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Human emotion perception is a part of affective computing, a branch of computing
that studies and develops systems and devices that can recognize, interpret, process,
and simulate human affects. Research in human emotion perception, however, has been
mostly restricted to psychology-based literature which explores the theoretical aspects of
emotion perception, but does not touch upon its practical applications. For instance,
human emotion perception plays a pivotal role in an extensive array of sophisticated
intelligent systems, encompassing domains such as behavior prediction, social robotics,
medicine, surveillance, and entertainment. In order to deploy emotion perception in these
applications, extensive research in psychology has demonstrated that humans not only
perceive emotions and behavior through diverse human modalities but also glean insights
from situational and contextual cues.

This dissertation not only enhances the capabilities of existing human emotion percep-
tion systems but also forges novel connections between emotion perception and multimedia
analysis, social media analysis, and multimedia forensics. Specifically, this work introduces
two innovative algorithms that revolutionize the construction of human emotion percep-
tion models. These algorithms are then applied to detect falsified multimedia, understand

human behavior and psychology on social media networks, and extract the intricate array



of emotions evoked by movies.

In the first part of this dissertation, we delve into two unique approaches to advance
emotion perception models. The first approach capitalizes on the power of multiple
modalities to perceive human emotion. The second approach leverages the contextual
information, such as the background scene, diverse modalities of the human subject,
and intricate socio-dynamic inter-agent interactions. These elements converge to predict
perceived emotions with better accuracy, culminating in the development of context-aware
human emotion perception models.

In the second part of this thesis, we forge connections between emotion perception
and three prominent domains of artificial intelligence applications. These domains include
video manipulations and deepfake detection, multimedia content analysis, and user be-
havior analysis on social media platforms. Drawing inspiration from emotion perception,
we conceptualize enriched solutions that push the conventional boundaries and redefine
the possibilities within these domains.

All experiments in this dissertation have been conducted on all state-of-the-art emotion
perception datasets, including IEMOCAP, CMU-MOSEI, EMOTIC, SENDv1, MovieGraphs,
LIRIS-ACCEDE, DF-TIMIT, DFDC, Intentonomy, MDID, and MET-Meme. In fact, we
propose three additional datasets to this list, namely GroupWalk, VideoSham, and In-
tentgram. In addition to providing quantitative results to validate our claims, we
conduct user evaluations where applicable, serving as a compelling testament to the re-

markable outcomes of our experiments.
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Chapter 1

Introduction

Prior work de nes emotion perception as the ability to appreciate the emotion informa-
tion conveyed by the face, body posture, voice, and contextual information, allowing us
to adapt and properly respond to environmental situatiomhi et al. 2022) Relatedly,
a ective computing, a term coined by Dr. Rosalind Picard at MIT, entails developing
technologies that can understand, interpret and respond to human emgtigasnd W.
Picard 1995) Moreover, emotion perception is an important aspect of social cognition
and is essential for successful communication and interpersonal relationships. Recogniz-
ing and understanding perceived human emotions of others comes naturally to humans,
as humans are socially-aware. The overall goal of a ective computing is to impart these
human emotion recognition capabilities to machines so that human-machine interaction
may feel mor@aturalin the same way as human-human interactions do. This is becoming
increasingly important given the rise in the number of ways in which humans interact with
machines via phones, computers, and smart appliances. is a challenging enough task for
humans, let alone machines, due to the complexity and variability of emotions and their
expressions.

Furthermore, emotion perception has already penetrated into multiple aspects of our

daily lives. For instance, in the ongoing quest to make a smart assistant, there is a ood of



emotion-equipped avatars and chatbots in the market. Amazon is making (Atexaski

2019) better understand the humans with whom it interacts by scanning people's voices
for signs of emotions. Similarly, ElliQ rob@tarchese 2022)has been developed which
addresses the problem of loneliness and lack of social activity among ageing adults. It
uses speech, lighting, sound, images and movement to convey emotion and support.

Emotion perception ideas are also nding applications in digital health. For instance,
one speci ¢ use case is in designing specialized teaching methodologies for Autistic chil-
dren (Haber, Voss, and Wall 2020; Hebden 2015Children with autistic spectrum disorders
often struggle to recognize and express emotions, making it di cult to behave appropri-
ately in social situations. They are also being deployed to provide mental health therapy
for people su ering from Alzheimer's disease; by o ering personalized, Al-curated playlists
of songs designed to help alleviate symptoms of depression, anxiety, stress, burnout, and
other neurocognitive conditiorisngus 2022; Labbe 2022)

Another interesting use case is the use of Emotion Al for driving applications; to mon-
itor the driver's life signs and mental stress in real time in an e ort to ensure driving
safety (McManus 2017; Times 2022) Emotion recognition can also be used to predict cus-
tomer behavior, improve customer experience, and increasgdaleslien, Machleit, and
Kleine 1992; Denham et al. 2000)in social and cultural domains, emotion recognition can be
used to synthesize and animate digital characters and avatars, enabling more realistic and
engaging communicatioffoth et al. 2016; Heidicker, Langbehn, and Steinicke 201 Bmotion
recognition is also relevant in the elds of social robotics, where robots can recognize and
respond to human emotions in real-time, creating more personalized and engaging inter-
actions(Bauer et al. 2009; Narayanan et al. 2020Emotion recognition has critical implications
in the eld of surveillance, where it can be used to detect and prevent criminal activity,
identify potential threats, and improve securijtyavel et al. 2008a; Clavel et al. 2008b)In
the domain of digital teaching and counseling, emotion recognition can be used to per-

sonalize and enhance the learning and counseling experience, improving the e ectiveness



of therapy and educatiofBaur et al. 2013; Jamy Li et al. 2016)

Emotion perception is an interdisciplinary research area and involves contributions from
all elds such as psychology, computer science and social sciences. In psychology, emotion
perception involves the study of how people recognize and interpret emotional experiences.
The earliest study in emotion perception dates back to the 1920s, when for the rst time
researchers showed images of faces of people to gather the perceived emotion labels. This
was shortly followed by Basic Emotions Theory proposed by Paul Ekman. The theory
suggested that there are six universal emotions that can be recognized across cultures:
happiness, sadness, anger, fear, disgust, and su¢priseman 1971) This is till date
a very common emotion label taxonomy used. Subsequently, there have been multiple
other theories that have been proposed to explain how humans process erafions
1980; LeDoux 1998) In the 2000s another theory, the theory of constructed emotion was
proposed which suggested that emotions are not 6 discrete categaries, Mesquita,
and E. R. Smith 201Q)

In computer science the focus is on developing algorithms to recognize emotions from
various sources, including facial expressions, speech, and physiological data. For instance,
in the early days researchers relied on manual coding of facial expressions to identify
emotional states. One of the rst systems for automatic emotion recognition was the
Facial Action Coding System (FACS), which allowed for automatic facial exprggsion
Ekman 1978) By 1980s and 1990s, various other modalities speech, text and physiological
signals such as heart rate and skin conductance had been modeled and used for emotion
perception(Rosalind W. Picard 1995) In the 1990s, Rosalind Picard introduced the concept
of a ective computing, which involves the development of technologies that can recognize,
interpret, and respond to human emotions. And, as of today, we now have much more
advanced deep learning architectures for emotion perception.

