ABSTRACT

Title of Dissertation: DEVELOPING MULTIMODAL LEARNING
METHODS FOR VIDEO UNDERSTANDING

Mingwei Sun,
Doctor of Philosophy, 2024

Dissertation Directed by: Professor Kunpeng Zhang,
Department of Decision, Operations and Information Technologies

Inrecent years, the field of deep learning, with a particular emphasis on multimodal representation
learning, has experienced significant advancements. These advancements are largely attributable
to groundbreaking progress in areas such as computer vision, voice recognition, natural language
processing, and graph network learning. This progress has paved the way for a multitude of
new applications. The domain of video, in particular, holds immense potential. Video is often
considered the most potent form of digital content for communication and the dissemination of
information. The ability to effectively and efficiently comprehend video content could prove
instrumental in a variety of downstream applications. However, the task of understanding video
content presents numerous challenges. These challenges stem from the inherently unstructured
and complex nature of video, as well as its interactions with other forms of unstructured data,
such as text and network data. These factors contribute to the difficulty of video analysis. The
objective of this dissertation is to develop deep learning methodologies capable of understanding

video across multiple dimensions. Furthermore, these methodologies aim to offer a degree of



interpretability, which could yield valuable insights for researchers and content creators. These
insights could have significant managerial implications.

In the first study, I introduce an innovative network based on Long Short-Term Memory (LSTM),
enhanced with a Transformer co-attention mechanism, designed for the prediction of apparent
emotion in videos. Each video is segmented into clips of one-second duration, and pre-trained
ResNet networks are employed to extract audio and visual features at the second level. I construct

a co-attention Transformer to effectively capture the interactions between the audio and visual
features that have been extracted. An LSTM network is then utilized to learn the spatiotemporal
information inherent in the video. The proposed model, termed the Sec2Sec Co-attention Transformer,
outperforms several state-of-the-art methods in predicting apparent emotion on a widely recognized
dataset: LIRIS-ACCEDE. In addition, I conduct an extensive data analysis to explore the relationships
between various dimensions of visual and audio components and their influence on video predictions.
A notable feature of the proposed model is its interpretability, which enables us to study the
contributions of different time points to the overall prediction. This interpretability provides
valuable insights into the functioning of the model and its predictions.

In the second study, I introduce a novel neural network, the Multimodal Co-attention Transformer,
designed for the prediction of personality based on video data. The proposed methodology
concurrently models audio, visual, and text representations, along with their intra-relationships,

to achieve precise and efficient predictions. The effectiveness of the proposed approach is demonstrated
through comprehensive experiments conducted on a real-world dataset, namely, First Impressions.
The results indicate that the proposed model surpasses state-of-the-art methods in performance
while preserving high computational efficiency. In addition to evaluating the performance of the

proposed model, I also undertake a thorough interpretability analysis to examine the contribution



across different levels. The insights gained from the findings offer a valuable understanding
of personality predictions. Furthermore, I illustrate the practicality of video-based personality
detection in predicting outcomes of MBA admissions, serving as a decision support system. This
highlights the potential importance of the proposed approach for both researchers and practitioners
in the field.

In the third study, I present a novel generalized multimodal learning model, termed VAN, which
excels in learning a unified representation of Visual, acoustic, and network cues. Initially, I
utilize state-of-the-art encoders to model each modality. To augment the efficiency of the training
process, I adopt a pre-training strategy specifically designed to extract information from the
music network. Subsequently, I propose a generalized Co-attention Transformer network. This
network is engineered to amalgamate the three distinct types of information and to learn the
intra-relationships that exist among the three modalities, a critical facet of multimodal learning.
To assess the effectiveness of the proposed model, I collect a real-world dataset from TikTok,
comprising over 88,000 videos. Extensive experiments demonstrate that the proposed model
surpasses existing state-of-the-art models in predicting video popularity. Moreover, I have conducted
a series of ablation studies to attain a deeper comprehension of the behavior of the proposed
model. I also perform an interpretability analysis to study the contributions of each modality to
the model performance, leveraging the unique property of the proposed co-attention structure.
This research contributes to the field by proffering a more comprehensive approach to predicting

video popularity on short-form video platforms.
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Chapter 1: Introduction

In the past decade, video content has emerged as an integral component of people's daily routines.
As of 2023, individuals are allocating an average of 17 hours per week to the consumption of
online video content [78]. Speci cally, in the United States, it is anticipated that by 2024, there
will be 164.6 million internet users engaging with video content, as per data from Statistica [18].
This surge in video content consumption has led to a transformative impact on social media
platforms. A majority of these platforms, including TikTok, Instagram, and Facebook, now offer
video-sharing services. To illustrate, TikTok reported 1.04 billion monthly active users in May
2024 [92], with an annual expenditure of $3.84 billion from consumers [19]. Given this context,
video marketing presents immense business potential. In fact, 91% of businesses are leveraging
video as a marketing tool [106].

