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ABSTRACT

UNSUPERVISED VIDEO SUMMARIZATION WITH
INDEPENDENTLY RECURRENT NEURAL NETWORKS AND
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Gökhan YALINIZ

Master of Science, Department of Computer Engineering
Supervisor: Assoc. Prof. Dr. Nazlı İKİZLER CİNBİŞ
September 2019, 64 pages

Video summarization, one of the interesting research areas that has significant acceleration
in recent years, is producing shorter and concise videos that represent the content of long
videos as diversely as possible. It is observed that sigmoid and hyperbolic activation functions
used in long short-term memory (LSTM) and gated recurrent unit (GRU) models used in
recent studies on video summarization task, may cause gradient decay over layers. Moreover,
interpreting and developing network models are hard because of entanglement of neurons
on recurrent neural network (RNN). Besides that, to create good video summary from long
videos, a model needs to retain temporal coherence. Irrelevant jumps within key segments
can confuse a viewer. Therefore, a model should compose video summary uniformly. To
solve these issues, in this study, a method that uses deep reinforcement learning together
with independently recurrent neural networks (IndRNN) is proposed for unsupervised video
summarization. In this method, Leaky Rectified Linear Unit (Leaky ReLU) is used as an
activation function to deal with decaying gradient and dying neuron problems. The model,
i

which does not rely on any labels or user interaction, is designed with a reward function
that jointly accounts for uniformity, diversity and representativeness of generated summaries.
In this way, the model can create summaries as uniform as possible, has more layers and
can be trained with more steps without having any problem related to gradients. Based on
the experiments conducted on two benchmark datasets, it is observed that, compared to the
state-of-the-art methods on video summarization task, better results are obtained.

Keywords: video summarization, independently recurrent neural network, recurrent neural
network, long short term memory, uniformity, unsupervised
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ÖZET

BAĞIMSIZ ÖZYİNELİ SİNİR AĞLARI VE ÇOKLU ÖDÜLLER İLE
GÖZETİMSİZ VİDEO ÖZETLEME

Gökhan YALINIZ

Yüksek Lisans, Bilgisayar Mühendisliği Bölümü
Tez Danışmanı: Doç. Dr. Nazlı İKİZLER CİNBİŞ
Eylül 2019, 64 sayfa

Son yıllarda dikkat çeken bir ivmeye sahip, ilgi çekici araştırma konularından biri olan video
özetleme, uzun videoların, içeriğini olabildiğince geniş çaplı ifade edebilecek daha kısa ve
özlü videolar haline getirilmesidir. Video özetleme görevi üzerinde yapılan son çalışmalarda
uzun kısa vadeli belleklerde ve geçitli tekrarlayan ünitelerde kullanılan sigmoid ve hiperbolik
tanjant etkilenim fonksiyonlarının katmanlar boyunca eğimin bozulmasına sebep olabileceği
gözlemlenmektedir. Bununla birlikte özyineli sinir ağlarında bulunan nöronların birbirine
dolanması nedeni ile ağ modellerinin yorumlanması ve geliştirilebilmesi zordur. Ayrıca
uzun videolardan iyi bir özet çıkarabilmek için modelin zamansal tutarlılığı sürdürebilmesi
gerekmektedir. Anahtar bölütlerdeki alakasız sıçramalar izleyicinin kafasını karıştırabilir. Bu
sebeple modelin video özetini tekdüze olarak oluşturması gerekmektedir. Bu problemlerin
giderilebilmesine yönelik olarak, bu çalışmamızda, gözetimsiz olarak video özetleme için,
bağımsız özyineli sinir ağları (Independently Recurrent Neural Network - BÖSA) ile derin
pekiştirmeli öğrenmeyi bir arada kullanan bir yöntem önerilmektedir. Bu yöntemde eğimin
bozulması ve ölü nöron problemleriyle başa çıkmak için etkilenim fonksiyonu olarak sızan
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doğrultulmuş doğrusal ünite kullanılmıştır. Bu model herhangi bir etikete veya kullanıcı
etkileşimine ihtiyaç duymayan, birlikte hesaplanan, oluşturulan videonun tekdüzeliğinden,
çeşitliliğinden ve ifade edilebilirliğinden oluşan bir ödül fonksiyonu ile tasarlanmıştır. Bu
sayede model video özetini olabildiğince tekdüze oluşturabilir, eğim ile ilgili herhangi bir
problem ile karşılaşmadan daha fazla katmana sahip olabilir ve daha fazla adım ile eğitilebilir.
Video özetleme ile ilgili iki önemli denektaşı veri kümesinde yapılan deneylerde alınan
sonuçlar, önerilen BÖSA tabanlı derin pekişkirmeli öğrenme yaklaşımının literatürde önerilen
diğer yaklaşımlara oranla daha yüksek başarımlı sonuçlar ürettiğini göstermektedir.

Anahtar Kelimeler: video özetleme, bağımsız özyineli sinir ağı, özyineli sinir ağı, uzun kısa
vadeli bellek, tekdüzelik, gözetimsiz
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1. INTRODUCTION
With the sharp rising of internet usage, the number of videos on the internet has increased in
recent years significantly. The Cisco Visual Networking Index shows that videos accounted
75% of internet traffic in 2017, it is estimated that the percentage will be 82% in 2022
[5].According to the statistics, hundreds of hours of videos are uploaded on social media
platforms every second. The footprint of videos on the internet is increasing every passing
second with great pace. Revealing the prominent and precious parts of the videos has become
more critical necessity with this pace. Processing videos is inevitable for tasks such as
information retrieval, organizing, indexing, browsing and searching.

Figure 1.1. An illustration of video summarization. Input: video, Output: collection of key
frames, shots
Video summarization aims at producing shorter and concise videos that represent the content
of long videos as diversely as possible. A viewer can reach more informative videos according
to their desire by using video summarization models. For example, extracting important
moments such as goals and penalties from soccer videos can be very useful and time-saving
for the viewer [6, 7]. Solutions to video summarization problem can also be used for some
other tasks such as information retrieval, video indexing, crowd anomaly detection [8, 9].
The recent approaches for video summarization can be categorized as supervised and unsupervised. The supervised methods need labels such as category level label and frame level
1

importance score for training process [4, 10]. On the other hand, unsupervised methods are
designed to use only video itself to create good summary. This feature makes unsupervised
methods more useful when labeled videos are not sufficient enough [11].