Similarly, in social sciences various questions around emotion perception are being

explored since a long time. Some of these include understanding how emotions shape



social interactions and relationshipschschild 1979) and the role of emotions in eco-
nomic decision-making@avidson, K. Scherer, and Goldsmith 2003More recently research is

on understanding how emotions can in uence voting, public opinion, and social move-
ments (Jasper 1998)and how culture can in uence emotional experieneeskus and Ki-
tayama 1991)

Similarly, both "multimodal learning' and “context-aware' learning are both being used
to enrich machine learning algorithms today. Multimodal learning is an approach to ma-
chine learning that integrates information from multiple sensory modalities, such as vision,
speech, and text. A lot of prior work in focuses on unimodal emotion perception, which
considers only a single input modality and these algorithms do perform well. Several
studies in psychologyviezer, Trope, and Todorov 2012; Soleymani, Pantic, and Pun 2011; Pantic
et al. 2005) however, suggest that an ideal system for automatic human emotion recogni-
tion should be multimodal, simultaneously taking into account multiple cues from various
modalities. Multimodal emotion perception models have been shown to outperform uni-
modal model$s. Yoon et al. 2019; Gunes and Piccardi 2007; Majumder et al. 2018; A. B. Zadeh et al.
2018; Choi, Song, and C. W. Lee 2018; Sahay et al. 20a8)they make use of the complementary
nature of information from di erent cues, resulting in better inference models that are
also more robust to sensor noise. However, one of the longstanding challenges in devel-
oping multimodal emotion perception models is nding the most e cient mechanism for
combining or fusing multiple modaliti€Baltrusaitis, Ahuja, and L. Morency 2017)

Context-aware learning take into account the context in which the data was gener-
ated or the task is being performed. And, hence context can mean di erent things in
di erent situations. Furthermore, intersecting studies in a ective computing and psychol-
ogy (Barrett, Mesquita, and E. R. Smith 2010; Ledgerwood 2014; McNulty and Fincham 280
suggest that emotional processes cannot be interpreted without context, and that context
not only produces emotion but also shapes how emotion is perceived. Haoevexy

itself is quite subjective; with not much consensus in the literature. For instance, one



organization of contextual features is in three levels, ranging from micro-level (person) to
macro-level (culturalYGreenaway, Kalokerinos, and Williams 2018Bimilarly, more literature

in emotion recognition suggests several broad categories of contextual features, includ-
ing person, and situatio@ldao 2013; Barrett, Mesquita, and Gendron 2011; Mesquita and Boiger
2014),

As Al continues to become more ubiquitous in our lives, it is increasingly important
to develop Al systems that can understand and respond to human emotions beyond the
applications that have already been explored. In this dissertation, we focus and explore our
attention on three such Al applications; i) video manipulations and deepfake detection;
i) multimedia content analysis, and iii) user behavior analysis on social media platforms.

The availability of video editing software and arti cial intelligence (Al) available to
common people has proliferated manipulated video coriterti and Bouridane 2017; Y.

He et al. 2021)edited with malicious intent. These edits can be more traditional; copy-
move and splicing manipulations, aesthetic edits, and temporal edits; there is also a surge
of manipulated videos known as deepfakes . These are purely Ai generated videos with
manipulations focused on a single person. This calls for the need for detection methods
for agging such videos. Prior work in video forensics is limited to very speci c attack
methods with little benchmarking due to a lack of publicly available video manipulation
datasets. On the other hand, because deepfakes are synthesized using deep-learning-based
generative methods; the datasets are huge in magnitude. As a result, there are a lot of
deepfake detection methods that have been proposed in the last few years, however, these
are limited to relying on visual artifacts on faces that appear as a result of the synthesis
methods.

Perceiving emotions in images and videos is an integral aspect of a ective computing
and has applications in various elds such as digital content managgmenskhi et al.

2014; Y. Wang and B. Li 2015)marketing(McDu, EI Kaliouby, Cohn, et al. 2014; Hussain, Mingda

Zhang, X. Zhang, et al. 2017; Ye and Kovashka 2018ducation(Downs and Strand 2008; Algahtani



and Ramzan 2019)and healthcargCohn et al. 2009) There is growing interest in dynamically
modeling emotions over time; also known as "time series emotion recognition.” Several
time-series emotion datasets have been proposed to aid in solving this problem. While
most datasets focus on single-person emotional narratives in controlled settings, movie
databases are also being explored for time-series emotion perception tasks. The theory of
"emotional causality'{Coé&gnarts and Kravanja 2016; Athanasiadou and Tabakowska 2010; Niemeier

and Dirven 1997; Kévecses 200Ras been developed to understand how humans reason and
interpret emotions, but it has been relatively unexplored in the context of time-series
emotion perception. To reason about emotions invoked in various clips of a movie, it is
important to develop a causal understanding of the story.

Finally, the popularity of social media platforms and their usage has increased dramat-
ically in recent years. Consequently, social media has become a rich source for researchers
to address a variety of societal problems. While a lot of these problem statements focus
on thecontent aspect of social media, given the increased popularity it is also important
to understandthe impact social media can have on the usefbere are two charac-
teristics of social media usage that make understanding their impact on users of grave
concern. Firstly, users often have little control over the content they consume on social
media feeds. And secondly, almost all conversations on social media areTo this
end, it becomes important to understand the intent behind why users are sharing content
on social media; and to make users emotionally aware of the content they consume online.
A consequence of a vast numberlofn conversations is immense unidenti echotion
contagion While detecting the occurrence of this contagion is a di cult problem to solve,
researchers have shown that contagion exists on speci ¢ platforms like Twitter, Facebook,
and, Weibo, and have also presented hypotheses on factors that tend to cause stronger
or weaker contagion on these platforms.

Main Contri butions: Below we summarize our contributions presented in this disserta-

tion.



1. Improved Emotion Perception Models: We develop two emotion perception
models; one uses multiple modalities to infer emotions and the other models' various

de nitions of context to infer perceived human emaotion.

(&) We present M3ER, a multimodal emotion perception model that combines

input modalities in a multiplicative manner and is robust to sensor noise.

(b) We also present EmotiCon, a context-aware emotion perception model that

uses three de nitions of context.

(c) Additionally, we also present GroupWalk dataset; captured in uncontrolled set-
tings with both faces and gaits that have emotion-label annotations. Group-
Walk dataset is a collection of 45 videos captured in multiple real-world settings
of people walking in dense crowd settings. The videos have abédiagents

annotated with their emotion labels.

2. Video Manipulation and Deepfake Detection Methods: We focus our at-
tention on both; more recent kind of Al-synthesized manipulated videos deepfakes

and the more traditional video manipulations.

(a) We present a novel approach that simultaneously exploits the audio (speech)
and video (face) modalities and the perceived emotion features extracted from

both modalities to detect any falsi cation or alteration in the input video.

