speech correlates with the facial

muscle movement and facial expression of the speaker, Afouras et al. [172] transfer

voice knowledge to train lip reading-based visual speech recognition models, while

Nagrani et al. [173] transfer the visual knowledge to learn voice feature-based

speech classification, both of which are without access to any form of human-

labeled ground truth. Hoffman et al. [174] utilize the RGB information to teach

a depth network, and fuse the information across modalities. Gupta et al. [175]

learn a student model on unlabeled depth images and optical flow by transferring
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the knowledge of a teacher model trained on well-annotated RGB images. Zhao

et al. [176] use radio data to guide human pose estimation on occluded images.

Thoker and Gall [177] employ paired RGB videos and skeleton sequences for CKD.

The knowledge learned on RGB videos is transferred to the student model for

skeleton-based human action recognition. Garcia et al. [178] use additional depth

images to generate a hallucination stream for RGB image modality and thereby

improve the action recognition performance. Tian et al. [179] employ a contrastive

loss to transfer relation-based knowledge across modalities. Roheda et al. [180]

use generative adversarial networks (GAN) for distillation among the missing and

available modalities. We see that most of the CKD methods are for target detection

and action recognition. It is rarely explored in the area of CER.

5.2.2 Multimodal CER Methods

The term ”continuous” possesses two characteristics in our context. Spatially,

it aims to place the emotional state as a continuous-valued point in the multi-

dimensional space of the dimensional theory, instead of choosing categorical labels.

Temporally, it continuously predicts the emotional state for a fixed time interval,

constituting the emotional trace of the subject over a specified time span.

The CER has always been challenging due to the following causes. First, the emo-

tion itself is highly subjective and subject-dependent. For example, the perception

of emotion is influenced by individual experiences. Physically abused children are

much quicker than other children to spot the signals of anger [13]. As a result,

the data from the subjects and the ground truth from the annotators are prone

to personal bias. Multimodality and Transfer learning among visual, audio, and

physiological data are two promising techniques to alleviate this issue and develop

reliable CER models. Second, by taking the facial muscular movement as actions,

the complex emotion cues over a large time span are a composition of complex

one-actions [181]. Typical one-actions can be defined by FACS [182] that codes

the movements of individual facial muscles. However, as atomic as the FACS may

be, human emotion, no matter from which modality it is observed, usually exhibits

large variations in terms of intensity and order in their duration and takes longer

to unfold. Models which can learn the long-range temporal dependencies are in

need to counter this issue.
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In Section 2.8, we have provided a completed review of a number of CER methods.

We see that most CER methods are based on visual and audio modalities. To the

best of our knowledge, out of all the publicly available CER databases, there is

only a subset [3] of the MAHNOB-HCI database [2] where the facial video, EEG

signal, and continuous valence label are available. Our work is based on this subset

of the MAHNOB-HCI database.

Here we highlight the two methods that are the most relevant to ours, i.e., Soley-

mani et al. [3] and Chen et al. [117]. Soleymani et al. [3] propose a multimodal

method for continuous valence prediction based on facial landmark sequence and

EEG signal. A long short-term memory (LSTM) network is used for feature learn-

ing. The features from the two modalities are fused using feature-level and decision-

level fusion schemes before feeding into the fully-connected layers. Chen et al. [117]

combine a pretrained 2D-CNN and a TCN to learn deep spatiotemporal features

from video frames and audio spectrograms, and use a spatiotemporal graph convo-

lutional network to encode facial landmarks graph. Finally, a bidirectional LSTM

network is employed for unimodal and multimodal predictions.

The differences are explained as follows. First, concerning the motivation, our

work intends to investigate the CKD on visual and EEG modalities, while the two

papers are for multimodal feature fusion. In the case where the visual information

is not available, our model can still work and infer based on the EEG signal and the

learned visual knowledge. Second, our visual model comprises a cascade 2DCNN-

TCN architecture. The produced spatiotemporal features are directly fed to a

linear layer to infer. Whereas in [117], the 2DCNN-TCN is first trained as a

feature extractor. An independent bidirectional LSTM network is then trained on

top of the extracted features to infer. Third, our EEG model use TCN to learn the

temporal encoding of the EEG band power, while in [3] an LSTM network is used

for the same purpose.

5.3 Methodology

Suppose that we are given one sequence of emotion cue X = {x1, x2, . . . , xN} ∈
RN×d, and the corresponding ground truth Y = {y1, y2, . . . , yN} ∈ RN , both of

which contain N sample points. We are also given a train teacher model T from
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the visual modality, and a fresh student model S from the EEG modality. Our

goal is to find a function f : X→ Y so that its output Ŷ = f(X) ∈ RT minimizes

some loss L(Y, Ŷ) against the ground truth Y. The function is found by training

the student model S. Note that the causal constrain is applied, which requires that

yt depends only on x1, . . . , xt and not on any future inputs xt+1, . . . , xT .

5.3.1 Cross-modal Knowledge Distillation

The knowledge distillation requires the teacher and student to interact through in-

terchanging their knowledge. The teacher’s knowledge U ∈ RT×F and the student’s

knowledge V ∈ RT×F refer to intermediate features produced by some certain lay-

ers of the model that are in the same dimension.

The interaction is done by aligning the student’s knowledge V ∈ RN×F onto the

fixed teacher’s knowledge U ∈ RN×F . Inspired by Romero et al. [183] which distills

the knowledge by enforcing the proximity of intermediate feature maps using the

L2 loss, we further use the sparser L1 loss as the KD loss, in order to produce a

more reasonable magnitude relevant to the CCC loss and makes the training more

controllable. The L1 loss is formulated as follows.

L1(U,V) =
1

TF

T∑
i=1

|ui − vi|, (5.1)

where ui ∈ RF and vi ∈ RF are the feature points in each time step.

The final loss function is designed as a weighted sum of CCC and L1 loss as follows:

ℓ(X,Y,U,V) = 1− ρc(X,Y) + w ·L1(Vt,Vs) (5.2)

where X and Y denote the predictions and the labels, and U and V denote the

spatiotemporal features of the teacher and student model, respectively, with the

constant w being the trade-off. The CCC loss ρc is formulated at Eq. 3.4. The

grid searching is employed to find the optimal w.
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5.3.2 Model Architecture

The goal of the visual-to-EEG KD is to use the visual knowledge (i.e., the spa-

tiotemporal visual features produced by the TCN of the visual model) along with

the labels to train an improved EEG model. The interaction between the teacher

and student is illustrated in Fig. 5.1.

Figure 5.1: The illustration of the teacher-student interaction. The figure
shows the 2-stage teacher-student interaction for the cross-modal CKD. ST fea-
ture denotes the spatiotemporal features. The training of the teacher and student
models are colored in yellow and purple, respectively.

Two stages are involved in the teacher-student interaction. In the first stage, the

teacher model is trained by minimizing the CCC loss function between the frame

sequences and the corresponding labels. In the second stage, the trained teacher

model is used to extract the spatiotemporal features of the visual modality, and

the student model is then trained using the EEG Signal, the corresponding labels,

and visual spatiotemporal features.

5.4 Implementation Details

The implementation details are carried out following the same procedure introduced

in Section 3.4. On top of this, the feature synchronization is the only new step

that requires detailing.

Recall that after the data preprocessing, we have facial frames, EEG band power

features, and continuous valence labels at the frequency of 64Hz, 4Hz, and 4Hz,

respectively. In order to synchronize the facial frames with the other two features,

downsampling is employed. A consecutive 16 frames are taken as one group, cor-

responding to one valence label point. During the teacher training, the n-th frame
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Figure 5.2: The illustration of the cross-modal knowledge distillation model.
The figure shows the architecture of the teacher and student models.

for each group is loaded in sequential and fed to the teacher model. The integer n

is randomly chosen from 0 to 15 for each epoch. For the inference, only the 0-th

frames of each group are loaded.

The visual knowledge is generated by feeding the facial frames without downsam-

pling to the trained teacher model. The generated visual knowledge is at the

frequency of 64Hz. During the student training, the same downsampling scheme

used on the video frames is applied to the visual knowledge for the synchronization

with the EEG band power features and continuous valence labels.
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Table 5.1: The result of our EEG model taught by visual knowledge against the standalone counterpart using the TRS partitioning.
The mean, standard deviation, and p-value are reported. The p-value is obtained using the one-tailed paired t-test over the 10-fold
TRS partitioning. TRS: trial-wise random shuffling. ↑: the higher the better. ↓: the lower the better. ⋆: 0.01 <p-value≤ 0.05. ⋆⋆:
0.001 <p-value≤ 0.01. ⋆ ⋆ ⋆: p-value≤ 0.001. Bold fonts indicate the best results.

TRS
Without KD w = 0.2 w = 0.4
mean±std mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.067±0.005 0.066±0.005 0.001 (⋆ ⋆ ⋆) 0.066±0.005 0.004 (⋆⋆)
PCC ↑ 0.463±0.103 0.469±0.103 0.019 (⋆) 0.469±0.105 0.003 (⋆⋆)
CCC ↑ 0.444±0.109 0.450±0.110 0.014 (⋆) 0.449±0.111 0.030 (⋆)

Test
RMSE ↓ 0.066±0.009 0.066±0.010 0.013 (⋆) 0.065±0.010 0.010 (⋆⋆)
PCC ↑ 0.435±0.205 0.442±0.205 0.013 (⋆) 0.442±0.204 0.011 (⋆)
CCC ↑ 0.415±0.201 0.422±0.202 0.022 (⋆) 0.422±0.201 0.015 (⋆)

TRS
w = 0.6 w = 0.8 w = 1.0

mean±std p-value mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.065±0.005 0.004 (⋆⋆) 0.065±0.005 0.001 (⋆ ⋆ ⋆) 0.065± 0.005 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.473±0.107 0.001 (⋆ ⋆ ⋆) 0.477±0.108 0.001 (⋆ ⋆ ⋆) 0.478± 0.107 < 0.001 (⋆ ⋆ ⋆)
CCC ↑ 0.453±0.114 0.011 (⋆) 0.457±0.115 0.005 (⋆⋆) 0.458± 0.113 0.002 (⋆⋆)

Test
RMSE ↓ 0.065±0.010 0.002 (⋆⋆) 0.065±0.010 0.003 (⋆⋆) 0.065± 0.009 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.450±0.202 0.001 (⋆ ⋆ ⋆) 0.457±0.204 0.008 (⋆⋆) 0.454± 0.207 0.010 (⋆⋆)
CCC ↑ 0.428±0.199 0.002 (⋆⋆) 0.436±0.202 0.011 (⋆) 0.433± 0.205 0.010 (⋆⋆)

