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Xii Abstract

Diploma Thesis

Multimodal Video Summarization and Highlight Detection

Spyridon Barmpakos
Abstract

In an era dominated by digital media, video consumption has become an integral part of
daily life. However, despite the valuable information videos offer throughout their length,
watching them in full can often prove tedious. This is why researchers in recent years have
engaged themselves in the field of video summarization and highlight detection, that promises
the localization of the most important segments of videos.

While most of the existing methods are based on supervised learning with manually an-
notated datasets, such datasets are limited due to high costs and time consumed by human
annotation. Recently, some researchers have explored weak-supervision and Reinforcement
Learning to overcome this limitation. Additionally, instead of using the video frames as uni-
modal input, they built models that could handle both the video frames and the video transcript
as multimodal input, in order to improve the performance of the models.

Despite the fact that there is a lot of research on both supervised and unsupervised uni-
modal models, there is a research gap regarding the unsupervised multimodal approaches.
To this end, we present a new multimodal approach that brings together Transformers, Large
Language Models and modality fusion to generate video summaries and locate key highlights.
Our pipeline leverages visual frames and transcripts of un-annotated raw videos and is trained
under a Reinforcement Learning framework. In our experiments, we demonstrated that incor-
porating the text modality significantly improves the model’s performance compared to when
it is not used. Additionally, we showcased the advantages of using a Transformer architecture

compared to a Recurrent Neural Network architecture within the scope of our study.

Keywords:
Deep Learning, Computer Vision, Natural Language Processing, Video Summarization, High-

light Detection, Reinforcement Learning, Modality Fusion

Institutional Repository - Library & Information Centre - University of Thessaly
06/09/2026 07:40:48 EEST - 216.73.216.250



Lepiinyn xiil

Authopoatikny Epyacio

IHolvtpomikn Xvvoyion Bivreo kot Evromopog Xtiypiotorov

Evow@épovrog

Xropiov Maappumdkog
Iepiinyn

Y o emoyn mov Kuprapyeitot omd to ynelokd péca, n katavdiwon Pivteo €xet yivel ava-
moOoTaoTo UEPOG TG Kanuepvig Long. Tlaporo mov ta Pivieo cuyvd mepiéyovv TOADTIUES
TANpoYopiec, N ToPakoAoHONGT OAGKANPOL TOV TEPIEYOUEVOL TOVG UTTOPEL va. Elval ypovo-
Bopa kot kovpaoTtikn. Avtdg eivarl 0 Adyog Yo ToV 0moio o1 EpELVNTEG T TEAELTAI XPOVIQ
00YOAOVVTOL LE TOV TOUEN TNG GLVOYIoNG Bivteo Kol TOV EVTOTICUOD GNUEI®V EVOLAPEPOV-
TOG, O OTOI0G VITOGYETAUL TOV EVIOTICUO TMV MO CNUAVTIKOV TUNUATOV Tov Biveo.

Evo ot mepiocotepeg amd Tig vapyovoeg peddoovg Pacilovtal oty emPAemopevn pd-
Onon pe xepoxivnta emonuelwuéva cHVOAN dedOUEVDV, Ta OEdOUEVO LT elvon TEpLopt-
opéva A0y Tov LYNAODH KOGTOVS KOt TOL ¥POVOL OV KOTAVOADVETAL OO TNV d10dIKOGi0L
™¢ avOpomivng emonpeimong. [pdopata, opiopévol epevvntéc diepevvnoay pebddovg evi-
oYLTIKNG padnong Ko pabnong pe acevn enifreym. EmmAéov, ektog amd ) yprion twv
Kapé TOL PivTeo MG LOVOTPOTIKT €G0S0, YPTCLOTOINGOV TO OTOLLOYVITOPMVTLLEVO KEILEVO
0€ GUVOLOGUO LE T KapE TOL PIvteo, ONUIOVPYADVTOG [0 TOAVTPOTIKY €{G0O00 Y10l TO. [LO-
viéha. [Tapd to yeyovog Ot €xet yivel apket £pgvva TOGO Y10 TOL EMOTTEVOUEVA OGO KO Y10l
TO, 1Y) ETOTMTEVOUEVO LLOVOTPOTIKG LOVTELQ, LITAPYEL £VOL EPELVNTIKO KEVO OGOV 0pOopdL TIG
UM EMOTTEVOUEVES TOAVTPOTKEG TPOGEYYIoELS. I'la TOV 6KOTd T, TapoLGLalovpe pa véa
TOAVTPOTIKY TPOGEYYIon Tov cuvdovdlel Transformers, Meydlo 'howooiukd Movtéha kot te-
YVIKEG TOAVTPOTIKNG GVVINENG Yo TN ONpovpyia cuvOyiong TV Pivieo Kot TOV EVIOTICUO
TOV GNUEIDOV EVOLUPEPOVTOC.

To povtého mov dnpiovpynoape aElomolel Ta KapE Kol TO OTOLOYVITOPMVTLEVO KEILEVO
amd U EMONUEIOUEVA, OKATEPYOOTA Bivieo. AKOUN, Y10 TV EKTOIOEVOT) TOL LOVTELOL ¥P1)-
OLLOTOMOCOLE EVIGYVTIKY HLAONGoT. Xt Telpdpotd pog dei&ope 0T | EKUETAAAEVOT| TOV OTO-
LAYV TOQMVNILEVOD KEWEVOD PEATIOVEL GNUAVTIKA TNV ATOS0CT) TOL LOVTEAOL, GE avtifeon
He TV xpnon Hovo Tov kapé Tov Pivieo wg €icodo. EmmAéov, avadeiEope ta TAEOVEKTHLATOL

™¢ XpPNong g apyrtektovikng Transformer 6e chykpion e TO EMAVOANTTIKO VEVPOVIKA
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Chapter 1

Introduction

1.1 Motivation

As digital media continues to dominate daily life, videos have become a central source of
information and entertainment for people. Yet, watching the full duration of them can be very
time-consuming. To tackle this, researchers in recent years have engaged themselves in the
fields of video summarization and highlight detection. These areas aim to automatically detect
the most informative and engaging parts of videos, and in the case of video summarization,
generate a shorter, more condensed version of the video.

In recent studies [21], [22], [23],[24], [25], deep learning models are trained on manually
annotated datasets in a supervised manner to generate video summaries. The main constrain
in this case is that annotated video summarization datasets are quite limited, as the process
of employing human annotators is both costly and time-consuming [26], [27].

To address this limitation, researchers have developed models that utilize weak-supervision
or Reinforcement Learning to locate the important parts of videos and generate video sum-
maries [28], [29].

Another key-component of the research on video summarization is the way the models
process the input videos. A video consists of three essential components: the visual frames,
the speech (transcript), and the audio. Some works only use the frames of the video as input
(unimodal models) [22], [28], while others use the frames along with the transcript (multi-
modal models), or they augment the dataset by using models to generate descriptive captions
for each frame [21]], [23], [24], [25].

Based on the above, we conclude that there is a significant amount of research on uni-

1
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2 Chapter 1. Introduction

modal and multimodal models trained using supervised learning, as well as unimodal models
trained in an unsupervised manner. However, there is limited research on multimodal mod-
els trained in an unsupervised way. Following this under-researched direction could lead to
the development of models that can exploit multimodal information of a vast amount of raw
videos, hence leading to robust models.

This remark motivated us to develop a multimodal model that leverages Transformers,
Large Language Models and modality fusion techniques to generate video summaries and
detect video highlights. Our model exploits the frames and the transcripts of raw unannotated
videos, and through a Reinforcement Learning Framework learns to create concise summaries
and identify key highlights in the videos. Despite the fact that we use un-annotated videos

for our training dataset [16], we use annotated videos to evaluate our model on the two tasks.

1.2 Related Work

The field of video summarization has seen significant advancements in recent years, lead-
ing to a lot of different approaches. Here, we will focus more on the works related to multi-
modal video summarization. We will start by exploring the multimodal supervised-learning
approaches, without diving deep into each one. However, the unsupervised approaches are
going to be explained in greater detail.

“SUSiNet” is a multi-task spatio-temporal network that can jointly tackle the spatio-
temporal problems of saliency estimation, action recognition, and video summarization [22].

The “UMT” presents the first unified framework for joint video moment retrieval and
highlight detection using bottleneck transformers [23].

The “CLIP-It” model introduces a language-guided multimodal transformer for generic
and query-focused video summarization [24].

The “Clover” model introduces a Correlated Video-Language pre-training method that
improves cross-modal feature alignment and fusion via a novel tri-modal alignment pre-
training task [21].

In [25], the model generates both video and text summaries from an input video and its
subtitles, with each summary enhancing the other through the fusion of the two modalities.
The researchers propose a fusion mechanism called “align and attend”, which uses a mask-

ing approach: visual features can only attend to textual features when they are temporally
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1.3 Thesis Contribution 3

aligned—that is, when they appear at the same time in the video.

The above was a brief overview of supervised multimodal video summarization approaches.
However, as mentioned above, a major challenge in video summarization is the limited avail-
ability of annotated datasets, which can be explained by the expensive annotation process
that requires manual labor. This led some researchers to believe that supervised learning
techniques are not enough to unlock the full potential of the deep learning models in video
summarization. Consequently, they have proposed approaches that train models without an-
notated datasets, although they still use such datasets for evaluation.

In [29], researchers focus solely on instructional videos and argue that the key parts of
videos on a specific topic will be similar across different videos on that topic. By comparing
multiple videos on the same topic, they create synthetic annotations based on these shared
key elements, which then serve as the ground-truth summary. They then use these pseudo-
summaries as weak supervision. As mentioned above, they use a manually annotated dataset
for evaluation. In the fusion process, the video is segmented into parts, and a representation
of each segment is created by combining and averaging its visual and textual features (tran-
script). These representations are then fed into a transformer encoder, which evaluates the
saliency of each segment and the summary is generated accordingly.

The work of [28] only considers the visual features of videos, focusing on a unimodal
summarization task. Building on previous research, the researchers argue that human-generated
summaries are both diverse—meaning the selected segments are not repetitive—and rep-
resentative, capturing most of the content shown in the original video. In their work, they
develop formulas to quantify the presence of these characteristics in a video summary as a
score, which is then used as a reward to train an LSTM-based summarization network, using
Reinforcement Learning.

Our method builds on [25] and [28] by utilizing a multimodal Transformer architecture

for the summarization network and by extending the reward function.

1.3 Thesis Contribution

The contributions of this thesis can be summarized as follows:
1. We developed a multimodal model that can generate video summaries and locate high-

lights. The model is trained using both the frames and transcripts of raw videos as input,
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4 Chapter 1. Introduction

utilizing a Reinforcement Learning framework.

2. We use a sliding window approach to address the text sequence length limitation of the

BERT language model [30].