1.1.

Scope of the Thesis

In this thesis, we propose an unsupervised method based on reinforcement learning to handle
video summarization task. Recent studies demonstrate that one of the best performance among
the state-of-the-art methods is obtained by using LSTM [12] and deep reinforcement learning
framework together [4]. However using the sigmoid and hyperbolic activation function in
LSTM [12] and GRU [13] based networks results gradient decay over layers.
Using non-saturated activation function may not be a problem for shallow networks. Nonetheless, when layers are stacked in a model, the activation function may cause vanishing gradient
problem. To learn long term dependencies successfully while alleviating decaying gradient
problem, the network needs to be trainable with multi layers [14]. In this thesis, to overcome
decaying & vanishing & exploding gradient problems for unsupervised video summarization
task, a model which uses independently recurrent neural network (IndRNN) [14] and deep
reinforcement learning together is proposed. IndRNN solves the problems related to gradient
while being computationally efficient [14].
Secondly, we focus on selecting an activation function which fits deep multi-layer networks
and able to handle more steps to learn sequential features properly. Here, since we want to
develop deep network to learn long term dependencies from sequential data, the activation
function is another key point. It needs to avoid vanishing gradient and saturation problems.
For this purpose, we compare different activation function and explore their effectiveness.
Finally, we explore several reward functions in reinforcement learning for the video summarization model. In [4] the diversity-representativeness reward is used. The diversity
reward measures how diverse the selected frames are in the generated summaries. The representativeness reward evaluates the quality of the generated summaries as the degree of
2

representativeness of original video. The main problem of the diversity-representativeness
reward they proposed is non-uniformity among segments of generated summaries.
Although their method creates diverse and representative summarized video, it suffers from
redundant jumps between segments, which disrupt the summarized video and annoy the viewer.
To solve this problem, we add uniformity reward to the reward function of our reinforcement
based model. In this way, the proposed method gets rid of irritating and senseless jump among
the selected segments. Thus, our model protect the integrity of the segments and do not disturb
the viewer while generating high quality summaries.

1.2.

Contributions

To sum up, our contributions in this thesis are three-fold:

• We explore the power of independently recurrent networks in reinforcement based
unsupervised video summarization,
• We explore different activation functions in this context,
• We show that the uniformity reward adds further value to the summarization model.

We test the proposed model on two benchmark datasets and the experimental results demonstrate the effectiveness of the proposed framework.

1.3.

Organization

This thesis is organized as follows.
In Chapter 2, background for video summarization research topic is given. In Chapter 3,
the recent literature on video summarization is reviewed in utter detail. Chapter 4 presents
the proposed method and gives detailed information about the infrastructure of it. Chapter
3

5 presents the analysis of experiments and the results achieved by the proposed method. In
Chapter 6, we conclude our work on video summarization, then we mention about possible
future studies.

4

2. BACKGROUND
In this chapter, we give brief information about video summarization research topic to
understand the thesis completely while keeping it short. First and foremost, we explore some
neural network types used in our model. We make an introduction about convolutional neural
networks which is used to extract features from the video frames in the model. In this section
we also explore recurrent neural networks such as LSTM and GRU which are used to learn
long term dependencies from the extracted features. Then, we explain activation function
types which are used in the literature recently. We clarify the advantages and the disadvantages
of activation functions used in recent studies and our method. After that, we give concise
information about reinforcement learning. Finally we mention about methods and algorithms
used in the proposed method such as, 0/1 knapsack algorithm, Kernel Temporal Segmentation
(KTS) in this thesis.

2.1.

Artificial Neural Network Types

Figure 2.1. A conceptual structure of artificial neural networks
While keeping in mind that giving all the information about deep learning infrastructure are
beyond the scope of this thesis, we give a formal introduction to every concept needed to
fully understand the work done in the thesis clearly. The following sections introduce neural
network types, activation functions and reinforcement learning (RL) which are used in recent
studies.
5

2.1.1.

Convolutional Neural Networks

CNNs are particular type of multi-layer neural networks designed to identify visual patterns
from pixels of raw images. CNNs have multiple layers such as convolutional, pooling, fully
connected and non-linearity layers.
LeNet-5, which is the pioneer work on multi-layer convolutional network, was designed to
recognize hand written digits [15]. But the availability of computing resources and datasets to
train and test of CNN based networks were on hold until the work proposed by Krizhevsky et
al. called Alexnet [16]. Their method won the challenge on ImageNet 2012 (ILSVRC2012),
which has over 15M labeled high resolution images with 22K categories. This method reduced
top-5 error by 9.9%. The dramatic success w.r.t. the runner up method on top-5 error, which
is not a CNN based architecture, draw all attention to CNNs [16].
Thereafter, winner of ILSVRC2013 image classification challenge was another CNNs based
architecture, ZFNet [17] as expected. ZFNet maintains same structure with Alexnet, they
tweaked the hyper-parameters of the network, used smaller filters in earlier conv layers to
retain pixel information and increased the number of filter in the deeper layers. They also
used ReLU as an activation function and trained their network via stochastic gradient descent
for reducing the loss [17].
Afterwards, the winner of the ILSVRC2014 challenge was GoogleNet [18]. The result of
GoogleNet on ILSVRC2014 is top-5 error rate of 6.67% which is very close to human level.
Their LeNet inspired network was implemented with a novel element (inception module). The
inception module was designed to use less number of parameters in CNN layer while going
deeper. Their architecture has 22 layer deep CNN with 93.33% less number of parameters
w.r.t. Alexnet [16, 18].
Promising results achieved in recent years on image classification tasks led researchers to
work on other tasks in computer vision with CNNs such as segmentation, identification. We
use pretrained CNNs as a feature extractor. We select GoogleNet [18] as the CNN model that
is pretrained on ImageNet [19] for fair comparision with our baseline model [4].
6

2.1.2.