TRS
w = 1.2 w = 1.4 w = 1.6

mean±std p-value mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.065±0.005 < 0.001 (⋆ ⋆ ⋆) 0.064±0.005 < 0.001 (⋆ ⋆ ⋆) 0.064±0.005 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.479±0.108 < 0.001 (⋆ ⋆ ⋆) 0.480±0.109 0.002 (⋆⋆) 0.481±0.108 < 0.001 (⋆ ⋆ ⋆)
CCC ↑ 0.459±0.114 0.004 (⋆⋆) 0.461±0.116 0.009 (⋆⋆) 0.461±0.115 0.006 (⋆⋆)

Test
RMSE ↓ 0.064±0.009 < 0.001 (⋆ ⋆ ⋆) 0.064±0.009 < 0.001 (⋆ ⋆ ⋆) 0.064±0.009 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.456±0.206 0.001 (⋆ ⋆ ⋆) 0.459±0.205 0.004 (⋆⋆) 0.460±0.205 0.002 (⋆⋆)
CCC ↑ 0.436±0.204 0.005 (⋆⋆) 0.437±0.204 0.007 (⋆⋆) 0.438±0.204 0.006 (⋆⋆)

TRS
w = 1.8 w = 2.0

mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.064±0.005 0.003 (⋆⋆) 0.064±0.005 0.005 (⋆⋆)
PCC ↑ 0.476±0.103 0.084 0.475±0.105 0.140
CCC ↑ 0.453±0.108 0.317 0.452±0.110 0.415

Test
RMSE ↓ 0.064±0.009 0.028(⋆) 0.064±0.009 0.024 (⋆)
PCC ↑ 0.450±0.207 0.252 0.450±0.207 0.249
CCC ↑ 0.427±0.206 0.369 0.427±0.206 0.377
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Table 5.2: The result of our EEG model taught by visual knowledge against the standalone counterpart using the LOSO partitioning.
The mean, standard deviation, and p-value are reported. The p-value is obtained by using the one-tailed paired t-test over the 24-fold
LOSO partitioning. LOSO: leave-one-subject-out. ↑: the higher the better. ↓: the lower the better. ⋆: 0.01 <p-value≤ 0.05. ⋆⋆:
0.001 <p-value≤ 0.01. ⋆ ⋆ ⋆: p-value≤ 0.001. Bold fonts indicate the best results.

LOSO
Without KD w = 0.2 w = 0.4
mean±std mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.068±0.007 0.067±0.006 0.096 0.067±0.006 0.002 (⋆⋆)
PCC ↑ 0.467±0.116 0.475±0.110 0.225 0.480±0.111 0.039 (⋆)
CCC ↑ 0.445±0.118 0.451±0.115 0.259 0.454±0.115 0.050 (⋆)

Test
RMSE ↓ 0.066±0.025 0.065±0.025 0.059 0.063± 0.025 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.474±0.267 0.480±0.269 0.034 (⋆) 0.482± 0.269 0.014 (⋆)
CCC ↑ 0.377±0.250 0.382±0.250 0.319 0.387± 0.253 0.033 (⋆)

LOSO
w = 0.6 w = 0.8 w = 1.0

mean±std p-value mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.067±0.006 0.004 (⋆⋆) 0.067±0.006 0.004 (⋆⋆) 0.066±0.006 0.004 (⋆⋆)
PCC ↑ 0.477±0.111 0.107 0.477±0.111 0.107 (⋆) 0.479±0.112 0.067
CCC ↑ 0.452±0.115 0.149 0.452±0.115 0.149 0.454±0.115 0.084

Test
RMSE ↓ 0.064±0.025 0.003 (⋆⋆) 0.064±0.025 0.003 (⋆⋆) 0.063±0.024 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.482±0.268 0.022 (⋆) 0.482±0.268 0.022 (⋆) 0.481±0.270 0.030 (⋆⋆)
CCC ↑ 0.383±0.251 0.177 0.383±0.251 0.177 0.385±0.254 0.084

LOSO
w = 1.2 w = 1.4 w = 1.6

mean±std p-value mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.066±0.006 < 0.001 (⋆ ⋆ ⋆) 0.066±0.006 < 0.001 (⋆ ⋆ ⋆) 0.066±0.006 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.484±0.111 0.015 (⋆) 0.484±0.115 0.016 (⋆) 0.486±0.114 0.011 (⋆)
CCC ↑ 0.458±0.116 0.012 (⋆) 0.458±0.118 0.015 (⋆) 0.459±0.118 0.012 (⋆)

Test
RMSE ↓ 0.064±0.024 0.003 (⋆⋆) 0.064±0.024 0.001 (⋆ ⋆ ⋆) 0.063±0.024 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.481±0.271 0.037 (⋆) 0.480±0.270 0.200 0.481±0.270 0.150
CCC ↑ 0.381±0.253 0.324 0.378±0.250 0.798 0.380±0.251 0.504

LOSO
w = 1.8 w = 2.0

mean±std p-value mean±std p-value

Validation
RMSE ↓ 0.065± 0.006 < 0.001 (⋆ ⋆ ⋆) 0.065±0.006 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.487± 0.116 0.009 (⋆⋆) 0.485±0.116 0.017
CCC ↑ 0.460± 0.120 0.011 (⋆) 0.457±0.118 0.035

Test
RMSE ↓ 0.063±0.024 < 0.001 (⋆ ⋆ ⋆) 0.063±0.024 < 0.001 (⋆ ⋆ ⋆)
PCC ↑ 0.481±0.270 0.140 0.479±0.271 0.220
CCC ↑ 0.381±0.251 0.483 0.382±0.253 0.437



86 5.5. Results and Analysis

5.5 Results and Analysis

Based on Eq. 5.2, the grid search is employed for w ranging from 0.2 to 2.0, with

a step of 0.2. All the other settings remain the same.

The results of the student with and without CKD using TRS and LOSO parti-

tioning are reported in Table 5.1 and Table 5.2, respectively. In the interval of

0.2 ≤ w ≤ 1.0, the best validation results are found when w = 1.0 and w = 0.4 for

TRS and LOSO, respectively. They also lead to the best test results with statistical

significance (p-value ≤ 0.01 and p-value < 0.05 on the three metrics for TRS and

LOSO partitioning, respectively). When 1.0 < w ≤ 2.0, though better validation

results are yielded for LOSO, the corresponding test results are without statistical

significance.

Comparing the results from TRS partitioning against LOSO partitioning, we can

see that the former tend to have more stars (i.e., smaller p-values) and more con-

sistent metrics between the validation and test set. LOSO is prone to over-fitting

when w > 1.0. We can therefore infer that the CKD using TRS partitioning is

more effective. Indeed, it can be explained that both the teacher and student have

seen examples similar to the test examples, and therefore produce joint embeddings

that are of greater representability during the testing.

5.6 Discussion and Conclusion

The goal of CER is to continuously predict the emotional trace in the multi-

dimensional space over a specified time span. However, the recognition of emotion,

if driven by data, suffers from the subject bias that exhibits in multiple stages of

the emotion process. The issue is escalated for physiological signals, compared to

the more objective and determinant cues from visual or audio modalities. Also,

emotion cues over a large time span are a composition of complex one-actions,

manifesting large variations in intensity and order in their duration. A model that

is capable of capturing long-range dependencies is crucial in this area.

In this chapter, on top of the visual and EEG unimodal CER model, we explore

the idea of teaching an EEG-based CER model using the visual knowledge from a
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visual-based CER model. The teacher model features a cascade CNN-TCN archi-

tecture and is fed by video frames. A subset [3] of the MAHNOB-HCI database

[2] that includes facial videos, EEG signals, and continuous valence labels of 24

subjects is employed for the experiment. Two data partitioning schemes, i.e., the

TRS and LOSO are employed. The results reported in Table 3.2 and Table 3.3

validated the performance of the standalone teacher and student models in visual

and EEG modalities and obtained promising results compared to the baseline. Af-

ter which, the spatiotemporal feature of the trained teacher is taken as the dark

knowledge. The latter, together with the continuous label, is used to teach the

student model. The experiment using the TRS and LOSO partitioning schemes

both show an increase with statistical significance, i.e., p-value < 0.01 for TSR and

p-value < 0.05 for LOSO partitioning on RMSE, PCC, and CCC.

The improvement is obtained thanks to the complementary nature of multi-modality,

and the transfer of knowledge between the modalities can help to leverage this com-

plementary information. The visual-based model may have learned to detect and

interpret visual cues related to facial expressions, which can provide important in-

formation about the emotional state. The EEG-based model, on the other hand,

may have learned to detect and interpret neural activity associated with emo-

tions, which can provide additional complementary information about the emo-

tional state. By transferring knowledge from the visual-based model to the EEG-

based model, the latter may be able to leverage this complementary information

and improve its performance. The visual-based model may provide a guide for the

EEG-based model to learn how to interpret and extract relevant features from EEG

signals that are related to emotional states. Additionally, the transfer of knowl-

edge may help to regularize the EEG-based model and prevent overfitting. The

visual-based model may provide a regularization effect by encouraging the EEG-

based model to learn a more general representation of the emotional state that is

not specific to the EEG modality. Overall, the cross-modal knowledge distillation

approach for continuous emotion recognition can work by leveraging complemen-

tary information between modalities and providing regularization to the target

modality, which can result in improved performance with statistical significance.





Chapter 6

Multimodal CER through

Leader-follower Attentive Fusion

This chapter 1 presents the multimodal feature fusion for CER. Continuous emotion

recognition (CER) aims to sequentially map a subject’s emotional recordings to a

real-valued space axed by valence and arousal. Temporal dynamic learning and

cross-subject generality are two crucial cornerstones for developing a reliable deep

learning model for CER, based upon which we propose the leader-follower attentive

network (LFAN). It extends our previous work for the affective behavior analysis

in-the-wild (ABAW) contest. Our LFAN aims to learn the per-modality long-term

dependencies first and then combine the learned encodings using the cross-modal

co-attention mechanism. Specifically, the temporal convolutional network (TCN)

is employed for the per-modality long-term dependency learning. A window length

of 300 is employed to resample the sequential input feeding the TCN, resulting

in abundant historical information for our LFAN to reveal the emotional roller

coaster. The learned per-modality encodings are fused using the cross-modal co-

attention block, which is lightweight and capable of weighing across the modalities

for each time step. We believe that the visual modality has the strongest correlation

with the label. To emphasize such dominance, the visual encoding outputted by

the visual TCN is taken as the leader and is concatenated to the fused encoding.