3. We compare unimodal and multimodal models using various metrics to identify their

respective strengths and weaknesses.

1.4 Thesis Structure

The structure of the thesis is as follows:

Chapter 1: Introduction - Describes the motivation of the research, outlines the con-

tributions and presents the related work.

Chapter 2: Background - Presents the background concepts that are needed for un-

derstanding the proposed method.

Chapter 3: Proposed Method - Provides a detailed description of the proposed pipelines

and their implementation.

Chapter 4: Data and Evaluation Setup - Presents the datasets and describes the

benchmark that will be used to evaluate the models.

Chapter S: Experiments and Results - Provides details regarding the implementation,

and presents the experiments and the results.

Chapter 6: Conclusions - Provides Conclusions based on the results of the previous

chapter and suggests future steps of this research work.
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Chapter 2

Background

In this chapter, we will outline the fundamental models and mathematical concepts that

form the basis of our work.

2.1 Embeddings

The first topic we will explore is Vector Embeddings, which are a fundamental element in
Machine Learning. At an abstract level, Embeddings are a method to represent concepts in a
high-dimensional area as vectors. Those concepts can be in the form of words, texts, images,
videos, or virtually any type of data.

The strength of embeddings lies in their ability to position similar ideas as close vectors,
while dissimilar ones are farther apart (as can be seen in Figure 2.1]). This practice enables the
machine-learning models to recognize the meaning of each concept by its relative position in
this high-dimensional space. In the later sections, we will talk about how these Embeddings

are created.

5
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6 Chapter 2. Background

Figure 2.1: 3D Word Embeddings that form a cloud. The colored segments indicate the po-

sition of words that concern a certain topic.
2.2 Neurons and Feedforward Neural Networks

2.2.1 Neurons

The research of biological neurons and the attempt to model them with mathematical
tools eventually led to the creation of the first artificial neuron by McCulloch and Pitts [31],
which was soon followed by the Perceptron model. In Figure 2.2 we can see the similarities
between the Biological Neuron and the Artificial Neuron

The transfer function of the Perceptron model is the following:
y= f(zwz% +0)
i=1

where y is the output of the Neuron, x; are the inputs, w; and b are the weights and bias
respectively, and f is the activation function. In essence, it is a weighted sum transformed by
a function f.

If the activation function is linear, the neuron performs a linear transformation of the
inputs, which lets it make decisions based on whether the sum is above or below a threshold.
This can be used for binary classification problems.

If the activation function is non-linear, the neuron gains the ability to introduce non-
linearity into its output, which lets it perform more complex decision-making, by approxi-

mating non-linear functions.
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Figure 2.2: Similarities between the Biological Neuron (left) and the Artificial Neuron (right)
(Figure from [[I]]).

2.2.2 Feedforward Neural Networks

The capabilities of a single neuron are quite limited. To overcome this, neurons are in-
terconnected to create feedforward neural networks, as shown in Figure R.3. By working to-
gether, these networks can model and solve much more complex problems, by approximating

very complex functions.

Figure 2.3: A Feedforward Neural Network with one hidden layer (Figure from [2]).

We have discussed how the model generates outputs by creating linear or non-linear com-
binations of the weighted sums of its inputs. A key challenge in machine learning is deter-
mining how to adjust these weights effectively to approximate the desired function.

This process is known as Backpropagation or the backward pass (as opposed to the
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8 Chapter 2. Background

forward pass). This process starts by performing a forward pass with randomly initialized
weights, and then calculating the error between the predicted output and the desired output.
The derivative of the error is then calculated with respect to each weight and bias, showing
the direction that each weight and bias has to be adjusted to minimize the error. In a process
called gradient descent, the weights and biases are adjusted in this direction. The process is

repeated many times until the error has reached a minimum threshold.

2.3 The Need for Processing Sequential Data

In many domains, data are sequential, meaning each element’s order matters. Examples of
sequential data include time-series data, text, and audio signals. To process this type of data,
the models need to capture dependencies between elements and understand how different
parts of the sequence influence each other.

Despite their effectiveness in processing independent data points, feedforward neural net-
works cannot process sequential data. This limitation led researchers to design new architec-
tures such as Recurrent Neural Networks and Transformers that can handle sequential and

contextual dependencies in the data.

2.4 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) work similarly to Feedforward Neural Networks,
with the difference that the output depends not only on the current input, but also on past
inputs. This is achieved through a hidden memory that is updated in each forward pass by
storing information that is used by the model combined with the current input to calculate the

output. In Figure 2.4, we can see an RNN unfolded through different time steps.

Figure 2.4: A simple RNN unfolded through time (Figure from [3]).

Recurrent Neural Networks became very popular because they could process sequences

Institutional Repository - Library & Information Centre - University of Thessaly
06/09/2026 07:40:48 EEST - 216.73.216.250



24.1 LSTM 9

of arbitrary length while having a fixed size. Subsequently, they were used a lot in Natural
Language and Audio Processing. However, this RNN architecture, due to its simplicity, tends
to “forget” information from the distant past, also known as the vanishing gradient problem.
It can struggle with instability when the flow of information grows uncontrollably, leading
to what is known as the exploding gradient problem. To overcome these issues, researchers
invented more complex RNN architectures such as the Long Short-term Memory Networks
(LSTMs), which help model the complex long-term relationships between different elements

in a sequence.

24.1 LSTM

To address the limitations of simple RNNs, LSTMs [32] introduce a cell state (C' in Figure
R.3), separate from the hidden state (A in Figure R.3), that stores information. Additionally,

the flow of information in the cell is controlled by three gates:
* Forget Gate: Determines what information should be discarded.

* Input Gate: Determines what new information from the current input should be intro-

duced.

* Output Gate: Determines how the cell state will influence the current output and hid-

den state.

h,
1 3
g
& LSTM Memory Cell =N
[ Forget gate Input gate Output gate :
Ces = 1+ C
i tanh |
- I
1 1
! i
: o a tanh :
mm | T T 1 |
A P
1 \5-} _________ - - -_—l’ f
X

Figure 2.5: The LSTM cell (Figure from [4]).
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10 Chapter 2. Background

This process lets the LSTMs model long-term relationships between elements in a sequence
reliably, while minimizing the effects of vanishing and exploding gradients, as the flow of

information is regulated by the gates and the Cell.

This sophisticated architecture led to a breakthrough in Natural Language Processing and

many other domains that required the processing of sequences of data.

However, LSTMs process the sequences one element at a time, which limits the ability to
utilize parallel computation, as each step is dependent on the previous step. Additionally, the
problem of vanishing and exploding gradients may be addressed but is not entirely solved.
Moreover, after processing a sequence, LSTMs encode the information in a single vector.
This can lead to an information bottleneck, as important information might be lost in long

sequences.

Those limitations were largely addressed by the Transformer models.

2.5 Transformers

Transformers were first introduced in 2017 [5] and since then, have dominated the area
of Natural Language Processing, leading to breakthroughs such as Large Language Models
(LLMs). Their popularity stems from the fact that they effectively address many of the issues

associated with LSTMs, making them highly suited for sequence processing tasks.

In the original paper, the Transformer architecture included a Transformer Encoder and
a Transformer Decoder, which are used together for sequence generation tasks. The Encoder
processes and encodes the input sequence, while the Decoder takes this encoded representa-

tion and generates the output sequence.

In our work, we will not use a Transformer Decoder, as we will not perform any sequence

generation, so we will skip its explanation.

2.5.1 Transformer Encoders

In Figure R.6, the structure of a Transformer encoder is illustrated. It consists of many

modules which are covered next.
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Figure 2.6: Transformer Encoder (Figure from [5]).

Figure 2.7: Forward pass of the self-attention mechanism for the word “bank” (Figure adapted

from [6]).

Self-attention

Self-attention is the key innovation that led to the popularity of Transformer’s architec-
ture. We will examine the case where the inputs are words, even though every other form of

data works in the same way.
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12 Chapter 2. Background

The core idea of self-attention is to let words interact with each other, in such a way
that their meanings get contextualized. This is achieved by shifting their vector towards the
direction of the vectors of related words in the text.

On the left side of Figure R.7, we see the input words river bank ... him, that are repre-
sented by the vectors (), (@ .. 2(T) respectively.

Self-attention uses three weight matrices, more specifically W, W, W, which are
learned during training. These matrices are multiplied with each input vector to produce dif-

ferent representations, that serve different purposes, namely the Query, Key, and Value.
* Query: q) = xOW,_ fori € [1,T]
* Key: k@ = xOW, fori € [1,T]
* Value: v = xOW, fori € [1,T)

The index ¢ refers to the index of the words in the text sequence, which has length 7.

Let d be the dimensionality of the input vectors (x”). Let d,, dy, d,, be the dimensionality
of the vectors 'V, k(®) v() respectively. Because of that, the weight matrices W,, W, W,
need to have dimensionality d x d,, d x dj,d x d, respectively. In the simplest case (single
headed attention), d, = di, = d, = dpoder, Where dp,oqe1 18 the size of the output vector.

Figure 2.7 illustrates the process of generating the output vector for the second word
(bank, x?)). The output z? for this specific token should be a contextualized version of the
input x(?.

The word bank can cither mean a river bank or a financial establishment, however, the
vector that represents it should be unique. In this specific example, the word river is right
before it, so the attention mechanism should allow the word river to interact with the word
bank, so that the generated vector z(?) better represents the concept of the bank as a river
bank. On the contrary, the last word of the sentence (him) most likely doesn’t interfere with
the meaning of bank, so it should not influence the output vector.

To achieve that, the model has to determine the influence of each word on the second
word and quantify it by assigning weights. The model first needs to compute the dot product

of the query vector of the second word with the key vector of every word in the sequence.
wi; = q"KY) j € [1,T), in this case i = 2

To achieve the desired result, the key vector k) of the words that should influence the

meaning of the current word must have a high dot product with the query vector q‘?. This
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2.5.1 Transformer Encoders 13

is made possible by the weight matrices W, and W, which are trained to ensure that these
two vectors produce a large dot product in such cases.

The next step is to normalize the unnormalized attention weights W to obtain the nor-

malized attention weights «. On top of that, the factor \/Ld? is used to normalize W before

passing it through the softmax function, where dj, is the dimension of the input vectors.

Wi
vy

The last step involves calculating z(?, as the weighted sum of the value vectors v of

a;; = softmax( ),j € [1,T], in this case i = 2

the inputs.
T

70 — Z ; v, in this case i = 2
j=1

Following the same process for all the inputs, the model generates all the outputs of the
self-attention z(*).

To present the method in a more compact way, we introduce three matrices Q, K, V,
which are constructed by stacking the vectors g, k), v(¥) respectively, for all values of .

The self-attention operation can then be defined in a single formula:

Attention(Q, K, V) = SOftmaX(QKT)V
K Vi

Because of the operations that are performed, this type of self-attention mechanism is

also called scaled-dot-product attention.