Recurrent Neural Networks

CNNs were designed to process input state to extract information from pixels of images to an
output variable. While RNNs were designed to process sequential data which use input state
and its current state to extract useful information [20]. For example some tasks such as action
recognition [21] and language processing [22], which a model needs to use sequential data to
guess the results, may not proper for CNNs. RNNs were developed to solve this issue which
CNNs are confronted.
Although RNN solves this problem, it suffers from short-term memory when a sequence
is long for carrying information between earlier and later steps. So it may leave behind
the critical information that network needs to retain. Especially during back propagation,
RNNs stand face to face with vanishing gradient problem. LSTMs [23] and GRUs [13]
were proposed to solve this issue. They regulate the flow of information by using internal
mechanism called gates. By using the gates, they decide which data to keep or throw away in
long sequences.
Activation functions used in LSTM and GRU, which are the hyperbolic tangent and the
sigmoid activation, may result decaying gradient problem over layers. Also entanglement of
neurons in the same layer of RNNs makes difficult to interpret and develop a network. To
solve this problem, independently recurrent neural network (IndRNN) was proposed in [14].
IndRNN processes the recurrent inputs with elementwise product rather than matrix product
which provised a number of advantages w.r.t. traditional RNN such as solving vanishing
& exploding gradient problem, being able to process longer sequences, working well with
non-saturated functions such as ReLU and easy interpretation/development of models.

2.2.

Activation Functions

Activation functions, are one of the key concept of artificial neural network, map the nonlinearly separable input into a space that is linearly separable output. It decides whether a
7

neuron should be activated or not by performing element-wise nonlinear transformation. In
this section, we mention activation functions used in recent studies such as sigmoid function,
hyperbolic tangent, ReLU and leaky ReLU.

2.2.1.

Sigmoid Function

Sigmoid function, given in Equation 1, maps any real valued number to [0, 1]. The sigmoid
function is easy to understand and apply but it has some drawbacks that reduce the usage in
recent studies significantly:

• Gradient vanishing
• Not zero centered which makes optimization hard
• Saturate and kill gradient
• Slow convergence
y(x)

2
1

sigmoid(x)
x

0
-1
-2

-1

0

1

2

Figure 2.2. Sigmoid activation function
sigmoid(x) =

8

1
.
1 + exp(−x)

(1)

2.2.2.

Hyperbolic Tangent (tanh)

tanh, given in Equation 2, maps any real valued number to [−1, 1]. Because of the range of
the output is between -1 and 1, it is zero centered. Therefore it is easier to optimize than the
sigmoid function. However vanishing gradient occurs when using tanh also.
tanh(x) =

1 − exp(−2x)
.
1 + exp(−2x)

(2)

y(x)

2
tanh(x)

1

x

0
-1
-2

-1

0

1

2

Figure 2.3. Hyperbolic tangent

2.2.3.

Rectified Linear Unit (ReLU)

ReLU has gained popularity because of its simplicity, efficiency and improvement in convergence defined as in Equation 2 [24, 25]. So it becomes the activation function choice in many
applications [16, 26, 27].
ReLU (x) = max(0, x).

(3)

Despite its interesting properties it has few drawbacks:

• Computational efficiency: The mathematical computation is easier than other logarithmic activation functions.
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• No positive saturation: ReLU output is zero for input values lesser than zero, it does
not saturate otherwise. This property helps gradient to flow in positive state and speeds
up the convergence of training.
• Induce sparsity: ReLU is used to induce sparsity in the hidden units.
• Dying ReLU problem: A large gradient flowing through neuron can change its weight
in such a way that it will not be able to active again so that the unit will prevent gradient
flowing and stay in that state forever.
y(x)
ReLU (x)
2
1
x

0
-1
-2

-1

0

1

2

Figure 2.4. Rectified Linear Unit

2.2.4.

Leaky ReLU

y(x)
Leaky ReLU (x)
2
1
x

0
-1
-2

-1

0

1

2

Figure 2.5. Leaky Rectified Linear Unit ( Leaky ReLU)
10

Leaky ReLU is adopted version of ReLU to alleviate the dying unit problem. It helps to
recover extreme values of the weights by allowing small gradient to flow through the unit for
non-positive values. The formulation of Leaky ReLU is given as follows:

LeakyReLU (x) = max(α ∗ x, x),

(4)

where α is a small constant.

2.3.

Deep Reinforcement Learning (RL)

Figure 2.6. A conceptual structure of a Deep RL models. DNN: Deep Neural Network
Deep RL is sub field of deep learning in which an agent takes actions depending on positive or
negative feedback from the environment. The artificial agent tries to optimize the objectives
by using experience, like human does [28]. The number of RL based deep learning methods
has increased in recent years significantly. The success of RL on sequential decision making
problems triggered the researchers to get outstanding results on several task such as playing

11

Atari games just from pixel input [29], robotic manipulation [30]. To understand reinforcement learning, we will explain agent, environment, states, reward, policy and actions below
conceptually.

• Agent: An agent makes the decision of what action to take. The agent uses observation
from the environment and its current state. Then it processes the state using policy
function which decides what action to take. For example an ai game bot in a game.
• Action (A): Action is the set of all possible moves to change its environment. Agents
choose the action they will perform from a list of all possible actions. For example, a
movement of a game bot to overcome obstacle in a game from a list of options such as
left, right, up and down directions.
• Environment: An environment gets agent’s current state and returns a reward with the
next state as output. The environment is a set of states the agent attempts to influence
with choice from list of agent’s action. If a game bot is an agent, the agent interacts
with the environment such as obstacles and other bots in the game.
• State (S): A state is temporary and concrete situation that agents in: i.e. a certain
configuration in point of place, time and tools that agent has. For example, a state of
game bot which has 40 points with 70% health in third level of game in front of two
other opponents.
• Reward (R): A reward is a feedback such as success or failure given to the agent
according the actions that it takes. For example, a game bot wins points when touches
a coin or lose 10% of health level when hit by enemy. An agent sends its choice of
action to the environment, then the environment return the new state to the agent with
the rewards of its last action.
• Policy (π): A policy maps the current state to the next action to be taken by the agent.
Policy function gives the action as an output that expects the highest reward in the next
state.
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Reinforcement learning aims to learn sequence of actions that will lead it to achieve its goal
by maximizing rewards according to the environment and state which it is in. The conceptual
structure of a Deep RL model is illustrated in Figure 2.6..