Experiments on AVEC2019, MAHNOB, and AffWild2 databases are carried out,

1The work in this chapter has been published in [127, 143], and has extended to a full paper
and is currently under review in IEEE Transactions on Affective Computing.

89



90 6.1. Introduction

where our LFAN achieves promising results compared to its variants and state-of-

the-art methods.

6.1 Introduction

Emotion recognition is the process of understanding human emotion. It plays a

vitally crucial role in many fields such as human-computer interaction, behavioral

modeling, opinion mining, psychological health, business intelligence, and enter-

tainment assistance. Continuous emotion recognition (CER) is one of the sub-tasks

in this area that aims for the sequential regression of the given emotion cues. It

contrasts sharply with other research topics like emotion classification where the

whole trial is usually annotated categorically.

A reliable deep learning model for CER should be able to model the temporal

dynamics and preserve the cross-subject generality. In Chapter 3 we have discussed

the former, that is, the emotion cues over the time span T = {0, 1, . . . , t} are a

composition of t cues, each has its own valence and arousal values. And the cue

at the time step t is not only the direct successor of that at t − 1, but also the

effect of the emotional roller coaster over all the predecessors. A more reliable

prediction could be made by considering the emotional dynamics over a large time

window. In this chapter, we involve cross-subject generality. Emotion, as intrinsic

as it may be for every one of us, is highly prone to cross-subject bias. Emotion

is triggered by conscious and/or unconscious perception of an event and is usually

associated with personal attributes such as mood, personality, and experience.

For example, physically abused children are much quicker than other children to

spot the signals of anger [13]. The expression of emotion involves vocal emotional

words and non-vocal cues such as facial expressions, voice intonation, and body

movement, resulting from the compound effects of physiological arousal, individual

feelings/behaviors, and cultural/moral regulation. These factors could lead to a

large subjective bias and degenerate representation learning.

To tackle the issue of temporal dynamic learning and cross-subject generality, we

employ large window resampling and multimodal fusion. For the former, as we

discussed in Chapter 3, the resampling window determines the length of context
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the model draws to make a prediction for each time step. As for multimodal fu-

sion, it is widely accepted that incorporating multimodal data would yield superior

predictions than that from unimodal data, thanks to their complementary nature.

Indeed, on the one hand, multimodal data help to disambiguate. A crying face with

joyful vocal expressions would be recognized as happiness instead of sadness, and a

neutral face with a harsh intonation might be a sign of anger or contempt. On the

other hand, multimodal data helps to preserve recognition robustness. In natural

settings where the environment is uncontrolled, subject diversity, various illumina-

tion conditions, spontaneous behaviors, background noise, and unclear speech are

ubiquitous. In a scene where the actor’s face is not in the camera, their voice or

body gesture could serve as an emotional cue and support the ongoing learning.

We present the leader-follower attentive network (LFAN) to achieve temporal dy-

namic learning and cross-subject generality. Our LFAN aims to learn the per-

modality long-term dependencies first and then combine the learned encodings

using the cross-modality co-attention mechanism. Specifically, the temporal con-

volutional network (TCN) [154] is employed for the per-modality long-term depen-

dency learning. With the dilated convolutional kernel and stacked residual blocks,

the TCN is capable of looking very far into the past to make a prediction [154].

Ablation studies show that the TCNs alone are capable of long-term dependency

learning without employing the temporal self-attention, which is of T 2 complexity.

The learned per-modality encodings are fused using the cross-modal co-attention

block. The latter is lightweight and is capable of weighing across the modalities for

each time step. To emphasize the dominant visual modality, which we believe to

have the strongest correlation with the label, the visual encoding outputted by the

visual TCN is taken as the leader and is concatenated to the fused encoding. Ex-

periments on AVEC2019, MAHNOB-HCI, and AffWild2 databases are carried out,

where our LFAN achieves promising results compared to state-of-the-art methods.

The contributions of this work include the following.

� The LFAN, which is a multimodal deep neural network, is developed for CER.

It consists of parallel TCNs and a cross-modal co-attention block. The TCNs

learn the long-term dependency and the fusion block combines the temporal

encodings using the co-attention mechanism. LFAN can achieve temporal

dynamic learning and cross-subject generality.
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� Our previous work [143] is extended with extensive ablation studies and ex-

periments. The ablation studies explore the parameter/hyper-parameter set-

tings and model properties. The quantitative experiments demonstrate the

superiority of our LFAN over state-of-the-art methods. And the qualitative

experiment visualizes the cross-modal co-attention.

This chapter is structured as follows. First, the methodology is formulated mathe-

matically, followed by the illustration of the model architecture. Next, the feature

synchronization, which is in addition to the implementation details introduced in

Section 3.4, is introduced. After which, the results of the knowledge distillation

are reported. Finally, we conclude this chapter.

6.2 Related Works

Previous studies [3, 98, 108, 117] adopt feature-level and/or decision-level fusion

strategies for CER. For the former, the features from a single modality are ex-

tracted separately. They are then concatenated and fed to the fusion model to

learn the cross-modal representation. For the latter, the predictions from each

modality, instead of the extracted features, are fed to the fusion model. How-

ever, the feature-level fusion usually suffers from the curse of dimensionality due

to the feature concatenation. Moreover, the decision-level fusion overlooks the

complementarity and redundancy across different modalities, which is against the

evidence [20] in neuroscience, suggesting that multimodal integration occurs at an

early stage. An intermediate-level fusion strategy is therefore in need. Knowledge

distillation is another technique to combine multimodal information. Unlike fusion,

which requires the data from all the modalities are available for the training and

testing sessions, knowledge distillation favors the situations where the information

from certain domains/modalities is hard to acquire [171]. Studies show that the

visual modality can teach other modalities such as audio [184] or EEG [4] and

improve their performance.

Recently, a growing number of researchers have resorted to the attention mechanism

and transformer [52] to achieve intermediate-level fusion. Le et al. [185] proposed

the multimodal transformer networks (MTN) to generate conversational responses

to the queries of humans for a video-grounded dialogue system. MTN consists of i)
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transformer-encoders for representation learning, ii) transformer-decoders for rea-

soning over the learned representation using the multi-head attention mechanism,

and iii) auto-encoder layers for the emphasis of query-related video features. Tsai

et al. [186] employ the co-attention module to learn representations from paired

modalities, which retrieves the temporal dependency of the unaligned modalities.

Zadeh et al. [187] proposed to combine the uni-modal, bi-modal, and tri-modal

feature sequences into one feature sequence and reconstruct them into multiple

streams of the same dimension. Every individual stream is fed to its own trans-

former encoder, and all the streams’ outputs are merged point-wise. Chen et al.

[117] proposed the transformer-encoder with a multimodal multi-head attention

framework to learn the intra/inter modality dynamics. The intra-modality trans-

former aims to learn the temporal dynamics within one modality, after which the

inter-modal transformer is used to perform the fusion.

Inspired by the co-attention mechanism where the query from one modality can

be combined with the key/value from other modalities, we proposed the leader-

follower attentive network (LFAN) to perform the intermediate-level multimodal

fusion. Our LFAN only utilizes TCNs to learn the temporal dependency of each

modality. The latter is then fed to the fusion block to learn the cross-modal

dynamics using the co-attention mechanism. Specifically, given n feature sequences

from n modalities, the n query, n key, and n value vectors are concatenated to form

one single query, key, and value, respectively. Upon which the attention operation

is performed yielding the co-attention feature. The feature sequence from the

visual modality is concatenated to the latter to emphasize its leading status. We

argue that the temporal transformer, which is of T × T complexity, might not be

necessary for CER, especially when the sampling window is large. We validated

this hypothesis through ablation studies using the AVEC2019 databases.

6.3 Methodology

Suppose that we are given synchronous sequences of emotional cues X = {X(m)}Mm=1

from M modalities, where Xm ∈ RT×dm , and the corresponding ground truth

Y = {y1, y2, . . . , yT}, where Y ∈ RT . In each modality, the sequence X(m) =
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{x(m)
1 , x

(m)
2 , . . . , x

(m)
T } contains T samples, where T denote the length of the re-

sampling window. Our goal is to find a function f : X → Y so that its out-

put Ŷ = f(X) ∈ RT minimizes some loss L(Y, Ŷ) against the ground truth Y.

Note that the causal constrain is applied, which requires that yt depends only on

x1, . . . , xt and not on any future inputs xt+1, . . . , xT .

6.3.1 Temporal Modelling

To learn the temporal dependency of the given sequences, some feature extractors

b are firstly used upon the raw input data, updating xt ← b(xt) for each sample,

so that their representability is increased. Depending on the data modalities, the

actual extractors b are varied. For example, a convolution neural network (CNN)

backbone trained on a large-scale 2D face database could be used to extract the

deep facial feature, and the average band power can be used as the low-level EEG

feature, etc.

Several deep neural networks are capable of the temporal modeling, such as the

long-short term memory (LSTM) and the TCN. Systematical comparison [154]

demonstrated that TCNs convincingly outperform recurrent architectures across a

broad range of sequence modeling tasks. With the dilated and casual convolutional

kernel and stacked residual blocks, the TCN is capable of looking very far into the

past to make a prediction. Therefore, we employ the TCN as our temporal model.

A typical TCN consists of a stack of 1D dilated convolutions, and residual connec-

tions, which are formulated as:

TCN(X(m)) = Activation(X(m) +
k−1∑
i=0

f(i) ·X
(m)
s−d · i), (6.1)

where k, s, and d denote the kernel size, stride, and dilation, respectively. s− d · i

stands for the direction of the past. The receptive field is therefore determined by

Eq. 3.2.
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Figure 6.1: The architecture of our proposed model. The model consists of M + 1 components, i.e., the temporal modeling blocks
and leader-follower attentive fusion block. For each temporal modeling block, it consists of the feature extractor and a TCN. The
M branches yield M independent spatiotemporal feature vectors. They are then fed to the attentive fusion block. M independent
attention encoders are used. For the i-th branch, its encoder consists of three independent linear layers, they adjust the dimension
of the feature vector producing a query Q(i), a key K(i), and a value V(i). They are then regrouped and concatenated to form the
cross-modal counterparts. For example, the cross-modal query Q = [Q(1),Q(2), . . .]. An attention score is obtained by Eq. 6.4.
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6.3.2 Leader-follower Attentive Fusion

The leader-follower attentive fusion combines the cross-modal encoding with the

temporal encoding of the leading modality. The former contains the dynamics

among M modalities so that it could look to important and expressive ones at

each time step t. The latter forces the model to prioritize the most dominant

modality.

Given the temporal encoding X(m) from the m-th modalities produced by the m-th

TCN, the leader could be chosen empirically. For example, for a database whose

continuous annotations are only available for those time steps with the subject’s

face appeared, the visual modality would be the leader. We represent the 1-st

modality as the leader for convenience.