Multi-Head Attention

Scaled-dot-product attention is a great way to contextualize the meaning of words, and
the learned matrices W,, W, W, help the inputs interact with each other in the desired way.
However, the relationships between words in a sentence can be very complicated, as shown
in Figure .8 This highlights the need for a more complex process, that provides ways to
capture many different relationships between words and contextualize them in various ways.

Multi-head attention does that by introducing different attention heads, each one respon-
sible for capturing different kinds of relationships among the tokens in the sequence.

Let h be the number of heads and d,,,,4¢; be the size of the output of the attention mecha-
nism. In multi-head attention, the queries, keys, and values are each linearly projected h times

using different learned linear transformations Wf], ' W' respectively, where i € [1,h].
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moderates

this restaurant was not too terrible

property of

Figure 2.8: The relationship between words in a sentence, highlighting the need for Multi-

Head Attention (Figure from [[7]).

These projections map the inputs to d, di, and d,, dimensions respectively, where d, = d, =
Amodet | h-

The dimensions of the key and value vectors must always match, because the attention
mechanism computes a dot product between them. After these projections, the attention func-
tion is applied individually to each of the / sets of projections, producing output values of
dimension dj,.

Finally, the h outputs from the attention function are concatenated and passed through

another linear projection Wo,.

MultiHead(Q, K, V) = Concat(heady, ..., head,)W o

where head; = Attention(QW;, KW, VW)

The overview of this mechanism is illustrated in Figure 2.9

Positional Encoding

Self-attention updates each sequence’s vectors by incorporating information about their
context. However, understanding the context of the tokens alone is not enough, because the
position of the tokens within the sequence is equally important. To address this, researchers
developed a mechanism to encode positional information directly into the embedding vector

of each token.
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2.6 BERT Model 15

Figure 2.9: Multi-Head Attention mechanism overview (Figure from [3]).

To accomplish this, they introduced a new type of vector embedding, where each vector
corresponds to a specific position in the sequence. This is achieved by utilizing sinusoidal
waves of different frequencies, one for each dimension of the Positional Embedding vector.
Another alternative is to make positional embeddings learnable parameters, so their values
are updated during training.

The Positional Embedding is added to the “meaning” Embedding for each token and their

sum is used as the input to the model.

The rest of the architecture

As illustrated in Figure 2.6, apart from the Multi-Head Attention sublayer, there is also
a feedforward sublayer. Also, there is a residual connection [33] around each of the two

sublayers, followed by layer normalization [34].

2.6 BERT Model

One of the most popular usages of Transformer Encoders is the BERT model (Bidirec-
tional Encoder representation from Transformers) [30]. It is a pre-trained model that consists
of a stack of Transformer Encoders, as shown in Figure R.10. It was trained using a masked
language modeling task, where sentences are presented with certain words masked, and the
model’s goal is to predict the masked words correctly. To accomplish this, a feedforward
neural network layer and a softmax function were added on top of the Transformer Encoders.

The power of the BERT architecture lies in the fact that the trained version of it can be

used in a variety of tasks that have nothing to do with masked language modeling. This is
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Generate contexualized Embeddings
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Figure 2.10: Illustration of the BERT architecture (Figure from [8]).

true, because learning to predict masked words correctly enabled it to generate rich feature
vectors for each input token, injected with information about their context.

These enhanced features can be used in a variety of tasks, like sentiment analysis, spam
detection, Named Entity Recognition, Part-of-Speech Tagging, Dependency Parsing and Ex-
tractive Text Summarization. All these tasks can be accomplished by adding other neural
networks on top of the pre-trained BERT architecture and training the model for a few ex-
amples. Because BERT already captures a lot of information about the language, the model

converges quickly and reaches the desired result.

2.7 AREDSUM Model

In this section, we will present the Adaptive Redundancy-Aware Iterative Sentence Rank-
ing for Extractive Document Summarization (AREDSUM) model [9]], which is illustrated in
Figure 2.11].

This model is designed for extractive summarization, which means it creates a summary
by selecting and combining the most important segments of the original text directly, without
generating new content.

The work of [9] suggests that given an original text, the model needs to select sentences
that have the right balance of salience, which represents how much information each sentence
carries, and redundancy, which reflects how much of that information is already covered by

other selected sentences.
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2.7.1 Document Encoder 17

To achieve that, ARDESUM utilizes a Document Encoder to generate contextualized

features for all the sentences and then uses these features to rank the sentences.

Figure 2.11: Illustration of the AREDSUM model. It shows that the Sentence-level Encod-
ing features pass through the Transformer Encoder layers and the Document-level Encoding
features are generated. The equation on the right shows how the saliency is calculated from

this Document-level Encoding features (Figure from [9]).

2.7.1 Document Encoder

To encode the sentences, a [SEP] token is added at the end of each sentence to separate
them. Additionally, a [CLS] token is placed at the beginning of each sentence to serve as a
placeholder. The contextualized representation of the [CLS] token is then used to represent
the meaning of each sentence.

Using the tokenizer of the pre-trained BERT model, embeddings are generated for each
token. Similar to standard approaches, AREDSUM incorporates positional encodings E; (see
Section ). However, it also introduces interval segment embeddings £ 4 and E'5 to dis-
tinguish between sentences in odd and even positions within the document.

The final encoding for each token is computed as the sum of these three components: the
token embeddings, positional encodings, and interval segment embeddings.

These combined encodings are then fed into the BERT model (see Section R.6), which
contextualizes them and generates global representations for the tokens, denoted as 7, (see
Figure R.11)). As mentioned above, the representation tokens Ticrs) should be learned in a

way that incorporates information about the sentences that follow them.
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Let s; represent the sentences of the original text. Now, let £/, be equivalent to the Tic g
token that precedes the sentence s; and £ be its positional encoding. An additional £, em-
bedding is added before the sequence of the E;, tokens, to act as the embedding of the whole
document.

The sequence that consists of the F, token followed by the E, + E! tokens is then fed
into another stack of transformer encoder layers. The transformer encoder outputs the final

representations of the entire document, /p, and each sentence h;,.

2.7.2 Sentence Ranker
Bilinear Matching

Bilinear matching is a process that relates two vectors through a learnable matrix. Their

matching score is computed as

s(u,v) =u"Wv
where:

* u € R"™: The first input vector
* v € R™: The second input vector
« W € R"™: A learnable matrix

* s(u,v) € R: A scalar output indicating the matching between u and v

The matrix W allows for a more sophisticated interaction between the two inputs by capturing

relationships between their dimensions, compared to simpler methods like dot products.

Saliency Ranking

Saliency denotes the importance of a sentence in a text and in the context of extractive
summarization, it also indicates its probability of being selected for the summary. This prob-
ability is represented by the function Fj,;, which is based on the bilinear matching between
hp and h,,, which is the output of the transformer after the document-level encoding, as
described in Section R.7.1].

exp hpWashs,
Z§:1 exp hpWashs;

Fsal(si) = (21)
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2.8 Convolutional Neural Networks 19

where Wy, is the learnable matrix that enables the bilinear matrix and L is the number of

sentences in the text.

The softmax function normalizes the bilinear matching scores between the document rep-
resentation hp and the sentence representations h,,. This ensures that the probabilities Fgu;
for all the sentences sum to 1, which lets it be interpreted as the relative importance score of

a sentence s; within the document.

The learning objective is to maximize the log-likelihood of the summary sentences in
the training data. So, given that S is the list of the sentences that should be included in the

summary, the loss of the model can be defined as:

L= Z 1Og Fsal(si)

siES*

The training algorithm uses the gradient-descent algorithm to minimize this value.

To generate the summary, the AREDSUM model incorporates not only the saliency func-
tion, but also a module designed to identify the redundancy of each sentence. This module
evaluates the extent to which the information in a given sentence is already covered by the
summary prior to adding it. However, since this step is not relevant to our work, it will be

omitted.

2.8 Convolutional Neural Networks

Another important category of data that cannot be handled effectively by the architectures
we have covered are those with a grid-like structure, where local spatial relationships play a
crucial role. The most common example of this type of data is images. Convolutional Neural
Networks (CNNs) are specifically designed to process and analyze this type of data. Figure
presents an overview of the CNN pipeline.
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Figure 2.12: Overview of the CNN pipeline (Figure from []10]).

The main building blocks of the CNN pipeline are the convolutional and the pooling

layers.

2.8.1 Convolutional Layers

The objective of the Convolutional Layers is to extract features from the input data by
detecting patterns such as edges, textures and shapes. This is achieved by using trainable
matrices called kernels. These kernels, also known as filters, slide across the input image and
perform element-wise multiplication and then summation. The results of all these operations

are stored in a separate matrix, also called feature map. An illustration of this operation is

shown in Figure 2.13.

Figure 2.13: Convolution operation (Figure from [11]).

2.8.2 Max Pooling Layers

Max pooling is the most common form of pooling. Essentially, it is a downsampling

operation, used to reduce the dimensions of feature maps.
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Figure 2.14: Visualization of feature extraction using convolutional layers (Figure from [[12]).

This dimensionality reduction helps in keeping the most important information of the
feature map, while reducing its size. In Figure .15, we see an example of a Max Pooling
operation with a 2 x 2 filter. The filter slides over the feature map, and for each region it

covers, it selects the maximum value.

Figure 2.15: 2 x 2 Max Pooling operation (Figure from [[13]).

2.8.3 Feature Extraction

Figure illustrates how the modules explained in the two previous subsections work
together to form the CNN pipeline. As shown in the figure, after many consecutive applica-
tions of the convolutional and the max pooling operations, the resulting representation can
be fed into a feedforward neural network, in order to perform classification.

However, after the network is trained in some downstream tasks, such as image classifi-
cation in this case, the vector that is fed to the feedforward neural network can be used as the
embedding of the input image, as explained in Section P.1].

A trained CNN can be utilized to convert images into vector embeddings that can then

be applied to various downstream tasks, even if those tasks are unrelated to the original task
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Figure 2.16: Extraction of 3D video features (Figure from [|]14]).
the CNN was trained for.

2.8.4 3D Features

In the previous sections, we briefly explained how CNNs use 2D convolutions to extract
vector embeddings from images. However, when dealing with videos, which have both spa-
tial and temporal dimensions, plain 2D CNNs are not sufficient, as they cannot capture the
information across the frames of the videos and can only handle the frames independently,
as images. However, by treating the frames as images, the temporal dependencies between
them cannot be exploited.

To address this issue, 3D models, such as the Separable 3D Convolutional Network (S3D)
are employed [14].

This network processes video frames as 2D matrices, treating the input video as a 3D
matrix, which is essentially a stack of these 2D matrices. Instead of plain 2D convolutions,
it employs spatiotemporal separable convolutions, where 3D convolutions are factorized
into 2D spatial convolutions followed by 1D temporal convolutions. An illustration of the

process is illustrated in Figure R.16.