2.4.

Summary Generation

We can consider video summarization as a problem of subset selection which has two categories. One of them is key frame selection, which considers the problem as a collection of
frames [4, 10]. We also consider this problem as a key frame selection. The other category is
key shot selection which considers the problem as a collection of segments [31]. To create
summary video from frames, KTS [32] is used for temporal segmentation.

2.4.1.

Kernel Temporal Segmentation (KTS)

KTS splits the video into set of temporal segments which don’t intersect by using kernel-based
change point detection algorithm [32]. We use KTS to group similar frames so semantic
changes occur at boundaries.

2.4.2.

0/1 Knapsack Algorithm

max

s
X
i=1

ui vi subject to

s
X

ui wi ≤ l, ui ∈ {0, 1}

(5)

i=1

This equation is followed where ui represents the frame is selected (1) or not (0), vi is the
importance score, wi is the length of the i’th shot, s is the number of shots, l is summary
length (Equation 5). This problem is solved using dynamic programming [1]. We ensure that
the summary length of the video does not exceed 15% of the original video as in [1, 4].
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2.5.

Other Techniques That Deal with Gradient Related Problems

In this thesis, to solve the vanishing & exploding gradient problems, we use IndRNN in our
summarization network. In recent years, to handle gradient related problems, there are also
several approaches proposed such as xavier initialization [33] and gradient clipping [34]. In
the next two sections we will give a brief information about these approaches.

2.5.1.

Xavier Initialization

The weights of deep neural networks should have right value at the start of training processes.
Since too small or too high initial weights may result divergence in the model, so the loss
function can not reach any successful point to end up with an acceptable model. When we
try to design deep neural network with multiple layers, the following two scenarios may
occur. Firstly, when the weights are too small, the variance of the input data starts to diminish.
Secondly, when the weights are too high, rapidly increased variance of the input data causes
saturation. ”Xavier Initialization” [33] method assigns the weights from gaussian distribution,
so the variance of the input signal remain same at each passing layer. It solves the vanishing
& exploding gradient by using gaussian distribution [33].

2.5.2.

Gradient Clipping

”Gradient clipping” [34] was proposed to solve exploding gradient problem [34]. In this
approach the norm of the gradient is scaled down to a given threshold value when it exceeds
the limit. This rescaling processes prevent the model from gradient exploding problem during
training, especially in recurrent neural networks [34].
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3. LITERATURE REVIEW
Recent studies on video summarization have increased substantially. Before the mileage of
deep learning, some machine learning based and hand-crafted attempts were done in this
research area [1, 2, 32, 35–38].
In the mileage of deep learning, many attemps have been made. Plenty of CNN [38–40],
LSTM [4, 41–45] and GRU [46, 47] based video summarization models have been proposed.
There are some models which use reinforcement learning [4, 46, 48, 49] and generative
adversarial frameworks [43, 50–52]. Some of the models use query terms to extract more
objective and query-related video summarization [11, 49, 53–55].

3.1.

Hand-Crafted and Machine Learning Based Approaches

VSUMM selects the key frames by using k-means clustering [35]. Their color feature
extraction based clustering space clusters video frames according to their color features which
were extracted by using color histogram algorithm applied on that space. They use Hue
component of that space which represents the most effective spectral of color. Thereafter,
16 color bins quantization is applied to reduce the data to process without losing significant
information. Afterwards, they remove meaningless frames from the color information they
extracted before clustering. They use simple shot boundary detection algorithm [56] to decide
the number of clusters that may change according to changes in the video content.
Superframe segmentation based method is proposed by Gygli et. al. [2]. Their motion
adapted algorithm creates boundaries where little or no motion is occurred between segments.
Thereafter, they calculate interestingness score for each frame combined low-level information
(aesthetic quality such as contrast, spatio-temporal saliency) with high level information
(landmark, face, person detection etc.). They combine all the features with a linear function
to get the feature score of single frame. The interestingness score for each superframe is
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calculated by using interestingness of all the frames in that superframe. The interestingness
score is maximized by using 0/1 Knapsack algorithm.
Kernel Video Summarization (KVS), proposed by Potapov et. al. [32], is based on Kernel
Temporal Segmentation (KTS) which uses both change points and shot boundaries to segment
a video. They assign an importance score to each segment by using SVM classifier. The
importance scoring algorithm is category specific such as ”changing a vehicle tire” and
”birthday party”. SVM classifer is trained on videos for each labeled category. A summary is
constructed by combining the highest scored segments in order.
Gong et. al. [36] proposed supervised approach, named as sequential determinantal pocess
(seqDPP), tires to select both diverse and informative subset from the ground-truth video.
DPP is used to select diverse subset from the ground-truth dataset that does not consider the
sequential information in data [57]. SeqDPP avoids this problem by temporal span according
to the similarities between adjacent frames. Their main intuition is that diversity should effect
on close frames less than distant frames to keep segment both meaningful and diverse.
Sharghi et. al. [58] proposed improved version of SeqDPP in which solves the exposure
bias problem by using their large-margin algorithm. On the other hand, the likelihood
based objective function, used during training of SeqDPP model, has no correlation with the
evaluation metric they use. Improved version of SeqDPP is designed to handle these two
problems, which are also known as exposure bias and loss-evaluation mismatch [59].
Gygli et. al. [37] proposed supervised method which considers not only the interestingness
but also representativeness of the input video for summarization. Their submodular function
optimizes representativeness, interestingness and uniform objective together by learning
weights of the objectives to select the right frames for summaries.
Summary transfer method, proposed by Zhang et. al. [60], is a supervised subset selection
algorithm. heir algorithm is designed to transfer the structure of human generated summaries
to a new video by using kernel matrices obtained from pairwise similarity of the training
videos. Their model decodes this matrix by DPP to extract the subset of frames [60].
16

3.2.

Deep Learning Based Approaches

In this section, we mention about the recent studies, especially comparable algorithms with
our proposed method, which use deep learning architectures for video summarization.

3.2.1.