To produce the follower, an encoder

Encoder(X(m)) =Q(m) ∈ RT×dK ,K(m) ∈ RT×dK ,

V(m) ∈ RT×dK
(6.2)

is firstly employed to yield the query, key, and value vectors. After which, all the

queries from the M modalities are concatenated:

Q = concat(Q(1),Q(2), . . .) ∈ RT×M×dK

K = concat(K(1),K(2), . . .) ∈ RT×M×dK

V = concat(V(1),V(2), . . .) ∈ RT×M×dK

. (6.3)

The follower, i.e., the co-attention feature A is obtained by

A(Q,K,V) = softmax(
QKT

√
dK

)V. (6.4)

The final encoding is obtained by concatenating the leader with the follower. Even-

tually, the prediction is yielded using a regressor, which is a fully connected layer:

Ŷ = FC(concat(X(1),A)). (6.5)
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6.3.3 Model Architecture

The model architecture is illustrated in Fig. 6.1. The model contains M parallel

branches for the M modalities, and the leader-follower attentive fusion block to

combine the M modalities. The first modality is taken as the leader modality.

The rest modalities are taken as the follower modality. For each modality, the

input would first go through the feature extractor, producing the spatial features

that are temporally independent to each other in the sequence. The spatial fea-

tures are then fed to the TCN for spatiotemporal learning, producing the T ×D(i)

spatiotemporal features, where i denotes the i-th modality. Now that we have

M spatiotemporal features from the M branches, they are then fed to the fusion

block. In which, there are M encoders, each contains three independent linear

layers, mapping the modality-wise features to the query Q(i), the key K(i), and

the value V(i), respectively. Subsequently, all the queries, keys, and values are

concatenated, obtaining the combined Q, K, and V, each of which is T × 32×M
dimensional. The standard attention operation is then carried out, producing the

attention feature that is T × 32M . Finally, the leader’s spatiotemporal feature is

concatenated with the attention feature forming the leader-follower features sized

in T × (D(l)+32M , where the superscript l denotes the leader modality. The model

specification is determined in Section 6.5.

6.4 Implementation Details

In this section, we first introduce the three databases used for the ablation studies

and experiment. We then introduce the preprocessing and training details.

6.4.1 Databases

Three databases are employed in our work. The AVEC2019 database [76] (a.k.a.

the SEWA database) consists of in-the-wild audiovisual recordings of the sponta-

neous behavior of 200 participants. Friends or relatives from German, Hungarian

and Chinese cultures are paired to communicate through a dedicated video chat

platform based on the participants’ webcams and microphones. To elicit responses,

the paired participants are required to discuss the advert they just watched for up
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to three minutes. Several native speakers are invited to annotate the corresponding

participants’ video chat w.r.t. the emotional dimensions of valence and arousal.

The final annotations are combined into a single gold-standard using the evaluator-

weighted estimator-based approach. All the video recordings are sampled at 50 fps

and the annotations are of 10 Hz resolution.

The MAHNOB-HCI database is a multimodal database recorded in response to

affective stimuli with the goal of emotion recognition and implicit tagging research

[2]. The participants are asked to watch 20 film clips, during which the synchronized

recording of facial videos, audio signals, eye gaze data, EEG signals, and other

physiological signals are recorded. A subset [3] of the original MAHNOB-HCI

database, including 24 participants and 239 trials, is then chosen to be continuously

labeled in valence. Their averages are taken as the final labels. The video recording

is at 60 fps. The EEG signals are sampled using a helmet with 32 electrodes and

a sampling frequency of 256 Hz. The annotations are of 4 Hz resolution.

The AffWild2 [66] database contains 564 Youtube videos of spontaneous facial be-

haviors of daily life in arbitrary conditions, unlike the other two databases whose

scenarios are only limited to the speaking participants sitting in front of the web-

cam. Some scenarios include subjects giving an interesting speech in ceremonies,

participating in interviews, reacting to something that brings them happiness, etc.

Overall, the subjects’ age, ethnicity, profession, head pose, illumination conditions,

and occlusions are in a wide range. Four experts annotate the videos in valence

and arousal. The final annotations are determined by firstly performing the median

filtering for the annotation of a video from one annotator, and then averaging the

4 median-filtered annotations. All the videos and the corresponding annotations

have the same temporal resolution, which is about 30 Hz.

6.4.2 Preprocessing

6.4.2.1 Feature Extraction

Features from the visual, audio, linguistic, and physiological modalities are ex-

tracted as follows. For the visual modality, the facial appearance and landmarks

are extracted. A resnet50 is employed as the appearance extractor. It is pre-

trained using the MS-Celeb-1M database [150] as a facial recognition task and



Chapter 6. Multimodal CER through Leader-follower Attentive Fusion 99

then fine-tuned using the FER+ database [188] as an emotion classification task.

The OpenFace toolkit is employed as the facial landmark extractor, which attempts

to extract 68 facial landmarks for each face detected in each frame. To synchronize

the visual modality to the continuous annotation, the subsampling with a factor of

ψ and random offset of ν is employed, where ψ denotes the ratio of the video frame

rate to the annotation resolution, and ν denotes that the ν-th sample from each

segment corresponding to one annotation point is sampled. For example, the video

and annotation of the AVEC2019 database are in 50 fps and 10 Hz, respectively.

So that during the training, only 1 frame for every 5 frames is sampled, and the

offset ν is randomly set to an integer within [0, 4] for each epoch, resulting in an

equal amount of video frames and annotations. During the testing, the offset ν is

fixed to 0. The deep CNN feature and the facial landmarks are 512-D and 136-D,

respectively.

The audio preprocessing firstly converts all the videos to mono with a 16K sam-

pling rate in the wav format. The VGGish features are then extracted using the

pretrained Vggish model2. The mfcc feature is extracted using the OpenSmile

toolkit as a low-level audio feature. To synchronize the audio modality to the con-

tinuous annotation, the hop length for extracting the log-mel spectrum is set to

be 1/framerate of the video frame, so that the resulting Vggish feature is syn-

chronized with the latter. After which, the same random subsampling technique

is employed when loading Vggish for training. As for the mfcc feature, its initial

frequency is fixed to 100 Hz due to the OpenSmile Setting. For each time step

corresponding to the i-th annotation point, the nearest mfcc point to that time

step is sampled. The Vggish and mfcc features are 128-D and 29-D, respectively.

The linguistic preprocessing is carried out as follows. The mono wav file obtained

from the audio preprocessing is fed to a pretrained speech recognition model from

the Vosk toolkit3, from which the recognized words and the word-level timestamp

are obtained. The recognized words are then fed to a pretrained punctuation and

capitalization model from the Nvidia Nemo toolkit4. After which a pretrained

BERT model from the Pytorch library is employed to extract the word-level lin-

guistic features. The linguistic features are obtained by summing together the last

2https://github.com/harritaylor/torchvggish
3https://alphacephei.com/vosk/models/vosk-model-en-us-0.22.zip
4https://docs.nvidia.com/deeplearning/nemo/user-guide/docs/en/main/nlp/punctuation

and capitalization.html
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four layers of the BERT model [189]. To synchronize, the word-level linguistic

features are populated according to the timestamp of each word and each frame.

Specifically, a word usually has a larger time span than that of a frame. There-

fore, for one word, its feature is repetitively assigned to the time steps of all the

frames within the time span. After which, the same random subsampling tech-

nique is employed when loading the BERT feature for training. The BERT feature

is 768-D.

The EEG preprocessing is carried out as follows. Given the EEG signal of a

trial, the first and last 30s of the recording which do not correspond to stimuli

watching are excluded according to the database manual 5. The signals from the

32 electrodes are then re-referenced to the average reference to enhance the signal-

to-noise ratio. The default API set eeg reference from MNE toolkit 6 is used for the

average reference. After which, the average band power on (0.3−5Hz), (5−8Hz),

(8−12Hz), (12−18Hz), (18−30Hz), and (30−45Hz) is calculated. The window

size and hop size for band power calculation are 2s and 0.25s, respectively. The

resulted 6× 32 = 192-D band power features at the frequency of 4Hz are therefore

synchronized with the continuous valence labels. Note that the EEG preprocessing

was carried out following the baseline method [3], which employed only the average

reference and band-pass filtering.

6.4.2.2 Data Partitioning

For the AVEC2019 database, the data are partitioned to the training, validation,

and test sets by the contest organizer. There is no subject overlap across different

partitions. Since the annotations for the test set are not available, we only adopt

the training and validation sets. Specifically, the training set is adopted as is. It

contains 68 trials from 34 German and 34 Hungarian subjects. For the original

validation set, it contains 28 trials from 14 German and 14 Hungarian subjects.

We randomly select 7 German and 7 Hungarian subjects as the actual validation

set and the remaining 7 German and 7 Hungarian subjects as the test set. Note

that the validation and test sets we mentioned for the AVEC2019 database are our

newly partitioned ones throughout the paper unless otherwise specified.

5https://mahnob-db.eu/hci-tagging/media/uploads/manual.pdf
6https://mne.tools/stable/index.html.

https://mahnob-db.eu/hci-tagging/media/uploads/manual.pdf
https://mne.tools/stable/index.html
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For the MAHNOB-HCI database, two data partitioning schemes are used: (i) trial-

level random shuffling (TRS, 10-fold) [3] and (ii) leave-one-subject-out (LOSO,

24-fold) [4]. TRS focuses on the trial level and overlooks from which subject the

trial comes. It first randomly shuffles the 239 trials and then splits the 239 trials

into 129, 86, and 24 trials for training, validation, and test, so that the test set

contains 10% of the data and the training and validation sets contain the 60%

and 40% of the remaining data. LOSO focuses on the subject level. For the i-th

fold, trials from the i-th subject are taken as the test set. All the trials from the

remaining 23 subjects are randomly shuffled, with 80% and 20% being the training

and validation sets, respectively.

For the AffWild2 database, the data are partitioned to the training, validation, and

test sets by the contest organizer, resulting in 341, 71, and 131 trials, respectively.

There is no subject overlap across different partitions. The 6-fold cross-validation

is employed. By evenly splitting the training set into 5 folds, we have 6 folds in

total with a roughly equal trial amount, i.e., 68× 4 + 69 + 71 trials. Note that the

0-th fold is exactly the original data partitioning.

6.4.2.3 Training and Parameter Settings

The training settings for the three databases are slightly different from each other.

By default, the batch size is set to 2, and for AffWild2 it is set to 8. The resampling

window length and hop length are 300 and 200, respectively. I.e., the dataloader

loads consecutive 2× 300 feature points to form a minibatch, with a stride of 200.