The ubiquity and exponential growth of video marketing have sparked a surge of interest
among scholars and industry professionals alike. They are keen to comprehend the multifaceted
dimensions of video content, including auditory intensity (loudness) [40], aesthetic considerations
(color choice) [56], and verbal (topic) and non-verbal (facial expression) communication cues
[55]. While these elements provide valuable insights, they are relatively straightforward to extract
and interpret. They represent only the surface-level understanding of video content, leaving a vast

array of deeper, more complex aspects unexplored. These uncharted territories hold the potential



to unlock a more profound understanding of video content, thereby paving the way for a myriad
of downstream analyses and studies.

In the sphere of arti cial intelligence, the past few years have witnessed remarkable strides
inthe eld of deep learning, with a particular emphasis on multimodal learning. This progress has
been fueled by groundbreaking advancements in several sub-domains, including computer vision,
natural language processing, voice recognition, and network learning. As a result, multimodal
learning has demonstrated exceptional performance across a wide array of applications. One such
application is video analytics, where videos typically comprise visual and auditory components.
This makes video analytics a natural and tting application for multimodal learning.

Despite the immense potential of multimodal learning in this domain, it is not without its
challenges. The application of existing methods may not always yield optimal performance in a
given context due to several reasons. Firstly, capturing the interaction and alignment between the
auditory and visual components of a video is a complex task. | posit that this aspect is integral
to the performance of the model. Secondly, temporal information embedded within the video is
of critical importance. The ability to accurately utilize this information can signi cantly enhance
the model's performance. Thirdly, the fusion of auditory and visual data with other types of
information, such as text and graph networks, is a crucial consideration. The integration of these
diverse data types can provide a more holistic understanding of the video content. Lastly, the
current practice of employing deep learning models in video understanding is predominantly a
black-box approach. This lack of interpretability impedes the broader adoption of these powerful
models and fails to provide actionable insights and managerial implications.

In light of this, the primary objective of this dissertation is to delve deeper into the realm
of video understanding. To achieve this, | propose the development and application of advanced
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deep learning methodologies. These methods are designed to penetrate beyond the super cial
layers of video content, enabling a more comprehensive and nuanced understanding. By harnessing
the power of multimodal learning techniques, | can uncover hidden patterns and alignments
within the video content. This, in turn, can facilitate a wide range of applications, from enhancing
the effectiveness of video marketing strategies to improving the accuracy of video-based predictive
models. Ultimately, this research aims to contribute signi cantly to the eld of video content
analysis, setting new benchmarks for future studies in this domain.

Study 1: Sec2Sec Co-attention Transformer for Video Emotion Prediction

Video-based apparent emotion detection plays a crucial role in video understanding, as they
encompass various elements such as vision, audio, audio-visual interactions, and spatiotemporal
information, which are essential for accurate video predictions. However, existing approaches
often focus on extracting only a subset of these elements, resulting in the limited predictive
capacity of their models. To address this limitation, | propose a novel LSTM-based network
augmented with a Transformer co-attention mechanism for predicting apparent emotion in videos.
Speci cally, | divide each video into one-second clips and utilize pre-trained ResNet networks
to extract audio and visual features at the clip level. | develop a co-attention Transformer to
effectively capture the interactions between the extracted audio and visual features and leverage
an LSTM network to learn the spatiotemporal information present in the video. | demonstrate that
the proposed Sec2Sec Co-attention Transformer surpasses multiple state-of-the-art methods in
predicting apparent emotion on a widely used dataset: LIRIS-ACCEDE. Additionally, | perform
comprehensive data analysis to investigate the relationships between different dimensions of
visual and audio components and their impact on video predictions. Notably, my model offers

interpretability, allowing me to examine the contributions of different time points to the overall
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prediction.