Video Summarization Using LSTM

The number of video summarization models in the literature has increased significantly thanks
to LSTM and GRU [4, 41–44], which were designed for sequential data to extract long term
dependencies where using CNN brings problems of losing temporal information.
[10] proposed two different methods to learn temporal dependencies among video frames by
using LSTM with supervised learning technique. To learn both future and past of sequence,
they use bidirectional LSTM in their network (vsLSTM). Their algorithm is adopted to use
annotation with importance scores or binary encoder that indicates a frame is selected or not
for supervised learning. The other method, dppLSTM, is the combination of determinantal
point processes with vsLSTM to ensure the selected frames are as diverse as possible [10].
HSA-RNN (Hierarchical Structure-Adaptive RNN) [31] solves the destroyed hierarchical
structure of videos during shot segmentation task by using 2 layer bidirectional LSTM. They
use fc7 layer of VGGnet16 to extract features from videos [61]. The first layer of the model
is to extract the structure of the video. They use sliding bidirectional LSTM to get rid of
vanishing gradient problem while capturing not only the forward but also the backward
information. The second layer is used to summarize the video.
CSNet (Chunk and Stride Network) is proposed by Jung et. al. [41] to solve summarization of
long video by taking both local (chunk) and global (stride) view of the extracted features from
video frames. To select shots with high importance, they use neighboring and far video frames
as an attention. Their unsupervised method is based on [50] and they use the framework
proposed in [50] to deal with discriminative feature learning by using variance loss. They also
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adopted their network for supervised learning by using binary cross-entropy loss between the
selected and ground truth frames on the existing loss [41].
Zhang et. al. proposed [62] a sequential model with retrospective encoder to generate
summary. The purpose of encoder is mapping the summaries to an abstract semantic space.
SASUM (semantic attended video summarization network), proposed by Wei et. al. [63],
pays attention to extract semantically relevant video segments to generate video summary in
a body . Their network uses text supervision with frame selection network. They segment
the videos into 3 to 5 segments including beginning with a sentences for each segment in
order to use during training. They also use GoogleNet [18] as a feature extractor. They get
the relevance score from the LSTM based Frame selector. Thereafter, the video descriptor
translates the visual context to text description by using its encoder-decoder structure. They
use bidirectional LSTM in encoder and LSTM in decoder of their visual descriptor.
Huang et. al. [64] proposed a model which has 3 stages for video summarization. In
the first stage, they use VGG network as spatial encoder to extract features. Stage 2 is
designed for modelling temporal context. The last stage, which use LSTM in its architecture,
converts long term dependencies to frame level importance scores. They also proposed a user
ranking method to solve annotation of multiple users, which creates uncertainty for video
summarization algorithm. The user ranking method also increased the F-score of the video
summarization algorithm which they proposed.
MerrygoRoundNet, proposed by Lal et. al. [44], is a supervised model which uses convolutional LSTM to learn both spatial and temporal relations among frames. They do not consider
video in a body to extract key frames, which they called it as online. The model they propose
uses only the current and the previous frames. In their model they augment to network to
predict next frame in an unsupervised manner.

3.2.2.

GAN Based Video Summarization Models

SUM-GAN is an unsupervised generative adversarial framework which uses LSTM based
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variational autoencoder and discriminator to summarize videos [50]. Their method has 3
LSTM as follows: selector LSTM is used to select the subset of input frames, encoder LSTM
is used to encode that frames, decoder LSTM is used to decode the features received from the
encoder to generate summary. They also extended their unsupervised method to supervised
method by adding a sparse regularization with annotation from the summarization in datasets.
VESD (variational encoder-summarizer-decoder), proposed by Cai et. al. [52], has two
sub-task architecture for video summarization, which are encoder-decoder model for video
summarization and pretraining process for this model to learn latent semantics from web
videos using weakly labeled videos. In their encoder-decoder model they use bidirectional
LSTM as an encoder to select the segments which has more salient information and decoder to
get the summarized video from the conditional likelihood of the summary for given attention
vector and latent variable. In this model pretrained variational encoder-decoder framework on
web videos provides an environment for generating diverse video summaries [52].
VSumPtrGAN, proposed by Fu et. al. [51], is GAN based training network that reunites the
advantages of supervised and unsupervised algorithms. Their generator, Ptr-Net, a sequence
to sequence arhcitecture, summarizes an input video to segments. The discriminator judges
whether the segments are created by the generator or the summarizer. Ptr-Net uses bidirectional
LSTM as an encoder. They use an attention based cutting point predictor as a decoder. The
decoder was designed to produce tuples of starting and ending point of segments. Thus, their
network does not suffer from the problem for long output sequence which also makes the
training easier.
Cycle-SUM (cycle-consistent adversarial LSTM network), proposed by Yuan et. al [43].
is another GAN based method for video summarization problem, which uses adversarial
LSTM architecture. They use bidirectional LSTM in their selector which gets extracted
features of video frames to learn long term dependencies. They evaluated the generated
video summaries by using GAN based cycle consistent evaluator. Forward generator in
cycle consistent evaluator reconstructs a sequence of features received from the selector.
The forward discriminator judges the differences between the generated and human labeled
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summaries. Backward generator gets the original video to generate sequence of features for
backward discriminator to complete the cycle consistency.

3.2.3.

Video Summarization Using GRUs

Wang et. al. [46] proposed a model similar to DR-DSN [4]. They use bidirectional Gated
Recurrent Unit (GRU) rather than LSTM, which was used in DR-DSN [4], in their summarization network. According to their results, using GRU with 512 hidden states results better
performance than long short-term based DR-DSN.
Elfeki et. al. [47] proposed a supervised video summarization method that uses motion
information to get better summarized video. In their model, they use bidirectional GRU to
extract temporal features. They use both spatial features from CNN and temporal features
from bidirectional GRU. They aggregate the features by mapping the importance and the
actionness score using two different multi-layer perceptron. In the model, for training process,
the actionness score is given by 5 different user to each segment which is generated by KTS
algorithm.

3.2.4.