For any trials having feature points smaller than the window length, zero padding is

employed. The facial landmarks, mfcc, Vggish, and BERT features are normalized

to mean = 0 and std = 1. The Adam optimizer with a weight decay of 0.001

is employed. The CCC loss written in Eq. 3.4 is used as the loss function. The

ReduceLROnPlateau scheduler with a patience of 5 and factor of 0.1 is employed

based on the validation CCC. The learning rate (LR) and minimal learning rate

(MLR) are set to 1e− 5 and 1e− 7, respectively. The maximal epoch number and

early stopping counter are set to 100.

The training for the MAHNOB-HCI database sets the resampling window length

and hop length to 96 and 24, respectively, as the annotation resolution is at 4 Hz

so that the trial lengths, determined by its scarce label points, are greatly smaller
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than those from other databases. The visual backbone model is partly updated

during the training for the AffWild2 database so that the yielded CNN features are

refined to some extent compared to the counterparts for other databases generated

by a frozen backbone. Since back then we were attending the ABAW contest,

doing so can further boost the prediction performance. Specifically, following the

Resnet50 naming convention, three groups, i.e., the output layer, the layer4, and

the last three blocks of layer3 of the Resnet50 [190] are manually selected. When

Epoch = 0, the output layer is unfrozen. When the learning rate decreases to

below 1e − 7, the layer4 is unfrozen and the scheduler is reset. The last group is

unfrozen when next time the learning rate is below 1e− 7.

The actual training time is largely varied based on different setting on i) the input

dimension of the modality, ii) whether a backbone is employed, and iii) the dataset

size and partitioning. For example, for the visual modal, we can choose to feed

the video frames or extracted CNN features to the networks with or without a

backbone. The dimension of video frames and CNN features are and , where the

former is about 2 times larger than the latter. Meanwhile, the employment of the

the Resnet50 backbone could result in extra 23 million parameters. In practical,

using a Resnet50 backbone with the video frame input lead to about 6 times of

training time comparing with the counterpart without the backbone. As for the

dataset size and partitioning, the AVEC2019 dataset is partitioned by the owner

with the smallest size, whereas MAHNOB-HCI is not originally partitioned. The

employment of 24-fold LOSO partitioning could result in 23 times more data and

training time.

The training time for our proposed models varies greatly depending on several fac-

tors such as input dimension, backbone usage, and dataset size and partitioning.

For the visual modality, we experimented with feeding either 40 × 40 × 3 dimen-

sional video frames or extracted 512 dimensional CNN features with or without a

Resnet50 backbone, resulting in different input dimensions and number of param-

eters. The use of a Resnet50 backbone with the video frame input led to a six-fold

increase in training time compared to the counterpart without the backbone. Ad-

ditionally, the size and partitioning of the dataset also affect the training time.

AVEC2019 is the smallest in size because the dataset is originally partitioned by

the owner. Whereas MAHNOB-HCI is the largest because the LOSO partitioning

is employed, resulting in 23 times more data and training time.
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6.5 Ablation Study

Several questions are crucial to validate our LFAN. First, how to determine the

window, hop, and kernel size for the TCN? Second, is the visual modality a better

leader for our LFAN? And finally, is the LFAN a better fusion strategy than others?

To investigate, the AVEC2019 database with our newly partitioned validation and

test sets is used. Specifically, we use the validation set to determine the best

modality as the leader, as well as the window, hop, and kernel size. After which,

by using the best setting for our LFAN, we compare the test results using different

fusion strategies.

Table 6.1: The performance in CCC of our LFAN using different kernel, win-
dow, and hop sizes. The batch size is set to 2. The bold fonts denote the best
results.

Window size / hop size 60/40 120/80 180/120 240/160 300/200 360/240 420/280 480/320

Kernel size 3
Valence 0.592 0.601 0.608 0.601 0.591 0.602 0.598 0.604
Arousal 0.567 0.585 0.659 0.622 0.658 0.636 0.639 0.614
Mean 0.580 0.593 0.633 0.612 0.625 0.619 0.619 0.609

Kernel size 5
Valence 0.596 0.596 0.604 0.599 0.606 0.604 0.607 0.611
Arousal 0.578 0.650 0.678 0.650 0.688 0.662 0.670 0.676
Mean 0.587 0.623 0.641 0.625 0.647 0.633 0.639 0.644

Kernel size 7
Valence 0.591 0.593 0.594 0.590 0.590 0.596 0.590 0.591
Arousal 0.582 0.610 0.612 0.630 0.658 0.653 0.613 0.606
Mean 0.587 0.602 0.603 0.610 0.624 0.625 0.602 0.599

For the first experiment regarding the parameter settings for the window size, hop

size, and kernel size, we employed the grid search, with the result shown in Table

6.1. Note that the receptive field of the TCN is determined by Eq. 3.2. Therefore,

the actual receptive fields are 61, 121, and 181 when the kernel size k equals 3,

5, and 7, respectively. We see that, overall, when kernel size is 5, under the same

window and hop size, the mean CCCs are always higher than their counterparts.

Particularly, when window and hop size are 300 and 200, respectively, the highest

mean CCC is observed. The final parameter settings are listed in Table 6.3.

For the second experiment regarding the importance of leader modality, we compare

three different LFANs using the deep CNN, the VGGish, and mfcc feature as the

leader, respectively, as shown in Table 6.2. It is shown that the deep CNN feature is

the most expressive and secures the highest CCC when batch size is 1, 2, or 4. Our

LFAN achieves the highest mean CCC when the batch size is 1. The specification

of our LFAN is listed in Table 6.3.
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Table 6.2: The performance in CCC of our LFAN using different leaders and
batch sizes. The bold fonts denote the best results.

Batch size 1 2 4 8

Audio-leader (Vggish)
Valence 0.587 0.584 0.572 0.575
Arousal 0.599 0.649 0.639 0.625
Mean 0.593 0.617 0.606 0.600

Audio-leader (mfcc)
Valence 0.584 0.574 0.563 0.574
Arousal 0.671 0.663 0.641 0.610
Mean 0.628 0.619 0.602 0.592

Visual-leader (CNN)
Valence 0.614 0.606 0.599 0.594
Arousal 0.691 0.688 0.669 0.663
Mean 0.653 0.647 0.631 0.629

Table 6.3: The specification of LFAN. Our LFAN consists of M TCNs for
temporal modeling on the M modalities in parallel, and the leader-follower at-
tentive fusion block to fuse the M temporal encodings. I/O: input and output
size. Channel: the per-layer kernel number to define a TCN.

TCNs Leader-follower attentive fusion

Modality I/O Channel Module I/O

CNN 512 / 128 (256, 256, 128, 128) K encoder
From any output size of upstream TCNs to 32Vggish 128 / 64 (128, 128, 64, 64) Q encoder

mfcc 29 / 32 (32, 32, 32, 32) V encoder
Landmark 136 / 64 (128, 128, 64, 64)

Regressor
(a linear layer)

128+Mx32 / 1BERT 768 / 128 (256, 256, 128, 128)
EEG bandpower 192 / 168 (128, 128)

For the third experiment, we compare our LFAN against its variant with different

fusion strategies. Given the outputs from the M TCNs where each TCN belongs

to one modality, the following fusion strategies/blocks are employed. The first

one, termed CAT, is straightforward concatenation. The second one termed TCN

utilizes an extra TCN for fusion. The fusion TCN is fed by the concatenated

outputs of the per-modal TCNs. The third one, termed TLFAN, employs the

self-attention on the output of each modal, before feeding to the leader-follower

attentive block. It actually makes the LFAN attentive not only in the modal

direction but also in the temporal direction. The fourth one, termed as W/o

leader, employs only the follower feature, i.e., the co-attention feature A from Eq.

6.4 without the leader concatenation. The results are shown in Table 6.4.

It is seen that the highest CCC for valence is 0.652, produced by LFAN when the

deep CNN, Vggish, and mfcc features are used with a batch size of 1, while the

highest CCC for arousal is 0.626, produced by TLFAN using the three features with
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Table 6.4: The validation of the leader-follower attentive block in CCC. BS:
batch size. C: deep CNN feature. V: Vggish feature, M: mfcc feature, L: facial
landmark. The bold fonts indicate the best results.

Batch size 1

Modality Emotion CAT TCN TLFAN W/o leader LFAN

C+V
Valence 0.641 0.644 0.638 0.645 0.641
Arousal 0.554 0.541 0.607 0.612 0.625
Mean 0.598 0.593 0.623 0.629 0.633

C+M
Valence 0.612 0.624 0.627 0.609 0.63
Arousal 0.503 0.518 0.509 0.487 0.504
Mean 0.558 0.571 0.568 0.548 0.567

C+V+M
Valence 0.64 0.644 0.648 0.637 0.652
Arousal 0.544 0.533 0.571 0.621 0.625
Mean 0.592 0.589 0.610 0.629 0.639

Unimodal C: 0.613/0.516/0.565, V: 0.306/0.276/0.291, M: 0.108/0.148/0.128

Batch size 2

Modality Emotion CAT TCN TLFAN W/o leader LFAN

C+V
Valence 0.633 0.647 0.644 0.645 0.632
Arousal 0.549 0.542 0.608 0.61 0.622
Mean 0.591 0.595 0.626 0.628 0.627

C+M
Valence 0.609 0.611 0.613 0.616 0.609
Arousal 0.526 0.518 0.509 0.493 0.501
Mean 0.568 0.565 0.561 0.555 0.555

C+V+M
Valence 0.615 0.641 0.643 0.631 0.638
Arousal 0.54 0.537 0.626 0.609 0.622
Mean 0.578 0.589 0.635 0.620 0.630

Unimodal C: 0.606/0.508/0.557, V: 0.306/0.276/0.291, M: 0.108/0.152/0.130

Batch size 4

Modality Emotion CAT TCN TLFAN W/o leader LFAN

C+V
Valence 0.636 0.641 0.642 0.624 0.628
Arousal 0.592 0.587 0.541 0.53 0.623
Mean 0.614 0.614 0.592 0.577 0.626

C+M
Valence 0.607 0.626 0.602 0.601 0.612
Arousal 0.5 0.515 0.503 0.482 0.505
Mean 0.554 0.571 0.553 0.542 0.559

C+V+M
Valence 0.628 0.648 0.639 0.621 0.639
Arousal 0.573 0.548 0.535 0.54 0.618
Mean 0.601 0.598 0.587 0.581 0.629