(b) We also present a new manipulated high-resolution video dataset\aleSham .
VideoSham consists 0f823 videos that are manipulated using six spatial
and temporal attacks manipulating videos at the scene level targeting, not
just faces, but also the background context, text, and audio, aesthetic edits,
adding/removing entities, and temporal edits. We also present a user evalu-
ation to understand the kind of manipulated videos fidideoSham that

deceive humans and state-of-the-art methods. We also present some ideas



from multimodal and a ective models that can be used to ag such manipu-

lations.

3. A ective Analysis of Multimedia Content: To better understand the emotions
and a ect presented in multimedia content, we present A ect2MM, a learning-based
method for capturing the dynamics of emotion over time. A ect2MM aligns with the
psychological theory of emotional causality to better model the emotions evoked
by each clip of a movie. To better model this temporal causality in movies for
long-range multimedia content like movies, we use attention methods and Granger

causality to explicitly model the temporal causality (between clips in movies).

4. User Behavior Analysis on Social Media Platforms:  We focus on under-
standing how content shared on social media platforms impacts the users given the

increased amount of usage.

(a) We presentntent-o-meter | a learning-based model that can predict the
intent of users when they make a social media post. In addition to visual (im-
age) and textual (caption) features, the model leverages Theory of Reasoned
Action (TRA) factoring in(i) the creator's attitude towards sharing a post,
and(ii ) the social norm or perception towards the post in determining the cre-
ator's intention. We also preseiritentgram , an intent prediction dataset
curated from public Instagram pro les using Apifywe also present a user
evaluation by integrating the intent prediction model with a web application
interface (similar to Instagram) to understand users' feedback on the use of

such intent labels along with social media posts.

(b) We also present detailed analysis and insights into what are some factors
that could lead to stronger or weaker contagion on the popular social media

application, Instagram.

Lhttps://apify.com



Overview of the Thesis: We organize the material in the dissertation as follows; In

Chapter 2, we discuss our contributions to emotion perception models using multiple
modalities and contextual cues. We present our work on the use of a ective computing and
multimodal learning in detecting video manipulations and deepfake detection in Chapter 3.
This is followed by a discussion on temporal a ective analysis of multimedia content in
Chapter 4. In Chapter 5 we discuss the impact of social media platforms and their usage
on users. We identify two key characteristics and present a learning model, a dataset, a
user evaluation, and an analysis of this impact on users. We end this with a discussion of

limitations in our existing work and some directions for future work in Chapter 6.



Chapter 2

Using Multiple Modalities
and Context for Emotion

Perception

One of the primary tasks in developing e cient multimodal systems for perceiving emo-
tions is to combine and collate information from the various modalities by which humans
express emotion. These modalities include but are not limited to, facial expressions, speech
and voice modulations, written text, body postures, gestures, and walking styles. Many
researchers have advocated combining more than one modality to infer perceived emotion

for various reasons, including:

(a) Richer information: Cues from di erent modalities can augment or complement
each other, and hence lead to more sophisticated inference algorithms.

(b) Robustness to Sensor Noisénformation on di erent modalities captured through
sensors can often be corrupted due to signal noise, or be missing altogether when
the particular modality is not expressed, or cannot be captured due to occlusion,

sensor artifacts, etc. We call such modaliiies ectual. Ine ectual modalities are
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especially prevalent in in-the-wild datasets.

However, combining multiple modalities for emotion recognition presents its own set
of challenges. One critical decision is determining which modalities should be integrated
and how. Some modalities tend to occur together more frequently than others and are
therefore more straightforward to collect and use in conjunction. For example, some of
the most widely used benchmark datasets for multimodal emotion recognition, including
IEMOCAP(Busso et al. 2008)and CMU-MOSE(A. B. Zadeh et al. 2018) a feature commonly
co-occurring modalities, such as facial expressions, associated speech, and transcribed
text. As the volume of data available on social media sites and the internet continues to
grow (e.g., YouTube), it has become easier to obtain data for these three modalities, often
with the help of automatic caption generation. Many of the other existing multimodal
datasets(Ringeval et al. 2013; Dhall, Goecke, Lucey, et al. 20 also subsets of these three
modalities. Additionally, using information from body posture and gaits has also been
shown to be a promising cue to infer emoti@grsinsmith and Bianchi-Berthouze 2012; Meeren,
Heijnsbergen, and Gelder 2005; Bhattacharya et al. 2021¥) our work, we try and use all of these
modalities.

One additional challenge is the lack of consensus on the optimal method for combining,
or "fusing," multiple modalitiegBaltrusaitis, Ahuja, and L. Morency 2017)Currently, the two
most commonly employed techniques are early fusion (also referred to as "feature-level”
fusion) and late fusion (also called "decision-level" fusion). Early fusion combines the input
modalities into a single feature vector, which is then used to make a prediction. In contrast,
late fusion methods use each of the input modalities to make an individual prediction,
which is subsequently combined for the nal classi cation. Previous research on emotion
recognition has primarily investigated early fugi®kka et al. 2013)and late fusionGunes
and Piccardi 2007)techniques using additive combinations. Additive combinations assume
that every modality is potentially useful and thus should be incorporated into the joint

representation. However, this assumption is not ideal for in-the-wild datasets, which are
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more susceptible to sensor noise.

While modalities and cues extracted from a person can provide valuable information re-
garding perceived emotions, understanding the context in which the emotions are displayed
is equally important. Frege's context princigkesnik 1967)argues against interpreting the
meaning of a word in isolation, but rather within the context of a sentence. Similarly,
in the eld of psychology, context plays a crucial role in emotion recognition. There are

di erent interpretations of the term “context' among researchers, including:

(a) Context 1 (Multiple Modalities): Incorporating cues from di erent modalities was
one of the initial de nitions of context (a.k.a multimodal emotion perception). As
already discussed, combining modalities provides complementary information, which
leads to better inference and also performs better on in-the-wild datasets. An ad-
ditional goal of this work is to make Emotion Recognition systems work for real-life
scenarios. This implies using modalities that do not require sophisticated equipment
to be captured and are readily available. Psychology reseatehersr, Trope, and
Todorov 2012)have conducted experiments by mixing faces and body features cor-
responding to di erent emotions and found that participants guessed the emotions
that matched the body features. This is also because of the ease of mocking
one's facial expressions. Subsequently, researghi€rsmith and Bianchi-Berthouze
2012; Meeren, Heijnsbergen, and Gelder 2066und the combination of faces and body
features to be a reliable measure of inferring human emotion. As a result, it would
be useful to combine such face and body features for context-aware emotion recog-
nition.

(b) Context 2 (Background Context): Semantic understanding of the scene from
visual cues in the image helps in getting insights about the agent's surroundings
and activity, both of which can a ect the perceived emotional state of the agent.

(c) Context 3 (Socio-Dynamic Inter-Agent Interactiondgesearchers in psychology

suggest that the presence or absence of other agents a ects the perceived emotional
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state of an agent. When other agents share an identity or are known to the agent,
they often coordinate their behaviors. This varies when other agents are strangers.
Such interactions and proximity to other agents have been less explored for perceived

emotion recognition.
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(a) M3ER: The proposed multimodal emotion recognition model uses a data-driven
multiplicative fusion technique to combine the three input modalities (face, text,
and speech).