2.9 Reinforcement Learning

Reinforcement Learning (RL) is a branch of machine learning, where the model (called
agent) learns to make decisions, engaging with the environment. In supervised learning, the

model learns through labeled data, while in reinforcement learning, the environment gives
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the agent feedback through rewards or penalties based on the agent’s actions.

The agent’s aim is to maximize the total reward over time. To achieve that, it chooses the
actions that bring the best outcome. The agent uses the trial-and-error approach to improve
its performance, meaning it continuously updates its strategy, which is called a policy.

One of the main concepts of RL is the Markov Decision Process, which models the
decision-making process through states, actions, and rewards. The agent starts in a certain
state where it performs an action and then ends up in a different state, while also receiving
a reward. Therefore, the agent over time aims to learn the optimal policy that maps states to
actions, in such a way that the expected sum of future rewards is maximized. This calls for a
careful balance of exploration, where the agent tries out new actions to get more information
about the environment, and exploitation, where the agent focuses on actions that have previ-
ously given high rewards. A balance of these two factors is required for effective learning in
the context of RL. The specific RL algorithms that will be used in our implementation, will

be explained in the following chapters.
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Chapter 3

Proposed Method

The proposed model is designed to perform video summarization and highlight detection
and uses the video frames and the video’s transcript as input. For video summarization, it will
select the most important frames to create a concise summary, while in highlight detection,
scores will be assigned to each frame, showing their importance in the video.

First, we’ll introduce the model’s architecture at a high level, followed by a detailed ex-

planation of each component. Finally, we’ll discuss the training framework.

3.1 Proposed Method, a Top-Down Approach

Following [28], we approach Video Summarization as a decision-making task. More
specifically, we propose a pipeline that incorporates a Deep Summarization Network (DSN),
which takes a video as input and generates probability distributions for the frames. Based on
these probabilities, the Pipeline decides which frames to include in the summary, and which
not to.

The model generates summaries, which are then evaluated by the reward functions. These
rewards are incorporated into a reinforcement learning-based framework that trains the DSN.

There are two types of Pipelines that we are going to explore. The unimodal and the
multimodal one. In the unimodal configuration, only the video frames are processed, while
in the multimodal configuration, both the video frames and the transcript are processed. The
Multimodal Pipeline is illustrated in Figure B.1|, while the Unimodal Pipeline is illustrated in
FigureB.3.

For the Multimodal Pipeline, we employ a Transformer-based architecture as the DSN.

25
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In the Unimodal Pipeline, there are two versions: one version uses a Transformer-based ar-
chitecture as the DSN, while the other version uses an RNN-based architecture as the DSN.

The following sections will explain the process in detail.

3.2 Feature extraction

The input to the models consists of the video frames and the video transcript, which will
be referred to, as the visual and the textual modality, respectively. As described in Section .1,
the raw input must first be transformed into embeddings for the model to be able to process it
effectively. The following subsections provide a detailed explanation of how each modality

is converted into embeddings.

3.2.1 Visual Features

In Section P2.8.4, we talked about the S3D model [14] that generates 3D features for
videos. To generate the features for the input videos, we used an open-source implementa-
tion of the S3D feature extractor [35]. This implementation generates one feature vector for
every second of the video. Therefore, we assume that the videos are subsampled at a rate of
one frame per second, with each feature representing a single frame. Moving forward, when
we refer to “frames,” we are specifically referring to these subsampled frames. This means
that a video of length n seconds will consist of n frames, with each frame corresponding to a
feature.

The assumption that the video is subsampled to one frame per second is a convention
to facilitate the interchangeable usage of the terms “frame features” and ‘“features that cor-
respond to each second of the video”. When calculating the features of each second of the

video, the S3D model considers all the frames present.

3.2.2 Textual Features

To extract the features of the transcript, we utilize a pre-trained LLM. More specifically,
each subtitle of the video is fed into a RoOBERTa model, which stands for “A Robustly Opti-
mized BERT Pretraining Approach” [36], which is very similar to the BERT model explained

in Section 2.6, but with slight differences in training, like larger batches and learning rates.
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3.3 Deep Summarization Network 27

Similarly to the AREDSUM model, a [CLS] token is aggregated in the front of each input
sentence and gets contextualized based on the meaning of the subsequent text. After infer-
ence, the representation of this [CLS] token serves as the embedding for the input sequence,
which corresponds to the sentence. In our implementation, we segmented the transcript into
subtitles and we calculated a feature for each subtitle.

In practice, we used the SparkNLP library to generate the embeddings. This library offers
a Pipeline that enables fast and efficient generation of ROBERTa Embeddings for a large

volume of texts.

3.3 Deep Summarization Network

The DSN takes the input embeddings and generates contextualized representations, which
are then passed to a feedforward network that makes the final decision on whether each frame

will be selected. Subsections 3.3.1|, B.3.2and B.3.3 will discuss the three types of DSNs, while

Subsection B.4 will describe how the outputs of these models are processed to create the final

summary and highlights.

3.3.1 Multimodal Transformer (A2SUMM)

The Align and Attend Multimodal Summarization (A2SUMM) model is introduced in
[25] and was adapted to our use-case. Essentially, it is a transformer-based model that en-
ables the fusion of the visual and text modalities via a mechanism called Alignment-Guided

Self-Attention. The complete Pipeline that incorporates the A2SUMM model is illustrated in

Figure B.1.

Input Embeddings

Section explained the process of extracting visual features from raw video data and
textual features from subtitles. Since different models were used for these extractions, the
resulting feature vectors for the two modalities are mapped to separate embedding spaces.

To prepare the features for modality fusion, a linear fully-connected layer is used to
project the features into a common C'-dimensional embedding space. Let M be the num-
ber of subtitle sentences and N be the number of the video frames. The generated video and

text features are denoted as V € RV*“ and S € RM*¢ respectively. Additionally, positional
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Reward = Rrep + Rdiv + Rsal
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Figure 3.1: Illustration of the Pipeline for the Multimodal Transformer employing the
Alignment-Guided Self-Attention mechanism. The input blocks from both modalities rep-
resent the combination of the Position and Segment Embeddings with the output of the fully-
connected layer that projects both modalities into a common embedding space. The snowflake
indicates that the AREDSUM model [9] is already trained and is used for inference. The L

represents the number of layers.

encodings are used to include information about the position of each token in the sequence.
As discussed in Section P.5.1], these encodings can be implemented as learnable parameters,

which is the approach adopted in this work.

This model aims to exploit the time correspondence between the video frames and the
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subtitles that make up the transcript. The first step to achieve this is to introduce learnable
segment-based positional embeddings at the input stage. More precisely, each subtitle appears
between a starting moment ¢, and an ending moment ¢.. Thus, [t,, t.] indicates the interval
during which the subtitle occurs. One embedding is assigned to each subtitle, which is shared
by the frames that occur during this interval {V;}icpz, 1.)-

With the addition of these positional encodings, the input sequence from both modalities

is concatenated along the time axis, denoted as X € R(M+N)x¢

Multimodal Alignment and Fusion

A core component of the model is the Alignment-Guided Self-Attention module [25],
which facilitates the fusion of modalities by utilizing their temporal correspondence. More
precisely, it lets the features of one modality to attend to features of the other modality that oc-
cur at the same time. The integration of the Alignment-Guided Self-Attention in the Pipeline
is illustrated in Figure B.1.

If the model used plain self-attention, as described in Section , across all features,
the differing nature of the modalities could introduce noise. By contrast, using Alignment-
Guided Self-Attention ensures that features attend only to the relevant features of the other
modality. We implement this mechanism by using a masked self-attention operation, as shown
in Figure B.2. More precisely, we define an attention mask A € RIN+M)x(NV+M) “initialized
with all zeros. This mask represents the alignment between features, where N and M denote
the length of the video and text feature sequences, respectively. The objective is to set the
positions that correspond to aligned features to 1.

The features of the same modality should attend to all the other features of the same
modality (inter-modality attention), so the cells at positions A[1 : N,1 : N| and A[N :
N + M, N : N + M] are filled with the value 1 (green and purple cells in Figure 3.2).

For the attention between video and text features, we set the mask entries to 1 only for
pairs of features belonging to the same segment, indicating that they occur at the same time.
For example, consider the k' sentence Sy that occurs during the time window [t,,¢.]. We
consider the frames that also occur in the same time window [, t.], denoted as {V; }ic[s, +.] tO
be in the same segment as the sentence Sy,. We fill with the value 1 the entries A[N+k, ¢ : t.].
and At : te, N + k]

The model then proceeds with the standard self-attention method, as described in Section
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R.5.1. More precisely:

Q =XWq, K =XWk,V =XWy,
p i exp(Qi K] /V'D)
T A exp(QiK] VD)
Z =X+DVWqg

where i € [1, M + N] are the indices of the matrix A, X are the inputs features, and
Wq, Wk, Wy, W € RYXC are the matrices explained in Section 5.1
By adopting this mechanism, we exploit the alignment of the features, while minimizing

the negative effects of noisy background frames and irrelevant sentences.

Figure 3.2: Alignment-Guided Self-Attention. Colored squares represent ones and white

squares represent zeros.

The Rest of the Architecture

Following [25], instead of adding a single feedforward network, as depicted in Figure 2.6,
we add one feedforward Network for each modality. This approach was described in [37], and
suggests that applying the same feedforward network to all modalities, may introduce noise,
due to the inherent difference in the features. To address this issue, the paper recommends
employing distinct feedforward Networks for each modality, allowing each network to cap-
ture features unique to its respective modality. The distinct feedforward neural networks are

shown in Figure B.1, as Video-FFN and Text-FFN accordingly.
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3.3.2  Unimodal Transformer 31

Apart from the sophisticated attention mechanism and the separate FFNs for each modal-
ity, the architecture follows the principles of the original Transformer Encoder (see Section
R.5.1)). That means that it incorporates residual connections [33] and layer normalization [34].

The output of the multimodal transformer encoder described above is denoted as {y; }7_,,

where T is the length of the video.

3.3.2 Unimodal Transformer

In addition to using the multimodal Transformer as the DSN, we will also utilize a uni-
modal Transformer for comparison. The complete pipeline that incorporates the unimodal
Transformer is illustrated in Figure B.3.

The architecture of the unimodal Transformer is a stack of Transformer Encoders, as
described in Section 2.5.1, and only uses the video frames as input.

Similarly to Section B.3.1], the visual features are passed through a fully-connected layer,
in order for the feature vectors to be projected into a C'-dimensional embedding space. The
generated features are denoted as V- € RV*C. Similarly, positional encodings are added to
add spatial information. The resulting input features are denoted as X € RV*¢

As mentioned above, the unimodal Transformer DSN is a stack of Transformer Encoders.
It takes X as input and generates Y as the output, which can also be expressed as {y;}7_,,

where 7T is the length of the video.