Unimodal C: 0.613/0.512/0.563, V: 0.297/0.277/0.287, M: 0.099/0.133/0.116

Batch size 8

Modality Emotion CAT TCN TLFAN W/o leader LFAN

C+V
Valence 0.633 0.636 0.632 0.599 0.63
Arousal 0.581 0.575 0.532 0.511 0.574
Mean 0.607 0.606 0.582 0.555 0.602

C+M
Valence 0.607 0.62 0.603 0.583 0.616
Arousal 0.497 0.515 0.502 0.497 0.501
Mean 0.552 0.568 0.553 0.540 0.559

C+V+M
Valence 0.623 0.642 0.617 0.608 0.634
Arousal 0.521 0.534 0.519 0.506 0.614
Mean 0.572 0.588 0.568 0.557 0.624

Unimodal C: 0.602/0.512/0.557, V: 0.300/0.281/0.291, M: 0.100/0.129/0.115
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a batch size of 2. Overall, LFAN achieves the highest mean CCC of 0.639, when

the batch size is 1. Comparing the results from modalities C+V against those from

C+V+M, we can observe that the concatenation, TCN, TLFAN, and partly of w/o

leader (when batch size equals 1 and 2) have a slight drop, which implies that they

are unable to complement the three features for a gain. The results from modalities

C+M are outperformed by those from the other two combinations suggesting that

these two modalities alone are sub-optimal for CER. Comparing the results from

TCN fusion against those from our LFAN, we can see that for valence prediction,

the TCN fusion can produce comparable results. For example, for modalities C+V,

TCN fusion beats our LFAN in all four batch size settings. It is outperformed by

LFAN when it goes to arousal prediction or the three modalities scenario. It

suggests that our LFAN can maintain a reliable performance on the two emotional

dimensions. Comparing the results from TLFAN against our LFAN, we see that

the temporal attention cannot bring gains over the LFAN but even degrades it,

especially for arousal prediction when batch size equals 4 or 8. Comparing the

results from w/o leader against our LFAN, we can see that except for the modalities

C+M with batch size 2, there is always a gain in mean CCC for all the scenarios,

which proves the importance of emphasizing the leading visual feature.

6.6 Results and Analysis

In this section, we report results on AffWild2 and MAHNOB-HCI databases.

6.6.1 Results on AffWild2

The results come from our attempt at the ABAW3 contest, in which we utilized

the CNN, Vggish, and BERT features. As we mentioned before, we carried out the

6-fold cross-validation to make full use of the data and submitted the results from

the original partition (fold 0) and three other folds with the best validation CCC,

as shown in Table 6.5. The highest CCCs from all the participators are listed for

comparison, as shown in Table 6.6.

In TRM [145], the visual and audio modalities, including the facial expression,

eGeMAPS [41], ComParE [195], VGGish [42] and the wav2vec2.0 [43] are extracted.
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Table 6.5: The CCC results from the 6-fold cross-validation on the valida-
tion and test sets. Fold 0 is exactly the original data partitioning provided by
ABAW3. Since 5 submissions are allowed, there are no test results on Fold 2
and 3.

Emotion Partition Method Fold 0 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Valence
Validation

Baseline 0.310 − − − − −
Ours 0.450 0.559 0.469 0.531 0.539 0.448

Test
Baseline 0.180 − − − − −
Ours 0.490 0.520 − − 0.479 0.511

Arousal
Validation

Baseline 0.170 − − − − −
Ours 0.651 0.671 0.564 0.562 0.631 0.618

Test
Baseline 0.170 − − − − −
Ours 0.584 0.602 − − 0.580 0.587

Table 6.6: The overall test results in CCC on AffWild2 database. The bold
fonts indicate the best results. The highest CCCs from all the participators are
listed.

Method Modality Valence Arousal Mean

TRM [145] V+A 0.606 0.596 0.601
Ours V+A+L 0.520 0.602 0.561
Nguyen et al. [142] V 0.450 0.445 0.448
Savchenko [191] V 0.417 0.454 0.436
Karas et al. [192] V+A 0.418 0.407 0.413
JCA [193] V+A 0.374 0.363 0.369
Zhang et al. [194] V+A+L 0.300 0.244 0.272
Baseline [158] V 0.180 0.170 0.175

The features from different modalities are concatenated and fed to a linear layer,

after which a transformer encoder is employed to learn the temporal dependencies

before prediction using a fully connected layer. In Nguyen et al. [142] [only utilized

the facial expression] the extracted deep appearance features are fed to a GRU block

[196] and transformer block [52] in parallel. They are then concatenated and sent to

another GRU module, followed by the temporal attention operation. In Savchenko

[191], the embeddings and scores from the visual backbone are directly used to

predict valence and arousal through two fully connected layers. In Karas et al.

[192], a 2D CNN and a 1D CNN are used to extract the visual and audio features,

after which the features are fused using the cross-modal attention [138], followed

by another temporal attention, before feeding to the fully connected layers. In

Praveen et al. [193], several backbones such as the I3D [197], R3D [198] and fusion

strategies, such as concatenation and cross-attention [199], are explored.
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Table 6.7: The comparison results in CCC of our LFAN against unimodal
counterpart [4] on MAHNOB-HCI database. The bold fonts indicate the best
values. C: deep CNN feature. E: EEG band power. L: facial landmark.

Modality
LOSO TRS

Validation Test Validation Test

C 0.785±0.054 0.679±0.188 0.794±0.061 0.747±0.080
E 0.512±0.107 0.382±0.252 0.527±0.125 0.442±0.150
L 0.613±0.112 0.482±0.277 0.607±0.085 0.535±0.159
C+E 0.800±0.050 0.684±0.190 0.814±0.049 0.761±0.088
C+L 0.792±0.048 0.592±0.182 0.806±0.055 0.751±0.087
C+E+L 0.782±0.057 0.683±0.191 0.802±0.053 0.750±0.093

The gap of our LFAN against Situ-RUCAIM3 [145] in the valence dimension might

be due to the following facts. First, the backbone of Situ-RUCAIM3 was pretrained

using combined 2D facial image databases, including the AffectNet [200], RAF-DB

[201], and FER+ [188], whereas we used the latter only. Second, the visual input

of Situ-RUCAIM3 is of 112 × 112 resolution, and the sampling window length is

250. Compared to the input fed to IFAN, which is 40× 40× 300 dimensional, the

larger image size conveys more details by which the backbone could extract more

accurate visual encoding, though it requires over 6.5 times of VRAM and is only

practical with multiple GPUs. Nguyen et al. [142] utilized only the visual modality.

Savchenko [191] only used visual-spatial embeddings and scores to predict, without

considering the temporal dependencies.

6.6.2 Results on MAHNOB-HCI

We compare the results of LFAN against our previous work [4], which employed

unimodal input, i.e., the deep CNN features and EEG band power from MAHNOB-

HCI for CER. Note that to carry out a fair comparison, the numbers of epochs for

training are set to 30 for both methods and trained from scratch. The results are

listed in Table 6.7.

We can see that when only one modality is inputted, the CNN feature could achieve

the best results in both the LOSO and TRS scenarios. When it comes to two modal-

ities, the CNN combined with EEG features secured the first place, whereas the

employment of the landmark feature could deteriorate the performance in LOSO
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compared to that of the standalone CNN feature. Adding the landmark as the

third modality could yield no improvement over the CNN+EEG instance.

It can also be seen that, generally, results from TRS scenarios outperformed those

from the LOSO counterparts. It is understandable since the random shuffling em-

ployed by TRS would split the data from the same subject to training, validation,

and test sets. Compared to the cross-subject data, its counterpart from the same

subject has greater consistency. The model trained in this manner has actually

seen the test data to some extent and would inflate the test performance.

6.6.3 Visualization

A qualitative evaluation is carried out to reveal the importance of cross-modal

attention. Two representative trials, i.e., 127-30-1280x720 and video87 from the

validation set of the AffWild2 databases, are chosen. The two trials are represen-

tative because they both refer to situations where relatively mild facial expressions

concurred with strong audio/linguistic cues, i.e., through loud voice, emotional vo-

cal speech, or both, which could be good indicators of high arousal. We take the

deep CNN features as the visual cues (V), Vggish features the audio cues (A), and

BERT features the linguistic cues (L). They are fed to the trained LFAN for arousal

prediction. Meanwhile, the unimodal variant, which utilizes only CNN features is

employed for comparison. The intermediate attention matrix A from Eq. 6.4 is

visualized. Note that the dimension of A is M ×M × T , where T denotes the

sequence length of the input and M denotes the number of modalities we utilized.

Therefore we have A ∈ R3×3×T in this experiment. To visualize A we reshaped

it to R9×T so that taking adjacent three rows as a group, the first, second, and

third groups represent the extent to which V, A, or L looks to the three modal-

ities, respectively. The visualization, as shown in Fig. 6.2, is limited to several

representative windows for clarity.

In 127-30-1280x720, our LFAN achieved the CCC of 0.506, which outperformed the

unimodal counterpart with the CCC of 0.349. In window a and b, the predictions

of LFAN are of stronger consistency with the labels. The V modality, i.e., the first

three rows of its attention map, has a greater weight towards the L modality, as

indicated in row V→L, compared to row V→ V and V→A. Even greater favor can

be observed for row A→L and L→L. In short, LFAN downplayed the V modality in
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Figure 6.2: The attention maps from LFAN for two representative trials. In this
experiment, we fed the deep CNN features (V), the Vggish features (A), and the
BERT features (L) to LFAN. And the V modality was fed to the unimodal variant
for comparison. The first two line graphs are the visualization of the prediction
and labels for the two trials. The attention maps below correspond to the selected
windows from the line graphs. It is the visualization of ARM×M×T , where T
denotes the sequence length of the input andM denotes the number of modalities
we utilized. Since the V, A, and L modalities were utilized, and T was limited
to 50 through windowing, we have A ∈ R9×50 for each attention map. Taken
adjacent three rows as a group, the first, second, and third groups represent to
what extent does V, A, or L looks to the three modalities, respectively.

window a and b, by which it achieved a greater consistency with the label than that

from its unimodal variant. As for Window c, both two methods yielded almost the

identity prediction. And its attention map shows that LFAN paid more attention

to the V modality. Specifically, the first three rows and row A→V and L→V

are all much brighter than the counterpart from the other two windows. Such a

misjudgment degraded the performance of LFAN. In video87, our LFAN achieved

the CCC of 0.607, which outperformed the unimodal counterpart with the CCC of

0.392. From the attention map of the three windows, we can see that the A and L

modalities own higher priority from IFAN.