(b) EmotiCon: The proposed context-aware emotion recognition model incorporates
three interpretations of context to perform emotion recognition from videos and
images.

Figure 2.1: Multimodal and Context-Aware Emotion Perception Models:  We present

a multimodal emotion perception model, M3ER (Figure 2.1a), and a context-aware emotion
perception model, EmotiCon (Figure 2.1b) to improve the performance of emotion perception
models.

Towards this end, we propose a multimodal emotion perception model, M3ER (Fig-
ure 2.1a, Section 2.2), and a context-aware emotion perception model, EmotiCon (Fig-

ure 2.1b, Section 2.3) to improve performance of emotion recognition models. To sum-

14



marize, we make the following main contributions.

1. We present M3ER (Figure 2.1a, Section 2.2), a multimodal emotion recognition
algorithm which uses a data-driven multiplicative fusion technique with deep neural
networks. Our input consists of the feature vectors for three modalities face,
speech, and text. To make M3ER robust to noise, we propose a novel preprocessing
step where we use Canonical Correlational Analysis (GG#A)ling 1936)to di er-
entiate between an ine ectual and e ectual input modality signal. We also present
a feature transformation method to generate proxy feature vectors for ine ectual
modalities given the true feature vectors for the e ective modalities. This enables
our network to work even when some modalities are corrupted or missing.

2. We also present EmotiCon (Figure 2.1b, Section 2.3), a context-aware multimodal
emotion recognition algorithm. Consistent with Ferge's Context principle, in this
work, we try to incorporate three interpretations of context to perform emotion
recognition from videos and images. Though extendable to any number of modali-
ties, we release a new dataset GroupWalk for emotion recognition. To the best of
our knowledge, there exist very few datasets captured in uncontrolled settings with
both faces and gaits that have emotion-label annotations. To enable research in this
domain, we make GroupWalk publicly available with emotion annotations. Group-
Walk is a collection of 45 videos captured in multiple real-world settings of people
walking in dense crowd settings. The videos have aBb4#l agents annotated

with their emotion labels.

For M3ER, we compare our work with prior methods by testing our performance on
two benchmark datasets IEMOCABUsso et al. 2008)and CMU-MOSE(A. B. Zadeh et al.
2018) We report an accuracy d827% on the IEMOCAP dataset anf9:0% on the
CMU-MOSEI dataset, which is a collecti%® accuracy improvement on the absolute
over prior methods. We show ablation experiment results on both datasets, where almost

7% of the data has at least one modality corrupted or missing, to demonstrate the
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importance of our contributions. As per the annotations in the datasets, we classify
IEMOCAP into4 discrete emotionsafngry, happy, neutral, saqcand CMU-MOSEI intd®b
discrete emotionsafnger, disgust, fear, happy, sad, surprise

Similarly for EmotiCon, we compare our work with prior methods by testing our per-
formance on EMOTI@Xosti, Jose M Alvarez, et al. 2017h)a benchmark dataset for context-
aware emotion recognition. We report an improved AP scog&:48 on EMOTIC, which
is an improvement of 8 over prior methodg<osti, Jose M Alvarez, et al. 2019; Jiyoung Lee
et al. 2019; Minghui Zhang, Liang, and Ma 201.9)We also report AP scores of our approach
and prior methods on the new dataset, GroupWalk. We perform ablation experiments
on both datasets, to justify the need for the three components of EmotiCon. As per the
annotations provided in EMOTIC, we perform a multi-label classi cation 2&€discrete
emotion labels. On GroupWalk too, we perform a multi-label classi catiordadiscrete
emotions énger, happy, neutral, sad

The rest of the chapter is structured as follows: We discuss prior work in the domain
of multimodal and context-aware emotion perception in Section 2.1. Then in Section 2.2
and Section 2.3, we discuss M3ER, the multimodal emotion perception model, and Emoti-
Con, the context-aware emotion perception model respectively. We also elaborate on the
empirical analysis performed to evaluate the methods. We conclude with a discussion re-
garding limitations and some future directions in building more robust emotion perception

models in Section 2.4.

2.1 Prior Work in Emotion Perception Models

In this section, we give a brief overview of previous research in emotion recognition in
psychology (Section 2.1.1), and prior work in unimodal and multimodal emotion recogni-
tion (Section 2.1.2-2.1.3). We follow up with a discussion on context-aware emotion
recognition (Section 2.1.4) and existing context-aware datasets (Section 2.1.5). We

also discuss some of the existing fusion methods used in the emotion recognition lit-
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erature (Section 2.1.6) and conclude with a brief discussion on Canonical Correlational

Analysis (Section 2.1.7).

2.1.1 Emotion Recognition in Psychology Research

Understanding and interpreting human emotion is a fundamental area of interest in psy-
chology. Early attempts at predicting emotions solely based on facial expressions were
questioned for their limited re ection of the complex human sensory systesell, Ba-
chorowski, and Fernandez-Dols 2003Furthermore, relying solely on facial expressions can be
unreliable due to the ease of producing mocking expressions, especially in the presence of
an audiencer. Ekman 1993; Fernandez-Dols and Ruiz-Belda 199€onsequently, it is essential

to consider multiple cues to accurately predict human emotions. Research indicates that a
multimodal approach that considers various cues, such as body language, vocal tone, and
context, is more consistent with the human sensory systerymani, Pantic, and Pun 2011;
Aviezer, Trope, and Todorov 2012; Pantic et al. 2005; Meeren, Heijnsbergen, and Gelder. 20b&) Sig-

ni cance of contextual features in interpreting emotional processes cannot be overstated.
Researchers in psychology agree that emotions cannot be interpreted without context
and that context plays a crucial role in producing and shaping emgateinstt, Mesquita,

and E. R. Smith 2010; Ledgerwood 2014; McNulty and Fincham 2012; Aldao 2013; Barrett, Mesquita,

and Gendron 2011; Mesquita and Boiger 2014Yherefore, it is essential to consider various
contextual features, such as the person, situation, and broader cultural contexi-

away, Kalokerinos, and Williams 2018; Martinez 2019EXperiments conducted by Martinez et
al.(Martinez 2019) demonstrated the necessity of context, as participants could infer a ect
even when the faces and bodies were masked in silent videos. Greenwaycetalay,
Kalokerinos, and Williams 2018prganize contextual features into three levels, ranging from
micro-level features like the individual to macro-level features like culture. Situational
features, such as the presence and proximity of others, also play an essential role in elic-

iting emotions, as shown by research indicating that people express more emotion in the
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presence of others and especially in situations where they know eaclietheioto and

Suzuki 2006; Jakobs, Manstead, and Fischer 2001)

2.1.2 Unimodal Emotion Recognition

Most of the initial e orts in recognizing human emotions have been focused on a single
modality. Facial expressions have been the most commonly explored modality in this do-
main, owing to the availability of facial expression datasets and advancements in computer
vision methodgSaragih, Lucey, and Cohn 2009; Akputu, Seng, and Y. L. Lee 2018pwever, re-
searchers have also explored other modalities such as speech or voice exgressions