3.3.3 Baseline (biLSTM)

This model was used in [28] and will serve as the baseline. The network is a bidirectional
LSTM network, as shown in Figure B.4. The difference between regular LSTM networks
(explained in Section 2.4.1)) and bidirectional LSTM networks, is that the latter process the
input sequence in both forward and backward directions, enabling them to capture context
from past and future time steps.

Let {x;}1_, be the visual features from the input video frames with the length 7". The
biLSTM takes those features as input and produces corresponding output states {y;}~_,. Each
state is the concatenation of the forward and the backward output state. This process lets the
model contextualize the inputs with information forward and backwards in the sequence,

enabling a richer understanding of the features.
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Reward = Rrep + Rdiv
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Figure 3.3: Illustration of the pipeline for unimodal models. This pipeline is similar to the
one shown in Figure B.1|, but in this case, the DSN is unimodal and therefore does not include
modules designed to process the transcript. The DSN can either be a biLSTM, or a stack of
Transformer Encoders. The input blocks represent the combination of the Feature, Position

and Segment Embeddings.

3.4 Frame Selection and Highlight Scores

So far, we’ve described the three models we’re using in our implementation, up to the
point where they generate a contextualized representation of each frame {1, }_,. In this sub-
section, we will examine how this representation is utilized to generate the final output. This

stage remains the same across all three models.
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Figure 3.4: Bidirectional LSTM (unimodal DSN) (Figure from [|15]).

The output vector is passed through a feedforward neural network (denoted as Final-FFN
in Figures and B.3) with a single output node. This node applies the sigmoid function to

map the output to a probability value between 0 and 1.

pr = o(Wy,) (3.1)

The value of p; indicates the probability of each frame to be included in the final summary.

To make the final decision the pipeline performs Bernoulli trials for each probability
ay ~ Bernouli(p;) (3.2)

a; € {0, 1} indicates whether the frame in position ¢ is selected in the final summary. In later

sections, we will discuss how the final summary is generated and evaluated.

3.5 Rewards

As the model is trained using Reinforcement Learning, we need to define reward functions
to reward it for generating high-quality summaries. To achieve this, following [28], we must
establish an automated method to evaluate the quality of the generated summaries.

We define two reward functions to evaluate the visual content of the video and one reward

function to assess its textual content.

3.5.1 Diversity Reward

The first visual reward, called Diversity Reward, ensures that the visual content of the
summary is diverse. This stems from the assumption that a high-quality summary will not
contain repetitive content and will instead showcase a wide range of distinct visual elements

from the original video.
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Let the indices of the selected frames be YV = {y;la,, = 1,7 = 1,....|Y|} and z; be
the frame features as described in Section B.2.1. We define R, as the average pairwise

dissimilarity among the selected frames:

Rain = Z Z d(zt, 2vr), (3.3)

£t

where d(-, -) is the dissimilarity function calculated by
x?mt/

d:L‘ T4 :].——
A PANIEN

(3.4)

The diversity reward function achieves higher values when the selected frames are more
diverse, meaning they are more dissimilar from one another.

Nevertheless, because equation (3.3) considers the video frames as single vectors, it ig-
nores the temporal structure of the video. For example, if one scene appears during the be-
ginning of the video and also appears in the end of the video, R4, will enforce the model to
select frames from one occurrence and ignore the other, as they have similar frames. How-
ever, this practice is wrong, because both scenes might be essential for the video. To address
this problem, [28] suggests that d(x;, zy) = 1if |t — /| > A, where A controls the temporal
distance that frames should have in order for their similarity to be ignored. This hypothesis

is supported by their experiments, and the value of ) is adjusted accordingly.

3.5.2 Representativeness Reward

The second visual reward, called Representativeness Reward, ensures that the visual con-
tent of the summary is representative of the original video.

The scenes of a video contain visually similar frames that should be relatively close to
one another in the feature space. This fact leads to the observation that the feature vectors
form clusters in the feature space. The Representativeness Reward 12, achieves high values
when the selected frames are close to the cluster centers in the feature space, and is defined

as:

T

1 :
Ryep = eXP(_T Z 15161%}1 |7 — 2p|]2). (3.5
t=1

The algorithm explained in equation above iterates over all the feature vectors of the

original video and. for each one, finds the closest feature vector of the generated summary
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and computes the distance. It then takes the mean and performs exponential normalization.
If the distance between the selected frames and the frames of the whole video is minimal, the

reward will be maximized.

3.5.3 Textual Reward

The Textual Reward ensures that the DSN selects frames that correspond to subtitles
containing important information. This process guarantees that the final summary includes
segments from the original video where the subtitles hold crucial information. To achieve
that, we use the trained AREDSUM model [9], discussed in Section .7.

Let each subtitle be denoted as s;, and let the transcript of the video, formed by concate-
nating all the subtitles, be denoted as D. The outputs of the transformer after document-level
encoding for subtitle s; and transcript D are denoted by h, and hp, respectively, as described
in Section R.7.

Let the following hold:

* s, is a subtitle occuring over the time interval [t ¢1].

57 7e

57 7e

* N; is the number of frames within [¢%, t2], where frames are indexed as f; 1, ..., fi ;-
* Fyu(s;) is the saliency score of subtitle s; as described in Equation ( R.1))

* 1y, ,eyy 1s an indicator function that is equal to 1 if frame f; ; is in summary )/, and 0

otherwise.

The saliency of each subtitle s;, Fiq(s;), is evenly distributed across the N; frames in the
interval [¢, t.]. The saliency for each frame f; ; (where j = 1,...[NV;) in the interval [, t!] is:

s Ve s’ e
Fsal(5i>

Fsal_frame(fi,j) = N,

We define the saliency reward as:

M N; F (S )
sal\°1
Rsal - ZZ T ' 1{fi,j6y}7
=1 ’

i

where the outer sum iterates over all subtitles s; and the inner sum iterates over all frames
Ji,j in the time window of subtitle s;. As described above, the term 1y, .cyy) is an indicator
function that ensures that the Reward is only influenced by the frames that are selected in the

summary.
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This distribution of the saliency across frames simulates the significance of each frame
based on the importance of the subtitle it co-occurs with. If a subtitle is short but highly
important, the corresponding frames will have a relatively high saliency value, because the
saliency is distributed over fewer frames. Conversely, if a subtitle is long, its saliency is spread
across many frames, resulting in a smaller saliency value per frame.

This reward function encourages the agent to prioritize segments of the video that contain
brief subtitles with significant information, while discouraging the inclusion of segments that

contain lengthy subtitles with non-significant information.

Handling Longer Text Sequences

So far, we have explained how the saliency scores generated by AREDSUM are utilized to
assign frame-level importance scores. However, as described in Section 2.7, the AREDSUM
model is based on the BERT model, which has a maximum input limit of 512 tokens.

To address this issue, in order to be able to handle longer input sequences, we applied a
sliding window technique.

Let’s define the following:
* Transcript Tokens: Tk = [by, bs, ...b,], where n is the number of tokens
* Window size: Win = 512 tokens. This is the maximum input size of the BERT model

« Sliding step: Step = 256 tokens. This represents the step size (stride) between the

starts of consecutive windows.
Now, we will explain the sliding window process.
» if n < 512: Use the T'k directly as the input to the BERT model
« ifn > 512:

— Let k& be the number of windows we need to handle the input, calculated by:

n— Win
Step

k=] 1+1

This will ensure that the maximum distance between the beginnings of two con-

secutive windows is no more than 256 tokens.
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— The starting index of each token is symbolized as start _idx; and is calculated by:
start_idx; =14 (i — 1) - Step, fori=1,2,...,k
— Given the above, each window is represented by

Wzni = [bstartiidxia bstartiidxi—i-la Ty bmin(start_idxi—i-W—l,n)]

The term min(start_idx; + Win — 1, n) ensures that the final window does not

exceed the position of the end token.

— Handling the overlapping windows: The BERT model processes input sequences
in windows, with each window having a maximum size of 512. Inference is per-
formed separately for the input sequence in each window. However, since the
windows overlap, many tokens will appear in multiple windows and will there-
fore receive different saliency values for each occurrence. To address this issue,

the final value of each token will be the average of all values from different runs.

1
Fsal<bj) = m Z Fsral(bj)
J

TER]'
where Fj,(b;) is the final saliency score of the token b;, R is the set of windows

that b; appears and lastly, F,

sal

(b;) is the saliency value of b; from the run on

window 7

3.6 Training

3.6.1 Overview

In this section, we discuss how the DSN, which will be referred as the agent, is trained to
perform summarization. For this purpose, we use a method called policy gradient, specifically
the REINFORCE algorithm, following [28].

The goal of the agent is to find the optimal actions that will maximize the reward function,
which in this case is

R(S) = Ryep(S) + Rain(S) + Rsur(S)

where S is the predicted summary.
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3.6.2 Problem Setup and Objective

The agent acts according to a policy 7y, where 6 represents the parameters of the policy
function. In Reinforcement Learning, a policy is the agent’s strategy, which given the current
state, generates a probability distribution over possible actions.

In the current context, the policy defines how the DSN determines what actions to take,
in respect to the input video. The parameters 6 represent the weights of the model.

To quantify the process by which the agent gets trained, we define the following objective

function:

J<0) = ]Epe(al:T)[R(S)] (3.6)

+ J(0): Represents the expected reward if the agent follows a policy 7y. This is the func-

tion to be maximized.

* pf(ay.7): The probability distribution of all possible actions, which in this case is the
selection of frames for the summary. The actions are denoted as «;.r, with «; being

the action at time ¢. The probability distribution is dictated by the policy 7.

In other words, the agent changes its policy, by changing its weights, in order to achieve

higher rewards.

3.6.3 Policy Gradient and REINFORCE Algorithm

In order to maximize J(6), we need to calculate its gradient with respect to ¢ and change
6 in the opposite direction of the gradient.

Computing the gradient directly would be very hard, since it needs the computation of
the expectation over all possible action sequences. This would lead to an exponential growth
of computation time.

Following [28], we use the REINFORCE algorithm, proposed by [38]. This algorithm is a
way to approximate the gradient using a method called Monte Carlo Sampling. The Gradient

1s expressed as

T
VoJ(6) = Epya,.)[R(S) Y Vologmo(arlh)], (3.7

t=1

Let’s break down the individual parts:
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* VyJ(0): The gradient of the expected reward, with respect to the parameters 6

R(S): The reward that given a summary S that gets generated by following the current

action sequence.

log g (as|hy): The log-probability of action «; given the state h;. The gradient of this

term dictates how changing 6 will influence the policy.

* h;: The state of the DSN model on time .

Using this process, the agent learns to “favor” action sequences that result in higher re-

wards.