6.7 Discussion and Conclusion

CER aims to map a subject’s sequential recordings to the sequential outputs in

a real-valued space axed by valence and arousal. Two challenges hinder the de-

velopment of a reliable CER deep learning model. The first challenge is how to

model the temporal dynamics of the emotion cue. Unlike emotion classification,



Chapter 6. Multimodal CER through Leader-follower Attentive Fusion 111

where a trial is labeled categorically, in CER the emotion cue at a specific time

step is the effect of the emotional roller coaster over all the previous steps. Thus,

it is crucial to consider the temporal dynamics of the sequential cues in order to

predict reliably. The second challenge is how to counter the nontrivial subject bias

and preserve the model generality across subjects. The emotion process involves

a great number of factors ranging from an individual’s physiological status, expe-

rience, and mood, to cultural/moral influence, resulting in a large subjective bias

and degenerating the representation learning.

We use a large resampling window and multimodal fusion to counter the two chal-

lenges. Unlike previous methods that consider only about 100 sampling points and

below, we take 300 sampling points as an example and feed them to the TCN for

temporal modeling. With the dilated convolutional kernel and stacked residual

blocks, the TCN is capable of looking very far into the past to make a prediction.

Emotions are dynamic and evolve over time, and capturing these temporal dy-

namics is important for accurate and robust emotion recognition. By feeding the

network with a long sequence, the model can learn how the emotional state changes

over time. In addition, the temporal context can help to disambiguate ambiguous

emotional states that may be difficult to recognize based on a narrower context.

For example, a person may exhibit a neutral facial expression, but the preceding or

following emotional states may provide additional information that helps to identify

the emotional state more accurately. Also, by learning the temporal dynamics from

a broader context, the model can improve its ability to predict future emotional

states. This can be particularly useful in applications such as affective computing

or human-robot interaction, where it is important to predict the emotional state

of a person in real-time and adapt the system’s behavior accordingly.

As for the multimodal fusion, It follows the assumption that incorporating multi-

modal data would yield superior predictions than that from unimodal data, thanks

to the complementary nature among different modalities. The visual modality

can provide information about facial expressions, body language, and visual cues

related to the emotional state. The audio modality can capture tone of voice,

intonation, and other auditory cues related to emotions. The linguistic modality

can provide information about the content of speech, such as sentiment or emo-

tional content. The physiological modality can capture neural, physiological, or
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biochemical signals associated with emotional states. By combining these modal-

ities, the model can capture more comprehensive and nuanced information about

the emotional state than any single modality alone. However, the combination of

modalities can also be challenging, as different modalities may have different levels

of importance or relevance at different time steps. This is where the proposed

fusion module comes into the picture.

We proposed the leader-follower attentive fusion block, which combines the learned

encodings using the cross-modal co-attention mechanism and yields the cross-modal

encoding. To emphasize the dominant visual modality, which we believe in having

the strongest correlation with the label, the visual encoding outputted by the

visual TCN is taken as the leader and is concatenated to the cross-modal encoding.

The attentive module works by assigning weights to each modality based on its

relevance to the emotional state at a particular time step. This allows the model to

selectively focus on the most informative modality, while downweighting or ignoring

less informative modalities. By attending to the most relevant modality, the model

can effectively leverage the strengths of each modality and improve the accuracy

of the combined model.

By using the AVEC2019 database, we investigated different settings regarding the

window, hop, and kernel size. The results suggested that by using a kernel size of

5, a window of 300, and a hop size of 200, our LFAN could produce the highest

mean CCC. We showed that the visual modality plays an important role as the

leader modality. We also tested the superiority of LFAN over other fusion strate-

gies, including by i) the direct concatenation, ii) an extra TCN, iii) the cross-modal

encoding without the visual leader, and iv) the LFAN with temporal self-attention.

Overall, our proposed LFAN achieved superior performance against all other vari-

ants. Experiments using the MAHNOB-HCI and AffWild2 databases showed that

our LFAN could produce promising results when compared to state-of-the-art meth-

ods.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

The primary objective of this thesis is to enhance continuous emotion recognition

(CER) by utilizing multi-modality. Two significant challenges need to be addressed

to achieve this objective, which are learning the long-range temporal dynamics of

emotion information and preserving the cross-subject generality. These challenges

are essential to handle human emotion, which is an ongoing event with temporal

continuity and subject variability. The thesis explores three different directions to

address these challenges, and their consolidated view is illustrated in Fig. 7.1.

113
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Figure 7.1: The flowchart of the thesis. UCER: unimodal continuous emotion recognition. LC: label correction. CKD: cross-modal
knowledge distillation. LFAN: leader-follower attentive network.
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In Chapter 3, we proposed a deep neural network for unimodal CER, which employs

the temporal convolutional network (TCN) for long-range temporal modeling. Our

model features dilated and casual convolutional kernels, along with stacked residual

blocks, allowing it to make predictions by looking far into the past. The large

resampling window, which contains more time steps (e.g., 96 points for EEG band

power data and 300 for video frames), increases global expressiveness and is favored

by long-range temporal modeling. This approach also improves generality as longer

sequences limit the total batch numbers and updating frequency of the optimizer.

Our experimental results demonstrate that the proposed unimodal CER model

outperforms baseline methods on RMSE, PCC, and CCC for both TRS and LOSO

scenarios. In addition, we visualized the contribution of each brain lobe and EEG

band towards the emotion process and found that all four lobes can be active on

the six bands, with the β2 and γ bands (18-30Hz and 30-45Hz) contributing the

most to the human emotion process compared to other bands.

Chapter 4 describes our efforts to enhance the deep learning-based emotion classi-

fication accuracy by utilizing discretized continuous emotion annotations for model

training. To achieve this, we designed a thresholding scheme that converted the

continuous real values into three-class categorical labels. As the continuous labels,

which were annotated based on the subjects’ facial expressions, carried information

from the visual modality, this scheme was equivalent to incorporating visual infor-

mation into the training process. We used facial landmark and EEG average band

power as inputs for the visual and EEG modalities, respectively, and compared the

emotion classification accuracy with and without the discretized emotion traces.

Results showed that applying the thresholding scheme improved the classification

accuracy of the EEG modality by approximately 3%, with accuracies of 51.9% and

54.96% before and after the scheme, respectively. However, the visual modality

achieved 53.78% accuracy without the scheme, and applying the scheme did not

lead to any improvement. Our findings suggest that the gain in EEG modality

accuracy may be due to the incorporation of visual information into the artificial

categorical labels.

In Chapter 5, we investigated the potential of cross-modal knowledge distillation

(CKD) for improving the performance of EEG-based CER by leveraging the visual

modality. CKD is a promising approach for addressing the limitations of EEG, such

as low information-to-noise ratio and subject bias, by utilizing the complementarity
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of visual cues that have a high spatial resolution and cross-subject generality. The

teacher and student models were trained on the visual and EEG modalities, respec-

tively, and the temporal embeddings from the trained teacher were used as dark

knowledge. To fit the knowledge between the teacher and student, the L1 loss was

employed, and the student’s prediction was fitted onto the continuous labels using

the concordance correlation coefficient (CCC) loss. Experimental results showed

that the proposed CKD approach significantly improved the performance of the

student model on root mean square error (RMSE), Pearson correlation coefficient

(PCC), and CCC compared to the student model without CKD.

Lastly, in Chapter 6, we leveraged multimodal complementarity through intermedi-

ate feature fusion. In addition to the temporal modeling discussed in Chapter 3, we

addressed cross-subject generality by combining the multimodal emotion cue us-

ing our proposed leader-follower attentive network (LFAN). Our LFAN first learns

the per-modality long-term dependencies and then combines the learned encodings

using the cross-modality co-attention mechanism, with the visual modality as the

leader concatenated to the fused encoding. The LFAN achieved runner-up and

in the ABAW3 [158] challenge and was expanded with extensive ablation stud-

ies and experiment comparisons on the AVEC2019 [76] and MAHNOB-HCI [2, 3]

databases. The results showed that our LFAN achieved promising results compared

to state-of-the-art methods.

Finally, in Chapter 6, we exploit the multimodal complementarity through inter-

mediate feature fusion. In addition to the temporal modeling we addressed in

Chapter 3, the cross-subject generality was dealt with by combining the multi-

modal emotion cue using the proposed leader-follower attentive network (LFAN).

Our LFAN aims to learn the per-modality long-term dependencies first and then

combine the learned encodings using the cross-modality co-attention mechanism.

The fusion takes the visual modality as the leader, which is concatenated to the

fused encoding. The proposed LFAN won the 2nd and 3rd places in the ABAW3

[158] and ABAW5 [202] challenges. It was expanded with abundant ablation stud-

ies and experiment comparisons on the AVEC2019 [76] and MAHNOB-HCI [2, 3]

databases. The results showed that our LFAN achieved promising results against

state-of-the-art methods.
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7.2 Limitation and Future Work

The proposed works have the following limitations.

7.2.1 Multitask Learning

The current works overlook the possibility of utilizing shared representations learned

from a collection of related tasks for performance improvement. Multitask learning

(MTL) reflects the learning process of human beings. A human baby learning to

walk does not only acquire the skill of walking itself, but also accumulates general

motor skills for balance and intuitive physics. The learned knowledge can benefit

him/her anytime when it is required to learn more complex motor tasks. However,

in the current works, the networks only carry out task learning one at a time.

In the context of CER, several tasks are available for MTL, considering that the

data annotations are provided as basic emotions, facial action units, continuous

valence, and arousal traces. It is observed that there is relatedness among different

emotion cues. For example, the seminal work [203] found that there is a statistical

relationship between categorical (basic and compound) emotions and facial action

units. And in [204], the authors utilized such relatedness to address the missing

labels on MTL and further boost the model performance on CER. And in [122],

the authors generated missing labels based on empirical statistics within several

databases and improved the CER performance over the single-task counterpart.

The experiments in [205] found that the valence and arousal manifested a V-shaped,

asymmetric relation. It means that the more valence a person feels, the higher level

of arousal he or she will experience, and vice versa.

In sum, utilizing the MTL on CER can increase the data availability and efficiency,

and thus further improve the performance against the single-task counterpart. It

is interesting to expand our work with MTL.
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7.2.2 Training Calibration

In Section 2.7, we have discussed the differences among RMSE, PCC, and CCC.

RMSE suffers from unboundedness and convexity and fails to capture the correla-

tion of the vector being measured. PCC fails to distinguish between linearity and

identity, which means that the PCC of two overlapped vectors is the same as that

from the same vectors having an offset. CCC overcomes the inferiors and is capa-

ble to penalizes deviation from the identity relationship, and has drawn increasing

interest in the CER community.