R Scherer, Johnstone, and Klasmeyer 200BR0dy gesturegNavarretta 2012) and physiological

signals like respiratory and heart sign@lsapp, Jonghwa Kim, and André 2010)

2.1.3 Multimodal Emotion Recognition

Initially, multimodal emotion recognition was explored using classi ers such as Support
Vector Machines, linear regression, and logistic regression, particularly when the size of
the datasets was less than 5@kka et al. 2013; Gunes and Piccardi 2007; Castellano, Kessous,
and Caridakis 2008) However, with the development of bigger datasets, researchers started
exploring deep learning architectures for multimodal emotion recogitioson et al. 2019;

Gunes and Piccardi 2007; Majumder et al. 2018; A. B. Zadeh et al. 2018; Choi, Song, and C. W. Lee
2018; Sahay et al. 2018)In all the multimodal approaches, feature extraction is performed
on each of the input modalities using either hand-crafted formulations or deep learning
architectures. Some of the architectures that have been explored include Bi-Directional
Long Short Term Memory (BLSTM) networks. Yoon et al. 2019) Deep Belief Networks
(DBNS) (Gunes and Piccardi 2007)Convolutional Neural Networkshoi, Song, and C. W. Lee

2018), hierarchical networkgviajumder et al. 2018) and Relational Tensor NetworkSahay

et al. 2018)
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Table 2.1: Summary of Context-Aware Emotion Recognition Datasets: We com-

pare GroupWalk dayaset with existing context-rich emotion recognition datasets such as
EMOTIC (Kosti, Jose M Alvarez, et al. 2017a)A ectNet (Mollahosseini, Hasani, and Mahoor 2019)
CAER and CAER-®Jiyoung Lee et al. 2019)and AFEW/(Dhall, Goecke, Lucey, et al. 2012)

| Data type | Dataset | Dataset Size | Agents Annotated | Setting | Emotion Labels | Context |
EMOTIC 18,316 images 34,320 Web 26 Categories Yes
(Kosti, Jose M Alvarez, et al. 2017a)
Images ) vA ectNgt 450,000 images 450,000 Web 8 Categories No
(Mollahosseini, Hasani, and Mahoor 2019)
CAER-S 70,000 images 70,000 TV Shows 7 Categories Yes
(Jiyoung Lee et al. 2019) ! 9 ! 9
AFEW . . .
(Dhall, Goecke, Lucey, et al. 2012) 1,809 clips 1,809 Movie 7 Categories No
CAER . .
. _ 13,201 clips 13,201 TV Show 7 Categories Yes
Videos (Jiyoung Lee et al. 2019)
IEMOCAP 12 hrs - TV Show 4 Categories Yes
(Busso et al. 2008)
GroupWalk 45 clips(10 mins each) 3544 Real Settingg 4 Categories Yes

2.1.4 Context-Aware Emotion Recognition

Recent advancements in context-aware emotion recognition have been achieved through
deep-learning network architectures. Kosti et (@bsti, Jose M Alvarez, et al. 2019|and

Lee et al.(Jiyoung Lee et al. 2019propose similar architectures that consist of two-stream
networks followed by a fusion network. One stream focuses on a speci ¢ modality such as
the face(Jiyoung Lee et al. 2019pr body posturéKosti, Jose M Alvarez, et al. 2019)while the

other captures contextual information. Lee et(aloung Lee et al. 2019¢onsider everything
except the face as context and mask the face in the image, whig Jose M Alvarez,

et al. 2019)uses a Region Proposal Network (RPN) to extract contextual elements from
the image. These elements form nodes in an a ective graph, which is then encoded using
a Graph Convolution Network (GCN) to capture the context. Additionally, group emotion
recognition has also been explogedrg 2019; K. Wang et al. 2018where the goal is to label

the emotion of the entire group of individuals in a frame under the assumption that they

share some social identity.

2.1.5 Context-Aware Emotion Recognition Datasets

In the past, emotion recognition datasets have often focused on only one modality, such as

faces or body features, or have been collected in controlled environments. For instance, the
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GENKI databasewnhitehill et al. 2009) and the UCDSEE datas€tracy, Robins, and Schriber

2009) concentrate primarily on facial expressions collected in lab settings. The Emotion
Recognition in the Wild (EmotiW) challeng@sall, Goecke, J. Joshi, et al. 201630ntains

three databases: the A ectNet databag&llahosseini, Hasani, and Mahoor 201@Which com-

prises facial expressions from the wild), SFEW (a subset of AFEW with only face frames
annotated), and HAPPEI database, which aims to estimate group-level emotions. Some
recent works have acknowledged the potential of using context for emotion recognition
and pointed out the scarcity of such datasets. For instance, the Context-Aware Emotion
Recognition (CAER) datasetiinghui Zhang, Liang, and Ma 2019)s a collection of TV show

clips with 7 discrete emotion annotations. The EMOTIC datagetsti, Jose M Alvarez,

et al. 2019)is a collection of images from datasets such as MSCQCO Lin et al. 2014)

and ADE20K(B. zhou et al. 2019) along with images downloaded from web searches. The
dataset consists d?3;, 571 images, with approximately4; 320 people annotated fo26

discrete emotion classes. We have summarized and compared these datasets in Table 2.1.

2.1.6 Combination of Multiple Modalities

Previous studies in emotion recognitiGkka et al. 2013; Gunes and Piccardi 2007; Castel-

lano, Kessous, and Caridakis 2008; S. Yoon et al. 2019; Gunes and Piccardi ha¢ relied on
additive combinations using either early or late fusion techniques. However, in the real
world, every modality is not equally reliable for every data point due to factors like sen-
sor noise, occlusions, etc. To address this, recent works have explored more sophisticated
data-drivenChoi, Song, and C. W. Lee 2018hierarchica{Majumder et al. 2018) and attention-
based(s. Yoon et al. 2019; Choi, Song, and C. W. Lee 201fg)sion techniques. Multiplicative
combination methodg<uan Liu et al. 2018)explicitly model the relative reliability of each
modality, where more reliable modalities are assigned a greater weight in the joint predic-
tion. Additionally, the reliability of modalities may vary from sample to sample, making

it crucial to learn which modalities are more reliable for each sample. This approach has
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been successful in tasks like user pro ling and physical process recogitioniu et al.

2018)

2.1.7 Canonical Correlational Analysis (CCA)

The main goal of Canonical Correlation Analysis (CEielling 1936)is to project input
vectors onto a common space to maximize their component-wise correlation. To improve
the performance of CCA, several extensions have been proposed, such as De¢ep CCA
drew et al. 2013) Generalized CCK,ettenring 1971) and Kernel CCAWwelling 2005) These
extensions learn non-linear transformations of the input vectors to maximize their correla-
tion. CCA-based approaches have also been employed in the eld of multimodal emotion
recognition(Shan, Gong, and McOwan 200730 obtain highly correlated feature vectors from
each input modality prior to their fusion. In our study, we utilize CCA to assess the

correlation between input modalities and identify e ective and ine ective modalities.