3.6.4 Monte Carlo Approximation

Computing the expectation over all possible combination of actions would be very com-
putationally expensive. As an alternative, we utilize Monte Carlo approximation. More specif-
ically, we let the agent interact with its environment for /V episodes, compute the reward for

each episode and then take the average to compute the gradient.
N T

1
Vo (0) = 5= DD RuVologms(arlhe), (3.8)

n=1 t=1

* N: The number of the episodes
* R,: The reward for the n,;, episode

e T': The number of the frames

This method lets us approximate the gradient by sampling the behavior of the model over

many episodes, instead of precisely calculating the effects of every possible action sequence.

3.6.5 Reducing Variance with the baselines

Even though equation ( B.§) is a good estimate to the gradient, it will lead to high variance,
which may make it difficult for the model to converge. Following [28], we subtract a constant
baseline b from the reward in each step, so the gradient’s approximation becomes:

Vo (0 Z Z — b)Vglog me(aylhy), (3.9)

nltl

where b is the moving average of the rewards so far. This addition will bring stability to the

training process according to [28].

Institutional Repository - Library & Information Centre - University of Thessaly
06/09/2026 07:40:48 EEST - 216.73.216.250



40 Chapter 3. Proposed Method

3.7 Regularization

By examining the reward functions, we observe that selecting more frames will lead to
higher reward values [28]. This means that the model can exploit this fact and learn to select
more frames in order to maximize the reward. To prevent this from happening, we utilize a

regularization function that constraints the percentage of frames selected by the model.

T
1
Lpercentage = Hf Zpt - 6H27 (310)
t=1

where:
* p; : The probability of the frame at time ¢.
* T : The number of the frames.
* ¢ : A number that determines the percentage of frames to be selected.

This regularization method prevents the model from generating very high probabilities for
the frames.

Additionally, to avoid overfitting, we include another regularization term following [28]:
Lueigh = »_ 075, (3.11)
1,

where 0; ; are all the parameters of the model. This term will prevent the parameters from

growing uncontrollably.

3.8 Optimization

To form the final optimization function, we combine Equation ( B.9) , (B.10) and (B.11)),

and update 6 as

9 = 9 - OCVB(_J + ﬁleercentage + BQLweight)a (312)

where « is the learning rate and (3, and 3 are hyperparameters that balance the regularization.
To optimize the parameters 6 of the DSN, we use the Adam [39] optimization algorithm.
Through learning, the network increases the log-probability of actions that have led to high

rewards, while decreasing the log-probability of actions that have resulted in low rewards.
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Chapter 4

Data and Evaluation Setup

In this chapter we will explore the datasets used to train and evaluate the model, as well

as the evaluation metrics.

4.1 Datasets

A common practice in Deep Learning is to use one dataset and split it to create a train-
ing and an evaluation subset. However, since our approach uses Reinforcement Learning,
ground-truth annotations are only required for evaluation. This allows us to train the model

using a dataset with raw videos and evaluate it using a separate annotated dataset.

4.1.1 Training Dataset

Since our proposed model is multimodal, it is crucial that the dataset includes videos with

a significant amount of speech to fully exploit the modality fusion process.

General Information

Instructional videos are a great choice, because they have large amounts of speech and
cover a large variety of topics. Based on this reasoning, we chose to use the HowTo100M
dataset [16], which comprises 1.22 million instructional YouTube videos with a mean dura-
tion of 6.5 minutes, along with their transcript.

Researchers in [|16] originally use this dataset to create joint text-video embeddings, for
text-to-video retrieval. However, we will just use the raw videos and subtitles for our task.

Figure {.1] depicts screenshots of the videos, along with the subtitles that accompany them.

41
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42 Chapter 4. Data and Evaluation Setup

Figure 4.1: Examples of videos in the HowTo100M dataset, along with the narration (Figure
from [16]).

Despite the fact that the dataset contains 1.22 million videos, due to time and hardware
constraints, we were unable to use the entire dataset. Instead, we selected a subset of 34,000
videos to use for training. This number was chosen empirically, as it allowed the training to
be completed in approximately 1.5 days with the available hardware (Nvidia Tesla V100 with
26GB VRAM).

4.1.2 Evaluation Dataset

While choosing a video dataset for training is relatively simple, because only raw videos
are needed, picking an evaluation dataset is more complex as it requires ground-truth data to
evaluate the quality of the generated output.

As mentioned in the previous sections, obtaining ground-truth data through human an-
notators is an expensive process, which significantly limits the availability of such datasets.
Subsequently, the ones that exist are small and not diverse [26], [27].

Researchers in [20] argue that individuals do not necessarily need to be hired in order to
annotate the dataset manually. Instead, valuable data can be collected through their interac-
tions with content without their explicit awareness that they are contributing to a dataset.

This can be accomplished using YouTube’s engagement graph, shown in Figure #.2. The
purpose of this graph is to indicate how engaged the users are with each video part. More
specifically, high values on the graph suggest that viewers found that section particularly
engaging. Conversely, low values indicate less interest from the viewers. This data is collected

by examining how the user interacts with the video. A detailed explanation can be found in

Figure #.2.
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4.1.2 Evaluation Dataset 43

Figure 4.2: User engagement Graph (Figure from [[17]).

To this end, they propose a Large-scale Dataset for Video Highlight Detection and Sum-
marization, named Most-replayed Hilight Detection and Summarization (Mr. HiSum), where
they scrape YouTube videos from multiple categories, along with their engagement graphs.
They mention that such graphs are present in every video with over 50,000 views.

This dataset’s advantage is its annotation process, which involves crowdsourcing from
tens of thousands of unwitting contributors. In contrast, related existing datasets are annotated
by a relatively small number of individuals [26], [27].

To ensure that the user-engagement graphs, also known as Most Replayed Stats [20],
reflect the highlight score of each video segment, the researchers perform a user study em-
ploying human annotators. Subsequently, they instructed the humans to annotate the most

salient parts of the video, which were then compared with the engagement graphs. The find-
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ings demonstrated a strong agreement between annotators’ highlights and the segments where
viewers most replayed the video, thus providing robust evidence for the researchers’ hypoth-
esis.

As stated in the paper, “The user engagement stats are provided as a sequence of 100
normalized scores (between 0 and 1), where each corresponds to the relative view frequency
of 100 uniformly segmented clips. For instance, if a video is 600-second-long, each score
indicates the relative play frequency of each 6-second-long segment”

Instead of sourcing and downloading new videos, the researchers utilized the pre-existing
YouTube-8M dataset [4(0], which contains approximately 8 million videos from YouTube.
They selected a subset of 31,892 videos from this collection, each with a moderate length
and a minimum of 50,000 views. The original dataset did not include video captions. To
address this, we downloaded the captions separately from an external source [41]. However,
this source provided captions for only 12,106 videos. As a result, we used this subset of videos

as our evaluation dataset.

4.1.3 AREDSUM Dataset

In our implementation, the AREDSUM model is not trained along with the DSN, but is
rather trained independently, and its trained version is used for inference in our main Pipeline.
We follow [9] and train it on the CNN/DailyMail Dataset [42]. This Dataset contains texts
from news sources, along with selected sentences that act as the extractive summarization for
each text. Those sentences act as the Sx in Section .7.2.

The training dataset contains a total of 287,226 documents, with each document truncated

to 512 tokens to align with the BERT architecture requirements.

4.2 Evaluation

In this section, we will outline the metrics used to evaluate the models. As discussed in
earlier chapters, our approach aims to achieve two closely related tasks: video summarization
and highlight detection. In Section .4, we explained how probabilities are generated for each
frame. These probabilities can be interpreted as highlight scores for the frames or used to
generate a video summary. The following subsections demonstrate how these probabilities

are utilized to create the final video summary and how the quality of the video summary and
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Input video (class: Worklng on a sewmg prolect)

KTS segments
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Figure 4.3: KTS segmentation example. Shows the positions of the video that the KTS algo-

rithm detected a scene transition (Figure from [[18]).

highlights is evaluated.

4.2.1 Video Summarization

The DSN generates a probability for each frame (Section B.4), representing the likelihood
that the frame will be included in the summary. These probabilities are utilized in various

ways to evaluate the model’s performance on the video summarization task.

F1 Score

According to the method described in [28], creating a video summary requires first di-
viding the video into distinct segments, referred to as shots. To achieve this segmentation,
we employ the Kernel Temporal Segmentation (KTS) technique [[18], designed to identify
significant shifts in the video’s content. These shifts typically indicate transitions between
shots, such as when the camera angle or scene changes. An example of this segmentation is
shown in Figure §.3.

This approach averages the frame-level scores within the same shot to get the shot-level
scores. To generate the summary, the algorithm selects shots to maximize the total score,
while ensuring that the summary length does not exceed 15% of the video length. This can
be achieved using the 0/1 Knapsack algorithm [43].

The annotations in the Mr. HiSum Dataset include engagement scores for each segment

of the video. These scores can be treated as equivalent to the probabilities produced by the

perlod :pe”Ud: - covered by the summary

round truth t cover the ground-truth
g | g
summary ] no maten

Figure 4.4: Example comparison of the predicted and the ground-truth summary (Figure from

[18]).
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DSN. By applying the Knapsack method mentioned earlier, in combination with the KTS seg-
mentation algorithm, a ground-truth summary is generated for each video in the Mr. HiSum
Dataset.

The ground-truth summary is generated using the ground-truth scores, and the predicted
summary is generated using the predicted score. Figure f.4 shows an illustration of a ground-

truth summary and a predicted summary. We define the following:

* True Positives (7' P): Shots that appear in both the ground-truth and the predicted sum-

mary.

* False Positives (/' P): Shots that appear in the predicted summary but not in the ground-

truth summary.

* False Negatives (F'N): Shots that appear in the ground-truth but not in the predicted

summary.

The F1 score is defined as
2T P

F1 =
2P+ FP+ FN

The F1 score measures how well the predicted summary matches the ground-truth sum-
mary. A higher F1 score means better alignment between the two, indicating that the pre-
dicted summary captures the important parts effectively. We use it because it provides a sin-
gle, balanced metric and penalizes the model for both missing important shots and including

unnecessary ones.

Rank Correlation Coefficients

Despite its popularity in a lot of work in this domain, the authors in [44] argue that the
F1 score is an unreliable metric for Video Summarization. They found that the F1 score is
influenced heavily by the segmentation of the video, rather than by how well the summary
captures important content. They proved that random summaries can yield comparable or
even superior scores to the state-of-the-art models. In some cases, the summaries generated
by human annotators have worse performance than the random summaries.

To overcome this issue, the authors use two rank correlation coefficients to assess the
performance of the models. More specifically, they use Kendall’s 7 [45] and Spearman’s

p [A46] coefficients, which measure the similarities between the rankings provided by the
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generated and ground truth summaries. The rankings are generated by sorting the frames
of the video based on the predicted or annotated importance scores accordingly. The Rank
correlation coefficient will measure how these rankings are correlated.