Video Summarization Using Reinforcement Learning

DR-DSN, proposed by Zhou et. al. [4], uses deep reinforcement learning for unsupervised
video summarization task to generate summaries both diverse and representative. The features
were extracted from the pool5 layer of GoogleNet [18]. The decoder, which uses the features,
is a bidirectional LSTM to decide which frames are selected as an action of agent. The reward
function is used to measure the quality of created summaries by considering the diversity
and the representativeness of the summary. The diversity reward evaluates how diverse the
generated summary is by measuring the dissimilarities between the selected frames. The
representativeness reward evaluates the degree of representativeness of a generated summary
for the original video by using mean k-medoids algorithm. This algorithm strives to mean
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squared errors between the selected frames and their nearest medoids as small as possible.
Their model was extended to supervised learning by using maximum likelihood estimation.
Wang et. al. [46] proposed a method which is similar to DR-DSN from [4]. In [46] they use
bidirectional GRU rather than bidirectional LSTM in their deep summarization network.

3.2.5.

Video Summarization Using Query

In recent years the number of query focused video summarization methods increased significantly, because ground-truth summaries in datasets for video summarization are subjective
[11, 49, 53–55]. Nevertheless, a user query can help to extract better segments for video
summarization. So the model can create more natural summaries and become more objective.
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4. THE PROPOSED APPROACH
Video summarization can be considered as a subset selection task and can be considered
as either key frame selection or key shot selection. We approach the problem as key frame
selection and our model infers probabilities to decide which frames to be selected.

Figure 4.1. Pipeline of our method

Our proposed method is inspired from the successful framework defined by Zhou et al. [4]
and the overall pipeline is depicted in Figure 4.1.. The summarization network is structured
as encoder-decoder architecture followed by the reward calculation. First, the visual features
are extracted from the input video Vi using a convolutional neural network (CNN) encoder.
The decoder part is responsible for deciding whether the frame is selected or not. In [4],
an LSTM is used for the decoding mechanism, however, as discussed previously, there are
certain shortcomings using LSTMs at this decoding step. In our formulation, we propose to
use multi-layer bidirectional IndRNN [14] as decoding mechanism. Moreover, Leaky ReLU
is used as an activation in IndRNNs to get rid of dying rectified linear unit and decaying
gradient problems which occur when a network gets deeper. According the result of frame
selection, the agent takes action (A) for the generated summaries (S). In reward function,
diversity term Rdiv measures how diverse the selected frames are, representativeness term
Rrep evaluates the degree of representativeness of the selected frames, and the uniformity
Runi term measures the temporal coherence among the selected shots. By using the reward
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function R(S), the quality of summary feedback is given to the agent according to response
from the environment.

4.1.

Summarization Network

The visual features are extracted from the input video frames, Vi = {vt }Tt=1 with length of
total frame number T , by using CNN encoder. To decode the extracted features {xt }Tt=1
from the fully connected (FC) layer of CNN, multilayer bidirectional IndRNN based decoder
(Figure 4.3.) is used. IndRNN produces related hidden states {ht }Tt=1 from features extracted
by CNN (Figure 4.2.). For each t’th frame, {ht }Tt=1 is concatenation of forward hft and
backward hbt hidden states. The sigmoid function (σ) is used as an activation function to
predict probabilities pt at the end of last layer of the decoder (Equation 6).

pt = σ(W ht )

(6)

at = Bernoulli(pt )

(7)

Figure 4.2. Convolutional Neural Network (GoogleNet) based encoder
Following this decoding phase, frame selection action at is sampled by Bernoulli distribution
of the predicted probability (Equation 7), where actions A = {at |at ∈ {0, 1}, t = 1, ...T }
represent whether the t’th frame is selected or not. The frames selected by the agent are used
to create video summary S = {vyi |ayi = 1, i = 1, 2, 3, ...} where i represents the selected
frames index.
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Figure 4.3. Multilayer Bidirectional Independent Recurrent Neural Network based decoder.
Bi-IndRNN: Bidirectional IndRNN
4.1.1.

Using Independently Recurrent Neural Networks for Decoding

Our main contribution is using Independently recurrent neural network (IndRNN)[14] rather
than LSTM in summarization network. To give more insight on this choice, below we state
how IndRNN takes advantages over traditional RNN models such as LSTM and GRU. The
update of states of traditional RNNs is given as follows:

ht = σ(W xt + U ht−1 + b)

(8)

where σ is the activation function of the neurons, xt ∈ RM is the input state, ht ∈ RN is the
hidden state. W ∈ RN ×M is weight matrix of the current input, U ∈ RN ×N is the weight for
the recurrent input, b ∈ RN is the bias of the neurons, N is the number of the neurons in the
current RNN layer and M is the input size.
Because the recurrent weights U are multiplicated repeatedly when recurrent neural network
layer is stacked more, model may have vanishing and/or exploding gradient problems which
can be confronted when using LSTM [23] and GRU [13]. Moreover, using sigmoid and
hyperbolic activation functions in a model end up with decaying gradient problem over
layers [14]. RNNs also share the same components [23] which bring to pass entanglement
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between all the neurons in layers [14]. This makes hard to interpret and develop the network
architecture [14].
Independently recurrent neural network (IndRNN), which is proposed by Li et. al. [14],
processes recurrent inputs (u) with the Hadamard product ( ), given in Equation 9, where
σ is the activation function of the neurons, xt ∈ RM is the input state, ht ∈ RN is the
hidden state. W ∈ RN ×M is weight matrix of the current input, u ∈ RN ×N is weight for
the recurrent input, b ∈ RN is the bias of the neurons, N is the number of the neurons in the
current IndRNN layer and M is the input size. In this way, IndRNN provides some advantages
over RNN such as resolving vanishing/exploding gradient, low process sequence steps, ability
to work with ReLU and Leaky ReLU which are non-saturated activation functions, ability
to develop deeper network architecture, computational efficiency and easier development
because the neurons in a layer are independent from each other. On the other hand, RNN
shares the parameters in each layer where the next layer uses the outputs of other neurons of
former neurons [14].

ht = σ(W xt + u

ht−1 + b)

(9)

The hidden state hn,t of the n’th neuron of a layer is independent from other neurons in that
layer is given in Equation 10 as follows:
hn,t = σ(wn xt + un hn,t−1 + bn )