2.2 M3ER: Multimodal Emotion Perception Model

In this section, we go over the proposed multimodal emotion perception model, M3ER.
We formulate the problem in Section 2.2.1. We then explain the three components in
detail in M3ER in Section 2.2.2. In Section 2.2.3 we discuss the implementation details
and end with the experiments conducted to evaluate and analyze the performance of

M3ER in Section 2.2.4.

2.2.1 Problem Formulation

We denote the set of speech, text, and facial modality tupled as f (s;t;f )g, where

each tuple corresponds to a data sample, such as a video or an image. For a particular
data sample with the modality tuple = (s;t;f) 2 M , the feature vector for each
modality is denoted a&;;i 2 m. We denote the set of predicted emotions s

f happy; sad angry; neutralg. The proxy feature vectors generated for speech, text, and
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Figure 2.2: MSER Model Architecture: We use three modalities, speech, text, and facial
features. We rst extract features to obtaifs, i, f; from the raw inputs,s, iy andis (purple

box). The feature vectors then are checked if they are e ective. We use an indicator function
I« (Equation 2.2) to process the feature vectors (yellow box). These vectors are then passed into
the classi cation and fusion network of M3ER to get a prediction of the emotion (orange box).
At the inference time, if we encounter a noisy modality, we regenerate a proxy feature vegtor (

p; or ps) for that particular modality (blue box).

face vectors are represented by p; pr, respectively. Finally, we de ne an indicator
function, | ¢(f ) that outputs either a vector of zeros or ones of the same dimensibn as

depending on the conditions of the function de nition.

Problem 2.2.1. Given a tuplen 2 M represented aks; t;f ), our goal is to compute

en = arg mZaEx P(emotion= gm) (2.1)
e
whereP(ajb) denotes the conditional probability afgivenb.

We present an overview of our multimodal perceived emotion recognition model in
Figure 2.2. During training, we rst extract feature vectofs;f;fs) from raw inputs
(is;it;i¢) (purple box in the Figure 2.2). These are then passed through the modality
check step (yellow box in the Figure 2.2) to distinguish between e ective and ine ectual
signals, and discarding the latter if any (See Section 2.2.2.1). The feature vectors as
returned by the modality check step go through three deep-layered feed-forward neural
network channels (orange box in Figure 2.2). Finally, we add our multiplicative fusion

layer to combine the three modalities (Section 2.2.2.3). At test time, the data point
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once again goes through the modality check step. If a modality is deemed ine ectual, we
regenerate a proxy feature vector (blue box in Figure 2.2) which is passed to the network

for the emotion classi cation (Section 2.2.2.2).

2.2.2 Approach

There are three main components to M3ER: Modality Check Step, Regenerating Proxy

Feature Vectors, and Multiplicative Fusion.

2.2.2.1 Modality Check Step

To enable perceived emotion recognition in real-world scenarios, where sensor noise is
inevitable, we introduce the Modality Check step which Iters ine ectual data. It has been
observed in emotion prediction stud{esan, Gong, and McOwan 200y7}hat for participants
whose emotions were predicted correctly, each of their corresponding modality signals
correlated with at least one other modality signal. We directly exploit this notion of
correlation to distinguish between features that could be e ective for emotion classi cation
(e ective features) and features that are noisy (ine ectual features).

More concretely, we use Canonical Correlation Analysis (CCA) to compute the corre-
lation score, , of every pair of input modalities. We compare the correlation against a

heuristically chosen threshold, and introduce the following indicator function,

8
50 fi;f)<; ((j)2M ;i 6

FOE @2)
-1 else:

For all features, we apply the following operatibg{(f ) f, which discards ine ectual
features and retains the e ective ones. Heredenotes element-wise multiplication.
We show how to compute the correlation score between two modality feature vectors.

Given a pair of feature vectors, f;, withi;j 2M , we rst compute the the projective
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transformationsHii andHIJ ; » for both feature vectors, respectively. Also note that these
feature vectors;; f; are reduced to the same lower dimensidi¥)(here). We obtain the

projected vector by applying the projective transformation. Thus, in our example above,

and,
. .
fi=Hjf;

Finally, we can compute the correlation score for the fiairf; g using the formula:

cou(t i ;)

f0 fj

URDE
and check them against an empirically chosen threghgld8i 2 m, we check
(Ff) < ;

where8(i;j)2M ;i 6 j.
For implementation purposes, we keep Hf@ for all pairs of modalities precomputed
based on the training set. At inference time, we simply compute the projected vectors

ff and (fl, J)

I’j

2.2.2.2 Regenerating Proxy Feature Vectors

When one or more modalities have been deemed ine ectual at test time in the modality
check step, we generate proxy feature vectors for the ine ectual modalities using the
following equationp; = Tf;, wherei 2 M andT is any linear transformation. We
illustrate the details below.

Generating exact feature vectors for missing modalities is challenging due to the non-

linear relationship between the modalities. However, we empirically show that by relaxing
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the non-linear constraint, there exists a linear algorithm that approximates the feature
vectors for the missing modalities with high classi cation accuracy. We call these resulting
vectors: proxy feature vectors.

Suppose that during test time, the feature vector for the speech modality is corrupt
and identi ed as ine ectual, whilé; is identi ed as e ective during the Modality Check
Step. Our aim is then to regenerate a proxy feature vegiorfor the speech modality.

More formally, we are given, say, a new, unseen face modality feature vectbe set

we assume there exists a linear transformation, F, ! S ,. Our algorithm proceeds

without assuming knowledge of.

1. The rststepisto ndv; =argmin; d(v;;f;), whered is any distance metric. We
chose theL, norm in our experiment s. We can solve this optimization problem
using any distance metric minimization algorithm such as the K-nearest neighbors

algorithm.

P
2. Compute constants; 2 R by solving the following linear systefa,= P, av;.

Then,

ps = T = aTv = aw;:

Our algorithm can be extended to generate proxy vectors from e ective feature vectors
corresponding to multiple modalities. In this case, we would apply the steps above to each

of the e ective feature vectors and take the mean of both the resulting proxy vectors.
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2.2.2.3 Multiplicative Modality Fusion

The key idea in the original wotkuan Liu et al. 2018)for multiplicative combination is to
explicitly suppress the weaker (not so expressive) modalities, which indirectly boost the

stronger (expressive) modalities. They de ne the loss foi'thenodality as follows.