Spearman’s p:

6 i ods

* d;: The difference between the position of the i, frame in the ground truth ranking and

its position in the predicted ranking.
* n: The number of frames

Kendall’s 7:
(P-Q)

~in(n-1)
* P: The number of concordant pairs. A pair of frames is concordant if the relative order
of the two is the same in both rankings. For example, if ¢ is ranked higher than j in

both the ground-truth and the predicted ranking, the pair (4, ) is said to be concordant.

* (): The number of discordant pairs. A pair of frames in discordant if the relative order
of the items is different between the two rankings. For example, if ¢ is ranked higher
than j in the ground truth but lower in the predicted ranking, the pair (i, 7) is said to

be discordant.
* n: The number of frames.

The values of Spearman’s p and Kendall’s 7 range between -1 and 1, with 1 indicating
complete agreement and -1 indicating complete disagreement. Scores are calculated for each
video individually, and the final score is obtained by averaging these individual video scores.

Following recent research, we will use these alternative metrics in our evaluation. Even
though [44]] demonstrated the unreliability of the F1 score for video summarization, we will
still include it in our study for comparison purposes. However, we will not place significant

emphasis on assessing its performance.

4.2.2 Highlight Detection

The DSN generates a probability for each frame (Section B.1)), which can be interpreted
as its highlight score.
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Mean Average Precision

Mean average precision at p% (MAPp) is a ranking quality metric that measures the
model’s ability to rank the top p% most important parts of the video in high positions. This
metric was introduced in [20].

Their approach involves dividing the video into 5-second-long shots and aggregating the
predicted frame scores within each shot by taking the average. The number of shots that fall
within the top p% of all shots is denoted as K.

We apply this method for both the ground-truth and the predicted summaries. Similarly to
Section #.2.1], we end up with ground-truth and predicted rankings, but this time the elements
are shots and not individual frames.

The top-K shots in the ground-truth ranking are identified as the relevant shots. MAP
measures how closely the top-/ shots in the predicted ranking align with these ground-truth

relevant shots.

# of relevant
. items at K
Precision@ K =
K
K=10

D

Precision@10 = = 0.5
10

Relevant
MNot relevant I
il

Figure 4.5: Example calculation of the Precision@K (Figure from [19]).

First, we define Precision @K, a metric that calculates the percentage of the top-K shots

in the predicted ranking that are relevant.

#of relevant shots at K
K

An example calculation of the Precision@QI is shown in Figure §.5.
The next step is to define Average Precision@K (APQK).

PrecisionQK =

K
1
APQK = N kz:; PrecisionQk x rel(k)
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Rank Item Precision@k
1 11 =1 Average precision
2
1+05+4+086
3 - AP@6= ——— =0.7
4 2/4 =05 3
h 3/5=0.6
6

Mot relevant Relevant

Figure 4.6: Example calculation of the Average Precision@QK (Figure from [[19])

* N : The total number of relevant shots in the top-K.

* Precision@QFk : The precision calculated at each position k.

* rel(k) : Equals 1 if the item at position & is relevant, and 0 otherwise.

Below is an explanation of the algorithm:

* Step 1: First, we count the number of relevant shots in the top-K results. This will be

N.

» Step 2: We iterate through all positions in the ranking up to the K -th position, that

contain relevant shots and calculate the Precision@k at each position k.

» Step 3: We take the average of all the calculated precision values.

An example calculation of APQ is shown in Figure 4.6

The Mean Average Precision@K (MAP@K) is the mean of the Average Precision values

of all the videos. However, because the videos do not have the same number of shots, using

the top-/ shots would not be consistent, so we utilize the MAPp score, which uses a different

K for each video, by selecting its top p% shots

As mentioned above, the MAPp score will be used to evaluate the models on the highlight

detection task.
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Chapter 5

Experiments and Results

In this section, we will discuss the technical details of our implementation, as well as
the experimental setup. Following that, we will demonstrate the experiments conducted, and

lastly we will present and analyze the results.

5.1 Implementation Details

In this section, we will discuss the details of our implementation.

* The context window for the Unimodal Transformer is 1024 frames. For the Multi-
modal Transformer, the context window is 1024 frames and 768 sentences. As de-
scribed in Section B.2.1], the videos are subsampled at a rate of 1 frame per second.
This means the model can process videos up to a maximum length of 1024 seconds.
For videos longer than this threshold, frames beyond the 1024-second mark are dis-
carded. Conversely, for videos shorter than 1024 seconds, padding is applied to fill up

the remaining space. The same applies for the sentences of the transcript.

* The dropout probability of the attention layer and both the Video-FFN and Text-FFN
is 0.1. The dropout probability of the final-FFN is 0.5.

* The hidden size is 128.
« The number of episodes is 5. This is the N in Equation (B.§).

* The weights of the Transformer models are initialized using the Truncated Normal
distribution [25], and the biLSTM model is initialized using the default PyTorch ini-

tialization.

51

Institutional Repository - Library & Information Centre - University of Thessaly
06/09/2026 07:40:48 EEST - 216.73.216.250



52 Chapter 5. Experiments and Results

* All models were trained for 60 epochs.

The values for the rest of the parameters are part of the experiments, so they are going to be

discussed in the following sections.

5.2 Experimental Setup

In the experiments below, we will show how the models compare with each other in the
different metrics, and we will highlight the strengths and weaknesses of each model.

For all the experiments below, the models were trained on the training dataset as de-
scribed in Section and evaluated on the evaluation dataset described in Section §.1.2.
As explained in Section [, the training dataset consists of raw, unannotated videos, so track-
ing the performance of the model during training is not possible. However, after each epoch,
the model is evaluated on the Evaluation Dataset. This approach allows us to monitor the
model’s performance during training by relying on the evaluation dataset.

Before presenting the experiments, it is important to note that the models will be evaluated
on two similar but inherently different tasks: video summarization and highlight detection.

During training, the models try to maximize the reward functions (see Section B.5), by
assigning probabilities to the video frames. However, during evaluation, these probabilities
are interpreted differently for the task of video summarization and for the task of highlight
detection (as described in Section §.2). As a result, a model may perform well on one task
while underperforming on another, as reported in [20].

The metrics that we will utilize were explained in Section . For the Mean Average Pre-
cision (MAP) metric, we will mainly use p = 50% and p = 15%, denoted as MAP50 and
MAP15 respectively.

It is widely accepted that RL pipelines often produce fluctuating results, compared to
Supervised Learning ones. To address this, we apply Exponential Moving Average (EMA)

smoothing with a smoothing factor of 0.5 to the presented graphs.

5.3 Hyperparameter Tuning

To optimize the learning rate and weight decay parameters, we conducted a grid search

on a subset of the datasets. More specifically, we used a training dataset of 400 samples and

Institutional Repository - Library & Information Centre - University of Thessaly
06/09/2026 07:40:48 EEST - 216.73.216.250



5.4 Unimodal Transformer Number of Layers Exploration

53

an evaluation dataset of 80 samples.

We chose the candidate hyperparameters:

* Learning Rate: 1e-3, le-4, le-5, 5e-5, le-6

» Weight Decay: le-7, le-6, le-5, le-4

After training all the models for all the combinations of the above values for 60 epochs,

we concluded that the most optimal values for all the models are:

e LR: le-5

* Weight Decay: le-5

We chose not to include the number of layers as a hyperparameter in the grid search.

Instead, we decided to examine this parameter separately on the full dataset, as varying the

number of layers could provide some interesting insights for the models.

For the grid-search above, the number of layers was chosen to be 2, following [25].

5.4 Unimodal Transformer Number of Layers Exploration

The unimodal Transformer model was explained in Section B.3.2. It is a stack of trans-

former encoders that takes the visual features as inputs. In this section, we will showcase the

performance of this model with different numbers of layers on the two tasks.

Unimodal Transformer number of layers exploration

F1 score

0 10 20 30 40 50 60
Epoch

(o) F1 vs Epochs

Unimodal Transformer number of layers exploration
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o o
[
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Figure 5.1: The F1, MAP50 and MAP15 scores of the Unimodal Transformer across Epochs

for a varying number of layers.
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5.4.1 Video Summarization Task

In Figure 5.1a], we observe that the model achieves its best performance when using
4 or 5 layers, outperforming configurations with fewer layers. We observe that the model
variation utilizing a single layer remains stagnant, with its performance not improving over
additional epochs. By adding more layers, the model becomes more complex, exploits more

information, and thus delivers better results.

5.4.2 Highlight Detection Task

In Figures and 5.1y}, we observe that the model with a single layer outperforms the
others on the MAP score, which is the opposite of what we observed on the Video summa-
rization task.

In order for a model to excel in the highlight detection metrics, it needs to place the top-
p% of the frames in the top of the ranking, regardless of their order. Conversely, to achieve a
high score on the video summarization metrics, the predicted ranking needs to align with the
ground-truth ranking (for the Rank Correlation Coefficients) or the predicted summary has
to align with the ground truth summary (for the F1 score).

From this, we can infer that highlight detection is a relatively simpler task compared
to video summarization. As a result, more complex models are likely to be more prone to
overfitting when applied to highlight detection, given the task’s lower complexity. This could

explain why configurations with fewer layers outperform those with more layers for this task.

5.5 Multimodal Transformer Number of Layers Exploration

The Multimodal Transformer model was explained in detail in Section B.3.1]. In this sec-
tion we will evaluate the performance of the model with a varying number of layers on the

two tasks.

5.5.1 Video Summarization Task

In Figure 5.2a], we observe that, similar to the experiments with the unimodal Trans-
former, configurations with 4 or 5 layers achieve the best results compared to those with

fewer layers.
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Figure 5.2: The F1, MAP50 and MAP15 scores of the Multimodal Transformer across Epochs

for a varying number of layers.

This behavior can be explained by the fact that models with more layers are more complex
and therefore have the capacity to process and utilize more information compared to models

with fewer layers.

5.5.2 Highlight Detection Task

In Figures and 5.2B], we observe that the performance on the MAP score for all
model configurations increases at first, then reaches a maximum point and finally drops. This

drop in performance may suggest that the models start overfitting to the training dataset.

Following [20], to overcome the problem of overfitting, we save the weights of each
model at the epoch with the best performance. However, since performance varies across
the two tasks, we save one snapshot of the model that performs best on the first task and
another snapshot that performs best on the second task. This ensures that we retain the model
configurations that are optimized for each specific task, helping to achieve better overall

performance without overfitting to either task.

Regarding the exploration of the performance across configurations with a varying num-
ber of layers, we observe that similar to Section 5.4, the model with a single layer outperforms
the rest. As outlined in Section 5.4, this behavior could be explained by the fact that less com-
plex models may be a better fit for highlight detection, since it is a simpler task compared to

video summarization.
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Figure 5.3: Comparison of the F1, kTau and sRho scores of the Unimodal and the Multimodal

Transformer.