Study 2: Multimodal Co-attention Transformers for Video-Based Apparent Personality
Understanding

Video has emerged as a pervasive medium for communication, entertainment, and information
sharing. With the consumption of video content continuing to increase rapidly, understanding the
impact of visual narratives on personality has become a crucial area of research. While text-based
personality understanding has been extensively studied in the literature, video-based personality
prediction remains relatively under-explored. Existing approaches to video-based personality
prediction can be broadly categorized into two directions: learning a joint representation of audio
and visual information using fully-connected feed-forward networks, and separating a video into
its individual modalities (text, image, and audio), training each modality independently, and then
ensembling the results for subsequent personality prediction. However, both approaches have
notable limitations: ignoring complex interactions between visual and audio components, or
considering all three modalities but not in a joint manner. Furthermore, all methods require high
computational costs as they require high-resolution images to train. In this chapter, | propose a
novel Multimodal Co-attention Transformer neural network for video-based personality prediction.
My approach simultaneously models audio, visual, and text representations, as well as their
inter-relations, to achieve accurate and ef cient predictions. | demonstrate the effectiveness of
my method via extensive experiments on a real-world dataset: First Impressions. My results
show that the proposed model outperforms state-of-the-art approaches while maintaining high
computational ef ciency. In addition to my performance evaluation, | also perform a set of
comprehensive interpretability analyses to investigate the contribution across different levels. My
ndings reveal valuable insights into personality predictions. In addition, | showcase the utility of
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video-based personality detection in predicting MBA admission outcomes as a decision support
system, highlighting its potential signi cance for both researchers and practitioners.

Study 3: Network-enhanced Multimodal Co-attention Learning for Short Video Popularity
Prediction

The recent surge in the popularity of short-form videos has unveiled considerable opportunities
for business applications, encompassing personalized recommendations and targeted advertising.
Predominantly, traditional research employs acoustic-visual information for making predictions
about video popularity. However, a unique feature of these platforms is the music network,
which provides an abundance of information on the distribution and sharing of various trending
songs. This could potentially in uence video popularity, a factor often overlooked in existing
literature. In this chapter, | introduce a novel generalized multimodal learning model, termed
VAN, which is adept at learning a uni ed representationvifual, acoustic anchetwork cues.
Initially, we employ cutting-edge encoders to model each modality. To enhance the ef ciency of
the training process, | design a pre-training strategy speci cally tailored to extract information
from the music network. As a nal step, | put forward a generalized Co-attention Transformer
network. This network is designed to fuse the three distinct types of information and to learn the
intra-relationships that exist among the three modalities, a crucial aspect of multimodal learning.
To evaluate the effectiveness of the proposed model, | have collected a real-world dataset from
TikTok, consisting of over 88,000 videos. My comprehensive experiments demonstrate that my
model outperforms existing state-of-the-art models in predicting video popularity. Furthermore,
we have conducted a series of ablation studies to gain a deeper understanding of the behavior
of my model. We additionally conduct interpretability analysis to examine the contributions of
each modality to the model performance by leveraging the distinctive property of the proposed
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co-attention structure. This research contributes to the eld by offering a more comprehensive
approach to predicting video popularity on short-form video platforms.

Collectively, the proposed methods and the ndings of three studies in this dissertation
provide us with a more profound comprehension of videos from multiple perspectives. This
enhanced understanding paves the way for a plethora of downstream research opportunities,
thereby expanding the horizons of knowledge in video analytics. The insights gained from these
studies provide valuable guidance for both researchers and practitioners. For researchers, these
insights can inform the design of future studies, helping to re ne research questions, hypotheses,
and methodologies. For practitioners, particularly those in the realm of video marketing and
analytics, these insights can inform strategic decision-making, helping to optimize the effectiveness

of video content and drive business outcomes.



Chapter 2: Sec2Sec Co-attention Transformer for Video Emotion Prediction

2.1 Introduction

Emotions are generally described as mental states by neurophysiological changes. They can be
associated with thoughts, feelings, behavioral responses, and a degree of pleasure or displeasure
[104], which can accordingly affect our decision-making and eventually shape how we perceive
the world ubiquitously. As cognitive processes can be profoundly in uenced by emotions [77],
people primarily rely on emotional levels when making their judgments [11]. Several dimensions
that could be linked to emotion-related responses have been identi ed [73]. Among these two
major ones have been widely explored in the literature. They are pleasure-displeasure and
arousal-sleep dimensions. Speci cally, The former indicates the degree of positivity or negativity

of the experience, also known as valence, while the latter assesses the level of energy or fatigue
that an experience produces, also known as arousal.

There has been a growing interest in understanding human emotions from both researchers
and practitioners. Emotion detection has been the main focus of existing literature, which is
also the scope of our study. Various methods have been proposed to detect emotions, especially
for text documents. For example, Kratzwald et al. developed a transfer learning-based model
(calledsent2affegtfor emotion recognition [46]. Su et al. designed a long short-term memory
(LSTM) network to predict emotions based on the combination of semantic and emotional words
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