Moy =M 1)
c¥) = 1 pj(y) logp"’ (2.3)

i=1 j6i
wherey is the true class labeM is the number of modalities, is the hyperparameter
that down-weights the unreliable modalities amﬁﬁ is the prediction for clasg given
by the network for thé™ modality. This indirectly boosts the stronger modalities. In
our approach, we reverse this concept and propose a modi ed loss. We explicitly boost
the stronger modalities in the combination network. The di erence is subtle but has
key signi cance on the results. In the original formulation, the modi ed loss was given
by Equation 2.3. We empirically show that the modi ed loss gives better classi cation
accuracies than the originally proposed loss function in Section 2.2.4. The original loss
function tries to ignore or tolerate the mistakes of the modalities making wrong predictions
by explicitly suppressing them, whereas, in our modi ed version, we ignore the wrong
predictions by simply not addressing them and rather focusing on modalities giving the
right prediction. In the original loss, calculating the loss for each modality depends on
the probability given by all the other modalities. This has a higher computation cost due
to the product term. Furthermore, if either of the input modalities produces an outlier
prediction due to noise in the signal, it a ects the prediction of all other modalities. Our

proposed modi ed loss is as follows:

X =M 1)
W = pi(y)

logp?’ (2.4)

This fusion layer is applied to combine the three input modalities.
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M3ER is a modular algorithm that can work on top of existing networks for multimodal
classi cation. Given a network for multiple modalities, we can replace the fusion step and
incorporate the modality check and proxy vector regeneration of the M3ER and improve
classi cation accuracies. In the next section, we demonstrate this point by incorporating

M3ER in state-of-the-art networks for two datasets, IEMOCAP and CMU-MOSEI.

2.2.3 Implementation Details

In this section, we discuss the datasets (Section 2.2.3.1) that we use to evaluate our
method, M3ER, followed with feature extraction (Section 2.2.3.2) and network architec-

ture (Section 2.2.3.3) details. We end with mentioning training and hyperparameters
used to obtain the results on the CMU-MOSEI dataset and the IEMOCAP dataset (Sec-
tion 2.2.3.4).

2.2.3.1 Datasets

The Interactive Emotional Dyadic Motion Captufg=MOCAP) datase{Busso et al. 2008)
consists of text, speech, and face modalitied®@fctors recorded in the form of con-
versations using a Motion Capture camera. The conversations include both scripted and
spontaneous sessions. The labeled annotations consist of four emotions angry, happy,
neutral, and sad. ThEMU Multimodal Opinion Sentiment and Emotion Inteng@MU-
MOSEI) (A. B. zadeh et al. 2018)contains23; 453 annotated video segments fron000
distinct speakers ang50 topics acquired from social media channels. The labels in this

dataset comprise six emotionsangry, disgust, fear, happy, saahd surprise

2.2.3.2 Feature Extraction

CMU-MOSEI Dataset: To extract f; from the CMU-MOSEI| dataset, we use the
300-dimensional pre-trained GloVe word embeddmgsington, Socher, and Manning 2014)

To computefs from the CMU-MOSEI dataset, we follow the approach of Zadeh et
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al. (A. B. zadeh et al. 2018)and obtain the 12 Mel-frequency cepstral coe cients, pitch,
voiced/unvoiced segmenting features, glottal source parameters among others. Lastly,
to obtainf;, we use the combination of face embeddings obtained from state-of-the-art
facial recognition models, facial action units, and facial landmarks for CMU-MOSEI.
IEMOCAP Dataset: We use the 300 dimensional pre-trained GloVe word embed-
dings (Pennington, Socher, and Manning 2014p extract f, for the IEMOCAP dataset. To
computef s for IEMOCAP, we follow Chernykh et @thernykh and Prikhodko 2017aand

use 34 acoustic features. Lastly, to obt&in IEMOCAP captures facial data comprising

189 facial expressions using a Motion Capture camera.

2.2.3.3 Classi cation Network Architecture Details

CMU-MOSEI Dataset: For training on the CU-MOSEI dataset, we integrate our multi-
plicative fusion layer into Zadeh et @. zadeh et al. 2018bmemory fusion network (MFN).
Each of the input modalities is rst passed through single-hidden-layer LSTMs, each of
output dimensior82 The outputs of the LSTMs, along with a 128-dimensional memory
variable initialized to all zeros (yellow box in the network Figure 2.2), are then passed
into an attention moduleas described by the authors of MFN. The operations inside the
attention module are repeated for a xed number of iteratiprdetermined by the max-
imum sequence length among the input modalittes 20 in our case). The outputs at

the end of every iteration in the attention module are used to update the memory variable
as well as the inputs to the LSTMs. After the endtaferations, the outputs of th&
LSTMs are combined using multiplicative fusion t82adimensional feature vector. This
feature vector is concatenated with the nal value of the memory variable, and the resul-
tant 160 dimensional feature vector is passed througialimensional fully connected
layer followed by & dimensional fully connected to generate the network outputs.
IEMOCAP Dataset: For M3ER-IEMOCAP, we use Tripathi et al(Ssamarth Tripathi,

Sarthak Tripathi, and Beigi 2018multiple fully connected layers of dimensid28§ 64 and 4
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before a softmax for the speech input as can be seen in Figure 2.3. However, as opposed
to multiple LSTM layers, we use a single LSTM layer wighhidden units before two

dense layers of dimensio64 and 4 followed by a softmax layer for the text modality.

For the facial input, we use three convolutional layers with Iter 2264, and 128 all

with a stride length oR. These convolutional layers are followed by two fully connected
layers (dimension&4 and 4) succeeded by a softmax layer. All three softmax layers then

go into the multiplicative layer (shown in orange in Figure 2.3).

2.2.3.4 Training Details

CMU-MOSEI Dataset: For training with M3ER on the CMU-MOSEI dataset, we split
the CMU-MOSEI dataset into trainingg0%, validation (L0%), and testing 0% sets.
We use a batch size @b6and train it for500epochs. We use the Adam optimigengma

and Ba 2014)with a learning rate 00:01 All our results were generated on an NVIDIA
GeForce GTX 1080 Ti GPU.

IEMOCAP Dataset. For training M3ER-IEMOCAP, we split the IEMOCAP dataset
into training @5%) and testing (5% sets. We use a batch size D28 and train it for
100 epochs. We use the Adam optimiz&mgma and Ba 2014)with a learning rate of

0:001 All our results were generated on an NVIDIA GeForce GTX 1080 Ti GPU.

2.2.4 Experiments and Results

In this section, we list the state-of-the-art algorithms with which we compare M3ER us-
ing standard classi cation evaluation metrics in Section 2.2.4.1. We also discuss the
performance of M3ER on these state-of-the-art datasets (Section 2.2.4.2). We perform
exhaustive ablation experiments to motivate the bene ts of our contributions and discuss

these ablation experiments in Section 2.2.4.3.
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Figure 2.3: M3BER Model Architecture (IEMOCAP Dataset): We use three modalities,
speech, text, and facial features for evaluating M3ER on IEMOCAP dataset too. We use a
variety of layers, fully-connected (purple), softmax (cyan), LSTM (green), and convolutional
layers (red). The multiplicative layer is shown in orange.

Table 2.2: Ablation Experiments on M3ER: We remove one component of M3ER at a time,
and report the F1 and MA scores on the IEMOCAP and the CMU-MOSEI datasets, to showcase
the e ect of each of these components. Modifying the loss function leads to an incre&s&%f

in both F1 and MA. Adding the modality check step on datasets with ine ectual modalities leads
to an increase o£-5% in F1 and4-5% in MA, and adding the proxy feature regeneration step
on the same datasets leads to a further increas@-@f6 in F1 and5-7% in MA.