(10)

where σ is the activation function of the neurons, wn is the input weight, un is the recurrent
weight, bn is the bias [14].
Because there are no connections between neurons in each layer, the gradient of an IndRNN
is calcuated in itself. The gradient of IndRNN layer depends on the value of un . However,
the gradient of an RNN layer is computed by its eigenvalues, although change to each matrix
entries is small, it may effect the gradient dramatically [14, 65].
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An ANN with single hidden layer is preferred to represent simple problems which are linearly
separable, such as image classification. If we try to solve more complex, non-linear problems,
we may have two options, a deeper network with many hidden layers or very wide shallow
neural network. A shallow network with many nodes can perform quite well at memorization
but using this type of network creates non-universal models. To learn features at different
levels while keeping the model as general as possible, multiple hidden layers should be used.
When the network gets deeper, the number of parameters for training grows exponentially.
Thus the probability of overfitting may be an inevitable end. If we build our network with
a fixed number of parameters while going deeper, the models can capture richer structure
[66]. Thus, we can achieve better results for complex tasks such as video summarization and
human action recognition. The success of deeper models with less parameters may be partially
explained by this approach. For example, ResNet (152 layers 2M parameters) [67] achieved
way better results than VGGNet (16 layers 140M parameters) [61]. Recent studies, which
uses RNN in their architectures, has 1 to 3 number of layers because of the aforementioned
gradient problems. Some studies were proposed to get better performance with deeper LSTM
models such as [67, 68], but the results were not satisfactory which may partially related
to gradient decay over layers in LSTM based models [14]. However, IndRNN works with
rectified linear unit in a similar manner like CNN does. Hence, it allows us to create deeper
RNN models to extract richer features from sequential video data. The results in [14] shows
how deeper ındRNNs give better performances for different tasks such as sequential MNIST
classification and action recognition.

4.1.2.

Backpropagation

Since all the neurons in one layer have no connection to each other, the gradient of IndRNN
can be calculated independently for each neuron. The gradient of IndRNN only involves the
exponential terms of recurrent weight un which is scalar, so it is easy to regulate and limited
to certain range compared to RNN. The gradient of RNN involves the Jacobian matrix of the
element wise activation function so it can be changed significantly although the change to
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each matrix is small [14, 65]. The gradient of IndRNN depends on un and changes by a small
magnitude according the learning rate. Therefore, IndRNN only needs to regulate exponential
term of un which makes it more robust than traditional RNNs.

4.2.

Activation Function

Regarding the activation function, sigmoid and hyperbolic tangent function, which are used
in RNNs to deal with sequential data, result gradient decay over layers. Entanglement of
neurons in the same layer of RNNs makes difficult to interpret and develop these network.
IndRNN works with non-saturated function such as ReLU as an activation function. Instead
of ReLU, we show that Leaky ReLU, which has small slope for negative values rather than 0,
provides more stable performance (Figure 4.4.). We observe that dying ReLU and vanishing
gradient problems are fixed by using Leaky ReLU.
y(x)

2
1
x

0
ReLU (x)
LeakyReLU (x)

-1
-2

-1

0

1

2

Figure 4.4. ReLU vs Leaky ReLU. ReLU and Leaky ReLU are overlapping for x ≥ 0
The overall IndRNN infrastructure used in our model is illustrated on Figure4.5.. In this
structure, ”weight” represents the processing input. The recurrent process at each step is
illustrated as ”IndRNN + Leaky ReLU”.

27

Figure 4.5. Overall recurrent network layer: IndRNN with Leaky ReLU
4.3.

Reward Function

To produce high quality summaries, the summarization network receives a feedback reward
function R(S) to evaluate the generated summaries during training. A machine generated
video summary is supposed to be diverse, have uniform transition among the neighboring
video segments and represent the original video as much as possible. Following [4], our
base model use diversity and representativeness reward together to maximize the quality of
the generated summaries. Rdiv quantifies the level of diversity among the frames (which is
selected by the agent in the network). A generated video summary supposes to represent the
content of the original video utmost with in the length limit of the summary described by
the model. Rrep evaluates the generated video summary for the degree of representiveness
of the original input video. Eventhough Rdiv and Rrep help to generate good summaries, to
get better quality in summaries, uniformity of the generated summaries should be considered.
We add uniformity Runi in the reward function to get summaries as good as possible. Thus
our reward function (Equation 11) assesses the degree of diversity, representativeness and
uniformity so that the generated summaries represent the original videos in the best way.
Figure 4.6. illustrates the visual concept of the components of the reward function. Our total
reward function R assesses the degree of diversity, representativeness and uniformity so that
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the generated summaries represent the original videos in the best way possible and is defined
as
R = Rdiv + Rrep + Runi

(11)

Figure 4.6. A visual concept of the components of the reward function. Nodes represent
video frames

4.3.1.

Diversity Reward

The diversity reward (Rdiv ) measures diversity of the selected frames in the generated summaries. By using dissimilarity function (Equation 13), Rdiv (Equation 12) is calculated as
pairwise dissimilarities among the selected frames. The formulation of the diversity reward
[4] is
Rdiv =

XX
1
d(xt , xt0 )
|γ||γ − 1| t∈γ 0

(12)

t ∈γ
t6=t0

xTt xt0
d(xt , x ) = 1 −
||xt ||2 ||xt0 ||2
t0

(13)

where γ is collection of selected frames, xt is the sequence of features and d(., .) is the
dissimilarity function.
The feedback reward is acquired by diversity increases when the selected frames are more
diverse. But in this reward, we need to ignore temporarily far frames. Because Equation 13
evaluates the selected frames as randomly permutable items, the diversity reward may give
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inappropriate feedback for temporally distant frames [4]. To solve this issue, the dissimilarity
d(xt , x0t ) = 1 is set if |t − t0 | > λ where λ checks the level of temporal distance [4].

4.3.2.

Representativeness Reward

We also evaluate the quality of the generated summaries as the degree of representativeness of
the ground-truth video. The formulation of the representativeness reward (Rrep ) is defined
following [2, 4]. The degree of the representativeness of the generated summary is evaluated
as k-medoids problem.

 1
Rrep = exp −
T

T
X
t=1
t0 ∈γ



min||xt − xt0 ||2 

(14)

where xt is sequence of features of t’th frame and total frame number is T . The representaviness reward helps the agent to select closer frames to the center of the cluster in the feature
space [4].

4.3.3.