However, we argue that the CCC loss (ρc) formulated in Eq. 3.4 may not be the

optimal choice to supervise the sequence learning of CER. One reason is the ex-

pensive computation. Computing ρc necessitates the computations of the standard

deviations, covariance, and mean between the sequential prediction and labels,

and latter operations such as squaring summing, and the division, let alone the

derivative for back-propagation. Another reason is the insufficient point-to-point

calibration. Given the sequential predictions and labels, our goal is to fit the former

onto the latter. Usually, the deviation between the i-th points from them is varied.

Intuitively, the points from the prediction having a greater deviation towards their

corresponding labels are ”hard” examples, which require stronger supervision. And

weaker supervision is needed for ”easy” examples. This follows the same idea of

the focal loss [206] in the area of object detection.

There are two possible improvements on ρc. The first one seeks to simplify it to

a form that is computational-friendly. In [207], the authors proposed a set of loss

functions that can achieve sequence learning and be the alternatives to CCC loss.

Another one seeks to combine multiple loss functions in a random manner, such as

the shake-shake regularization [208]. In [209] the authors use a compound of RMSE,

PCC, CCC and the sign agreement with the shake-shake regularization. Doing so

utilizes the advantages of each loss function and also alleviates the over-fitting.

Moreover, we are also interested to design a focal version of ρc that emphasizes

hard example learning.
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7.2.3 Uncertainty

The current works did not take the emotion uncertainty into consideration. The

issue of uncertainty dwells in several perspectives, including emotion categorization,

emotion quantification, and multimodal fusion.

7.2.3.1 Emotion categorization

The hypothesis for emotion understanding that is widely accepted claims that each

basic emotion has uniquely identifiable facial expressions that are universal across

human cultures [53], on which the current works were based. However, a grow-

ing number of theoretical frameworks hypothesize that people express instances of

emotion in situation-specific ways. Multiple types of context, including the external

environment and internal status, could influence the facial movement for emotion

expression. As a result, there exist intra-category variation and inter-category

similarity. The intra-category variation refers to the differences for every person to

express the same emotion, while the inter-category similarity refers to the similar-

ities among different emotion expressions. Based on the above context-sensitivity

hypothesis, however, it is problematic to label the emotion into a specific category.

Yet many facial expression databases (e.g., FER2013 [210], AffectNet [200] and

RAF-DB [211]) have done so, which cause the mislabelled annotation, degraded

data quality, and deteriorate the recognition credibility.

Methods to account for the uncertainty of this topic include the following. She et al.

[212] proposes proposed an auxiliary multi-branch learning framework to discover

the label distribution of samples, and an elaborate uncertainty estimation module

to reflect the ambiguity extent of paired samples. Zhang et al. [213] proposed

relative uncertainty learning. It is based on the relative difficulty and feature

mixup of samples. The uncertainty acts as weights to mix different facial features,

encouraged by an add-up loss. Wang et al. [214] suppressed the uncertainty using

a self-attention mechanism, a ranking regularization, and a relabeling scheme. The

self-attention is applied across the mini-batch to weight each training sample so

that the uncertain examples are assigned low weights. The ranking regularization

splits the weights into two groups and forces a margin between their average. The

relabeling module would modify the label if the maximum predicted probability

of the sample exceeds the threshold. Some works also discard the deterministic
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nature of deep neural network learning and resort to a random process, including

Gaussian process [215], affective process [135, 216], and neural process [217, 218].

7.2.3.2 Emotion quantification

The dimensional emotion annotation process depends heavily on human annota-

tors. It is carried out as follows. The annotation tool such as the FeelTrace [219] is

used, which allows annotators to watch the subjects’ recordings move their cursor or

joystick within the 2D valence-arousal dimensional space to quantify the emotional

state of the subject. Usually, four to six annotators are employed to conduct the

annotation, and the ”final” annotation is determined by a certain type of averaging

method, such as the CCC-centering [74–76], estimator weighted evaluator (EWE)

[220], dynamic time warping barycentre averaging (DBA) [221], generic-canonical

time warping (GCTW) [222], and rater aligned annotation weighting (RAAW)

[141]. The fused annotation is coined as gold-standard. It is challenging to achieve

inter-annotator agreement in dimensional emotion analysis [223] due to varied re-

action delays [86] and personal bias among the human annotators. Methods dealt

with reaction delays [89], personal bias [109], and inter-annotator agreement [141]

are reported.

7.2.3.3 Multimodal Fusion

It is generally expected and accepted that incorporating multimodal information

should produce improvement in CER over the unimodal counterpart. However,

it may not always be true. Though impressive improvement is seen, negligible or

null improvements [224, 225] and even negative effects [226, 227] are also reported.

Though we have employed cross-modal co-attention to enhance the feature fusion,

there is still considerable ground to be covered to counter such downsides.

Evaluating modality-wise uncertainty/confidence and weighting each modality ac-

cordingly has been a classic machine learning topic before the advent of the deep

learning era. It is intuitive to pay more attention to the confident modality while

downplaying the uncertain ones. The kernel entropy component analysis [228],

multi modal-hidden Markov models [229] are two of the conventional methods in
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this topic. As for the deep learning-based methods, Subedar et al. [230] uti-

lize Bayesian networks for uncertainty-aware audiovisual fusion. Tian et al. [231]

fused the softmax scores from CNNs to avoid the degradation jeopardizing the mul-

timodal fusion. Tellamekala et al. [144] proposed the calibrated and ordinal latent

distribution fusion. It learns the latent distribution of the per-modality encodings

and then constrains their variance so that the encodings can better represent the

information for recognition. The modality-wise uncertainty scores are capable of

indicating the difference between the sequential ground truth and the predictions.





List of Author’s Publications

Awards

� 2nd place, “Valence-Arousal Estimation Challenge,” The 3rd Workshop and

Competition on Affective Behavior Analysis in-the-wild (ABAW3).

� 3rd place, “Valence-Arousal Estimation Challenge,” The 5rd Workshop and

Competition on Affective Behavior Analysis in-the-wild (ABAW5).

Journal Articles

� Su Zhang, Chuangao Tang and Cuntai Guan, “Visual-to-EEG cross-modal

knowledge distillation for continuous emotion recognition,” Pattern Recogni-

tion (2022): 108833.

� Su Zhang, Wanjing Zhao, Xuying Hao, Yang Yang, and Cuntai Guan, “A

context-aware locality measure for inlier pool enrichment in stepwise image

registration,” IEEE Transactions on Image Processing (2019): 4281-4295.

� Yi Ding, Robinson Neethu, Su Zhang, Qiuhao Zeng, and Cuntai Guan,

“Tsception: Capturing temporal dynamics and spatial asymmetry from EEG

for emotion recognition,” IEEE Transactions on Affective Computing (2022):

1-1.

� Su Zhang, Yi Ding, Chuangao Tang and Cuntai Guan, “Leader-follower

Attentive Network for Continuous Emotion Recognition,” Submitted to IEEE

Transactions on Affective Computing.

123



124 List of Author’s Publications

Conference Proceedings

� Su Zhang, Yi Ding, Ruyi An and Cuntai Guan, “Continuous Emotion

Recognition using Visual-audio-linguistic information: A Technical Report

for ABAW3,” in IEEE/CVF Conference on Computer Vision and Pattern

Recognition (Workshop), 2022.

� Su Zhang, Yi Ding, Ziquan Wei and Cuntai Guan, “Continuous emotion

recognition with audio-visual leader-follower attentive fusion,” in IEEE/CVF

Conference on Computer Vision (Workshop), 2021.

� Su Zhang and Cuntai Guan, “Emotion recognition with refined labels for

deep learning,” in 42nd Annual International Conference of the IEEE Engi-

neering in Medicine Biology Society (EMBC), 2020.



Bibliography

[1] Xiao Bai, Xiang Wang, Xianglong Liu, Qiang Liu, Jingkuan Song, Nicu Sebe,
and Been Kim. Explainable deep learning for efficient and robust pattern
recognition: A survey of recent developments. Pattern Recognition, 120:
108102, 2021. xix, 55

[2] Mohammad Soleymani, Jeroen Lichtenauer, Thierry Pun, and Maja Pantic.
A multimodal database for affect recognition and implicit tagging. IEEE
Transactions on Affective Computing, 3(1):42–55, 2011. xx, 24, 26, 27, 48,
56, 62, 63, 66, 72, 80, 87, 98, 116

[3] Mohammad Soleymani, Sadjad Asghari-Esfeden, Yun Fu, and Maja Pantic.
Analysis of eeg signals and facial expressions for continuous emotion detec-
tion. IEEE Transactions on Affective Computing, 7(1):17–28, 2015. xx, 5,
26, 27, 28, 48, 49, 50, 51, 56, 63, 64, 66, 67, 80, 87, 92, 98, 100, 101, 116

[4] Su Zhang, Chuangao Tang, and Cuntai Guan. Visual-to-eeg cross-modal
knowledge distillation for continuous emotion recognition. Pattern Recogni-
tion, page 108833, 2022. xxv, 43, 75, 92, 101, 108

[5] Michel Cabanac. What is emotion? Behavioural Processes, 60(2):69–83,
2002. 1

[6] Randolph R Cornelius. Theoretical approaches to emotion. In ISCA Tutorial
and Research Workshop (ITRW) on Speech and Emotion, 2000. 1, 14, 16

[7] Elwin Marg. Descartes’error: emotion, reason, and the human brain. Op-
tometry and Vision Science, 72(11):847–848, 1995. 2

[8] Leda Cosmides and John Tooby. Evolutionary psychology and the emotions.
Handbook of Emotions, 2(2):91–115, 2000. 2

[9] John Tooby and Leda Cosmides. The evolutionary psychology of the emotions
and their relationship to internal regulatory variables. 2008. 2

[10] Kathleen Ries Merikangas, Jian-ping He, Marcy Burstein, Sonja A Swanson,
Shelli Avenevoli, Lihong Cui, Corina Benjet, Katholiki Georgiades, and Joel
Swendsen. Lifetime prevalence of mental disorders in us adolescents: results
from the national comorbidity survey replication–adolescent supplement (ncs-
a). Journal of the American Academy of Child & Adolescent Psychiatry, 49
(10):980–989, 2010. 3

125



126 BIBLIOGRAPHY

[11] Rajendra Kale. The treatment gap. Epilepsia, 43:31–33, 2002. 3

[12] M Thirunavukarasu. Closing the treatment gap. Indian Journal of Psychia-
try, 53(3):199, 2011. 3

[13] David G Myers. Psychology, 2004. 4, 57, 79, 90

[14] Tom Hollenstein. This time, it’s real: Affective flexibility, time scales, feed-
back loops, and the regulation of emotion. Emotion Review, 7(4):308–315,
2015. 4, 5
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