(a) Ablation Experiments performed on IEMOCAP Dataset.

Ine ectual ] Angry Happy Neutral Sad Overall
Experiments
modalities? F1 MA F1 MA F1 MA F1 MA F1 MA
Original Multiplicative Fusion 0.794| 80.6% | 0.750 | 76.9% | 0.695 | 68.0% | 0.762 | 80.8% | 0.751 | 76.6%
No (Kuan Liu et al. 2018)
M3ER 0.862 | 86.8% | 0.862 |81.6% | 0.745 | 74.4% | 0.828 | 88.1% | 0.824 | 82.7%
M3ER Modality Check Step Proxy Feature Vectar 0.704 | 71.6% | 0.712 | 70.4% | 0.673 | 64.7% | 0.736 | 79.8% | 0.706 | 71.6%
Yes M3ER Proxy Feature Vector 0.742 | 75.7% | 0.745 | 73.7% | 0.697 | 66.9% | 0.778 | 84.0% | 0.741| 75.1%
M3ER 0.799 | 82.2% | 0.743 | 76.7% | 0.727 | 67.5% | 0.775 | 86.3% | 0.761 | 78.2%
(b) Ablation Experiments performed on CMU-MOSEI Dataset.
Ine ectual Experiments Angry Disgust Fear Happy Sad Surprise Overall
modalities? FL [ MA | F1 | MmA FL [ MA | FL | MA | F1 [ MA | F1 | MA | F1 | MA
Original Multiplicative Fusion 0.889 | 79.9% | 0.945| 89.6% |0.963 | 93.1% | 0.587 | 55.8% | 0.926 | 85.3% | 0.949| 90.0% | 0.878 | 82.3%
No (Kuan Liu et al. 2018)
M3ER 0.919 | 86.3% | 0.927 | 92.1% | 0.904 | 88.9% | 0.836 | 82.1% | 0.899 | 89.8% | 0.952 | 95.0% | 0.902 | 89.0%
M3ER Modality Check Step Proxy Feature Vectdr 0.788 | 73.3% | 0.794 | 80.0% | 0.843| 85.0% | 0.546 | 55.7% | 0.832 | 79.5% | 0.795| 80.1% | 0.764 | 75.6%
Yes M3ER Proxy Feature Vector 0.785 | 77.8% | 0.799 | 83.2% | 0.734| 77.5% | 0.740 | 77.1% | 0.840 | 86.0% | 0.781| 83.5% | 0.783 | 80.9%
M3ER 0.816 | 81.3% | 0.844 | 86.8% | 0.918 | 89.4% | 0.780 | 75.7% | 0.873 | 86.1% | 0.932 | 91.3% | 0.856 | 85.0%
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Figure 2.4:Analysis of M3ER's performance using a Confusion Matrix: For each emotion
class, we show the percentage of inputs belonging to that class that was correctly classi ed by
M3ER (dark green cells) and the percentage of inputs that were misclassi ed into other classes
(pale green and white cells) for both the datasetseft: Confusion matrix for classi cation on
IEMOCAP dataset.Right: Confusion matrix for classi cation on CMU-MOSEI dataset.

2.2.4.1 Evaluation Metrics and Methods

We use two standard metrics, F1 scores and mean classi cation accuracies (MAS), to
evaluate all the methods. However, some prior methods have not reported MA, while
others have not reported F1 scores. We, therefore, leave out the corresponding numbers
in our evaluation as well and compare the methods with only the available numbers. For
the IEMOCAP dataset, we compare our accuracies with the following state-of-the-art

methods.

() Yoon et al.(S. Yoon et al. 2019)use only two modalities of the IEMOCAP dataset,
text and speech, using an attention mechanism that learns to align the relevant text
with the audio signal instead of explicitly combining outputs from the two modalities
separately. The framework uses two Bi-linear LSTM networks.

(b) Kim et al. (Y. Kim, H. Lee, and Provost 2013focus on feature selection parts and hence
use DBNs which they claim are better equipped at learning high-order non-linear

relationships. They empirically show that non-linear relationships help in emotion
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Figure 2.5:Example Misclassi cation by M3ER: This is the text and face input of a “happy’
data point from CMU-MOSEI dataset that our model, M3ER misclassi es as “angry'. IN this
example, the man is giving a funny speech with animated and exaggerated facial looks which
appear informative but lead us to a wrong class label.
recognition.
(c) Majumdar et al.(Majumder et al. 2018)recognize the need for a more explainable and
intuitive method for fusing di erent modalities. They propose a hierarchical fusion

that learns bimodal and trimodal correlations for data fusion using deep neural

networks.

For the CMU-MOSEI dataset, we compare our F1 scores with the following state-of-

the-art methods.

(a) Zadeh et al.(A. B. zadeh et al. 2018)propose a Dynamic Fusion Graph (DFG) for
fusing the modalities. The DFG can model n-modal interactions with an e cient
number of parameters. It can also dynamically alter its structure and choose a
fusion graph based on the importance of each n-modal dynamics. They claim that
this is a more interpretable fusion as opposed to naive late fusion techniques.

(b) Choi et al.(Choi, Song, and C. W. Lee 2014)se the text and speech modality of the

CMU-MOSEI dataset. They extract feature vectors for text and speech spectro-
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Table 2.3: Comparing M3ER's Performance with SOTA methods: We compare the F1
scores and the mean classi cation accuracies (MA) of M3ER on the two datasets, IEMOCAP and
CMU-MOSEI, with three prior state-of-the-art methods. Numbers not reported by prior methods
are marked with “-'. We observe arouBdl0% increase in MA and-23% increase in F1 score.

Dataset Method F1 MA

Kim et al. (Y. Kim, H. Lee, and Provost 2013 - 72.8%
Majumdar et al.(Majumder et al. 2018) - 76.5%
IEMOCAP Yoon et al.(S. Yoon et al. 2019) - 77.6%
M3ER 0.824 | 82.7%

Sahay et al.(Sahay et al. 2018) 0.668 -

Zadeh et al.(A. B. Zadeh et al. 2018) 0.763 -

CMU-MOSEI| Choi et al.(Choi, Song, and C. W. Lee 2018) 0.895 -
M3ER 0.902 | 89.0%

grams using Convolutional Neural Networks (CNNs) architectures. They then use
a trainable attention mechanism to leaner the non-linear dependence between the
two modalities.

(c) Sahay et al(sahay et al. 2018propose a tensor fusion network that explicitly models
n-modal inter-modal interactions using an n-fold Cartesian product from modality

embeddings.

Figure 2.6:M3ER's Step 2 Visualization (Regenerating Ine ectual Feature Vector): We

show the quality of the regenerated proxy feature vectors for each of the three modalities. For
the three graphs, we demonstrate the original feature vector (blue), the ine ectual version of the
modality because of added white Gaussian noise (red), and the regenerated feature vector (green).
The meanL , norm distance between the original and the regenerated vector for the speech, text,
and face modality are all arour@l01% of the L, norm of the respective data.

2.2.4.2 Experimental Analysis

We discuss and analyze the results of various experiments below.
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