5.6 Multimodal and Unimodal Transformers Comparison

So far, we have experimented with the individual models and their parameters. In this
section, we will compare the Multimodal and the Unimodal Transformer across the different

metrics. We will choose the best performing configuration of the models for each task.

5.6.1 Video Summarization Task

In Figure 5.3a], we observe that the two models achieve similar performance in terms of
the F1 score, with each reaching a value of 55.79.

This observation may lead to the assumption that the Multimodal model does not have
any advantages compared to the Unimodal model. However, as described in Section #.2.1],
according to Section [44], the F1 score may not be a reliable metric for assessing video sum-
marization, so we utilized the Rank Correlation Coefficients described in §.2.1].

Figures and show the Kendall 7 (kTau) and Spearman’s p (sRho), respectively.
It is evident that the multimodal Transformer outperforms the unimodal Transformer in both
sRho and kTau scores. Table presents the exact scores for both models at the epoch of
their peak performance.

The values of the scores may appear small, but we need to consider that the Rank Corre-
lation Coefficients are very sensitive metrics and small values still indicate an existing corre-
lation. In [44], researchers conducted experiments with human annotators on a small dataset
unrelated to ours, and found that the annotated ranking, when compared to the ground truth
ranking, achieved an sRho score of 0.204 and a kTau score of 0.177. This fact is an indication

that the values in Table {5.1] are reasonable and align with the expected performance for tasks
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Model Spearman’s Rho Kendall Tau
Multimodal Transformer 0.1225 0.0916
Unimodal Transformer 0.0176 0.0127

Table 5.1: Comparison of Spearman’s Rho and Kendall Tau scores for Multimodal and Uni-

modal Transformers. The values are taken from the graphs on Figures and 5.3p).

Unimodal and Multimodal Transformer Comparison Unimodal and Multimodal Transformer Comparison
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Figure 5.4: Comparison of the MAP50 and MAP1S5 scores of the unimodal and the multi-

modal Transformer across epochs

of this nature.
Given all the above, we can assume that the Multimodal Transformer has superior perfor-
mance compared to the Unimodal Transformer in the video summarization task, according

to the sRho and kTau metrics.

5.6.2 Highlight Detection Task

Figure shows the performance of the Transformers across epochs based on the MAP
score with p = 50 (MAP50), while Figure presents the same analysis with p = 15
(MAP15).

From the two graphs in the figures mentioned above, we can conclude that the multimodal
model outperforms the unimodal model in the MAP50 score, whereas the unimodal model
performs better in the MAP15 score. This behaviour can be explained by the nature of the
MAP metric, which considers the top-p% frames as ground truth and evaluates the model’s

ability to rank these frames in high positions.
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Figure 5.5: The grey distribution represents the viewers’ engagement throughout the video
and the blue sections capture the top p% highlights (p = 50 for (a) and p = 15 for (b)).
The red dot indicates the current position of the cursor in the duration of the video (Figures

adapted from [20]).

For MAP15, where p = 15%, the top-15% of frames constitute a small portion of the
video and may even correspond to a single localized event. In such cases, the visual modality,
being stronger than the text modality, is more capable of showcasing this event to the model.
The text modality may even act as noise in this scenario, hence the Multimodal Transformer’s
lower performance. In Figure 5.9(b), we see a screenshot of a video of a football match. The
highlighted blue section shows the top-15% frames of the video, which probably corresponds
to a goal in this case. We can argue that the visual features alone are sufficient for the model
to localize the event, and in this case, the video transcript may instead introduce noise.

In the case of MAP50, where p = 50%, it is evident from the blue section in Figure
B.5(a) that the top-50% of frames are numerous and distributed across the video, rather than
being concentrated on a single event. As a result, the text modality (the speaker’s commentary
during the game in this case) plays a larger role in influencing viewer engagement. Thus, the

multimodal model achieves a higher score.
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5.7 Unimodal Transformer and Baseline Comparison 59

Since the multimodal Transformer outperforms the unimodal Transformer in MAP50 and
the unimodal Transformer performs better in MAP15, we thought it would be insightful to
explore the Mean Average Precision Metric with more values or p. More specifically, we
explored the values p = {50, 45, 40, 35, 30, 25, 20, 15,10, 5}

We observed that the multimodal Transformer outperforms the unimodal Transformer
when p = {50, 45,40, 30,25}. Beyond this point, the unimodal Transformer surpasses the
Multimodal transformer for p = {20, 15, 10, 5}.

5.7 Unimodal Transformer and Baseline Comparison

As stated in Section B.3.3, the study in [28] utilized a bidirectional LSTM to act as the

DSN, which serves as a baseline for our approach.
In this section, we will compare the Unimodal biLSTM with the Unimodal Transformer.

The Unimodal Transformer outperforms the baseline in every metric across both tasks.

This is evident in Figures 5.6a, 5.6B], 5.6y}, 5.7a] and 5.7B] that illustrate the performance of
the models for the F1, kTau, sRho, MAP50, MAP15, metrics, respectively.

The Baseline utilizes a biLSTM model, which is less complex compared to the Trans-
former. Additionally, the training dataset (34K videos) is orders of magnitude larger than the
one used in the original work [28] (50 videos). Due to these two factors, the biLSTM quickly
reaches its peak performance within the first few epochs and then begins to overfit. This

results in progresively worse performance on the evaluation dataset as the training continues.
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Figure 5.6: Comparison of the F1, kTau and sRho scores of the unimodal Transformer and

the Baseline (biLSTM).
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Figure 5.7: Comparison of the MAP50 and MAP15 scores of the unimodal Transformer and

the Baseline (biLSTM).

5.8 Experimentation with the Regularization Parameter 3,

In the experiments described above, we observed that the Multimodal Transformer con-

sistently assigns higher probabilities to the frames in the final stage of the pipeline described

in Section B.4, compared to the probabilities assigned by the other models.

In Section B.7 and specifically in Equation (B.10) we introduced the regularization term

Lpercentage that constrains the magnitude of the probabilities that the model generates. This

term is incorporated into the final optimization function (B.12)) and is weighted by a coeffi-

cient, denoted as ;.

The multimodal Transformer generates higher probabilities compared to the other models

because its reward function includes three terms instead of two (see Section B.g), allowing it
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Figure 5.8: Comparison of the MAP35, MAP15 and map5 scores of the Unimodal Trans-

former, and the Multimodal Transformer for different values of (3;.
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5.8 Experimentation with the Regularization Parameter 3 61

to reach higher values. As a result, the model prioritizes maximizing the reward while paying
less attention to the regularization parameter that constrains these probabilities.

To address this issue, we increased the weight of the regularization parameter, in order to
emphasize its importance and to ensure that the model considers it.

The default value of (1, taken from [28], is 0.01. We experimented with the values 5, =
{0.03,0.06,0.1,0.12,0.15,0.2,0.25}.

We observed that as the value of 3; increases, the performance metrics for the Video Sum-
marization task decline. Similarly, for the Highlight Detection task, the model’s performance
(measured by MAP) also declines when we increase (; for p = {50, 45,40}.

However, for MAP with p = 35, the performance of the model increases by increasing the
p1 parameter and the peak performance is reached with 5, = 0.12. Figure illustrates
the performance of the Multimodal Transformer when using $; = 0.12. For comparison,
the figure also includes the performance of the Multimodal Transformer with the default 3,
value, as well as the performance of the unimodal Transformer.

In Section B5.7, we showed that the unimodal Transformer performs better than the Mul-
timodal Transformer in MAP15 (when p = 15). However, as shown in Figure 5.8p], The
multimodal Transformer with 3 = 0.12 outperforms the unimodal Transformer in MAP15.
While we do not include a separate figure for MAP10 to avoid redundancy, it is worth noting
that the Multimodal Transformer with 5 = 0.12 also outperforms the unimodal Transformer
in MAP10.

Nevertheless, as shown in Figure [5.8y], the unimodal Transformer outperforms the mul-
timodal models in MAP with p = 5% (MAP5).

This demonstrates that our conclusion in Section [5.7 holds: the unimodal Transformer
is more effective than the multimodal Transformer for selecting the top-p% moments of the
video, when p is relatively small. In Section 5.7, we identified the threshold at which the uni-
modal model outperforms the multimodal model as being at p = 15%. However, as discussed
in this section, adjusting the 3; parameter shifts this threshold to p = 5%.

The experiments in this section demonstrate that increasing the weight of the regular-
ization parameter, which constrains the model’s average probabilities, helps the multimodal

model achieve higher scores in the highlight detection task for relatively small values of p.
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Chapter 6

Conclusions

6.1 Summary

Our model was developed to address the underexplored potential of unsupervised training
for multimodal models in video summarization and highlight detection. Built on an extended
Transformer architecture, it exploits information from the video frames and the video tran-
scripts, enabling it to perform both tasks. The training process utilizes Reinforcement Leaning

to optimize the performance across the two tasks.

For comparison, we used a plain Transformer Encoder and a biLSTM, which only utilize

the visual modality.

In the experiments, we showed that for the video summarization task, increasing the num-
ber of layers improved the performance of both the unimodal and the multimodal Trans-
former. In contrast, for the highlight detection task, models with fewer layers outperformed
those with more layers. This finding indicates that the video summarization task is inherently

more sophisticated, requiring the use of more complex models to effectively address it.

Moreover, we showed that the unimodal Transformer is better than the biLSTM in all
tasks and that the multimodal Transformer is better than the unimodal Transformer in Video
Summarization. However, Regarding the Highlight Detection task, the unimodal Transformer
performs better at detecting the highest-ranking highlights, while the multimodal model is
better at identifying the lower-ranking highlights. We assumed that this occurs because the
text modality, being weaker than the visual modality, has little impact on user engagement

with the top-ranking highlight moments of a video.
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64 Chapter 6. Conclusions

6.2 Future Work

The scope of this work can be further expanded by exploring several potential directions,
as outlined below.

As mentioned in the previous sections, the HowTol00M dataset [[16] which was used
for training contains 1.22 million videos. However, due to time and hardware limitations,
we used a subset of 34,000 videos for training, which is 35 times smaller than the original
dataset. The utilization of a larger subset, or the whole dataset, will almost certainly yield
better results.

Moreover, the training dataset and the Evaluation dataset contain videos from a large va-
riety of domains, but in our work, we treated all videos equally. A potential improvement
would be to create domain-specific datasets and train separate models for each domain. This
would result in multiple models, each optimized for performance within its respective do-
main, based on the characteristics of the training dataset.

Lastly, since video summarization and highlight detection are highly subjective tasks,
evaluating models on more datasets could provide more robust and reliable results. The Wiki-
How and COGNIMUSE datasets [47], [48] contain annotated videos and can be used to

evaluate models on the video summarization task.
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