Uniformity Reward

Even though Rdiv and Rrep are useful in generating good summaries as shown by [4], to get
better quality in summaries, uniformity of the generated summaries should also be considered.
In order to account for uniformity, we add uniformity Runi to the reward function.
The summary generated by the model is supposed to contain the storyline of the original
video. Therefore it needs to maintain the temporal coherence in video summaries. The model
needs to avoid irrelevant jumps between neighboring segments. To evaluate the degree of
uniformity, we use another reward term which is uniformity reward. The uniformity reward
(Equation 15) has same form with representativeness reward, xt is replaced with single scalars
xut which represent a segment using its mean frame number [37]. By using uniformity reward,
the model tries to retain temporal coherence and avoids large jumps which may confuse a
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viewer [37].

 1
Runi = exp −
T

4.4.

T
X
t=1
t0 ∈γ



min||xut − xut0 ||2 

(15)

Reinforcement Learning

In our summarization network we don’t need any labels or user interaction during training.
Thus, it can be more preferable to be used with large scale datasets than the summarization
models designed in a supervised manner such as [11, 54].

Figure 4.7. Flow of the RL algorithm [3]
To train the summarization agent, we use policy function algorithm. The agent takes action at ,
which represent if t’th frame is selected or not. The action is taken based on a policy function
πθ . Then, according to its current state st and reaction in the environment (feature space of
the selected video frames), the new state st+1 is observed. Subsequently, the agent takes the
next action at+1 based on the n’th reward Rn which is the combination of Rdiv , Rrep and Runi
(Figure 4.7.) . We follow the same steps in [4] for training, regularization and optimization
for our reinforcement learning based framework.
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4.4.1.

Training

During training only the encoder of the summarization network is updated. Summarization
network is trained with policy gradient by using policy function πθ with parameters θ. The
agent aims to maximize the expected rewards by learning πθ . Derivative of the objective
function J(θ) w.r.t. the parameters θ is computed by using reinforce algorithm followed by
[69] where at is the action taken by summarization network and ht is the hidden state from
the last layer of the IndRNN layers at time t [4]. Due to the complexity of the calculation, the
gradient is approximated by running the agent for N episodes on the same video and taking
the average gradient. In order to get ahead possibility of the high variance which results
divergence, Rn , which is n’th reward, is subtracted by constant baseline b which is calculated
by moving average of reward experienced until that moment. The final form of the gradient
becomes as follows:
N
T
1 XX
∇θ J(θ) ≈
(Rn − b)∇θ logπθ (at |ht )
N n=1 t=1

4.4.2.

(16)

Regularization

Regularization term is applied on probability distribution (pt ), produced by summarization
network, in order to limit the percentage of the selected frames for the generated summary [4].
Regularization term (Equation 17) is minimized during the training.  denotes the percentage
of frames to be selected [4, 50].

Lpercentage

T
1X
= ||
pt − ||2
T t=1

(17)

To avoid overfitting L2 regularization term (Equation 18) on the weight parameters θ is also
added [4], such as
Lweight =

X
θ
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θ2

(18)

4.4.3.

Optimization

By using stochastic gradient-based method, parameters of policy function are optimized by
combining Equation 17, Equation 18 and Equation 16. The gradient is computed where α is
learning rate and β1 , β2 are hyperparameters to balance the weighting computed as

θ = θ − α∇θ (−J + β1 Lpercentage + β2 Lweight )

(19)

Adam [70] is used as the optimization method to increase high rewards and decrease low
rewards by the log probability of action taken by the summarization network.
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5. EXPERIMENTS & RESULTS
5.1.

Datasets

Two widely used benchmark datasets are used for evaluating the proposed method. TVSum
[1] (Figure 5.1.) contains 50 videos of genres such as news, documentaries, vlogs and is
collected from Youtube with videos having length from 2 to 10 minutes, and annotated by 20
people for each video with shot-level importance scores. SumMe [2] (Figure 5.2.) contains
25 videos having length from 1 to 6 minutes, where each of the videos are annotated by
15-18 people. From the multiple annotations of TVSum [1] and SumMe [2], to obtain single
ground-truth keyframes for each video in both datasets, the steps in [4, 10] are taken.
Table 5.1. Details of the datasets
Datasets
SumMe [2]
TVSum [1]

5.2.

# of videos
25
50

Length (mins)
1-6
2-10

Description
User Videos
Youtube Videos

# of annotators per video
15-18
20

Evaluation Settings and Metrics

We follow the same protocol in [10] to evaluate the methods. The generated summaries are
limited to 15% of the length of the original videos. Precision P is calculated as in Equation
20, recall R is calculated as in Equation 21 and their harmonic mean F score is given in
Equation 22. For training 4/5 of videos and for testing 1/5 of videos are used.

P =

intersected durations of X and Y
duration of X

(20)

R=

intersected durations of X and Y
duration of Y

(21)

(2 × P × R)
× 100%
(P + R)

(22)

F =
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Figure 5.1. TVSum (Title-based Video Summarization Dataset)
These are calculated according to temporal intersection between X and Y , where X is the
generated key shot based summary and Y is the ground-truth summary. F-score metric is
computed to find the similarities between the ground-truth and the generated summaries
(Figure 5.3.). We use the standard 5-fold cross validation to evaluate our approach.
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Figure 5.2. SumMe
5.2.1.

Feauture Extraction

The proposed method is evaluated using key frame selection metrics as in previous methods
[10, 50]. To convert key frames to key shots we follow the approach in [10]. For fair
comparision with our baseline method [4], we select GoogleNet [18] to extract features. The
feature extraction is done from the penultimate (pool 5) layer of GoogleNet which has 1024
dimensions as the feature descriptor for each video frame. It is pretrained on Imagenet [19].
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Figure 5.3. Similarities between the generated and the ground-truth summaries
5.2.2.

Ground-truth Summaries

Both TVSum [1] and SumMe [2] have multiple ground-truth annotations. To obtain single
ground-truth keyframes for each video in both datasets, the steps in [4, 10] are taken.

5.2.3.

From Key Frames to Key Shots

To evaluate our methods we convert frame level importance scores to key shot based video
summary by following [1, 10]. This process is done by using kernel temporal segmentation
(KTS) [32]. Generation of summaries are done by selecting shots with maximizing the
total scores which are computed by averaging frame level scores within the same shot. The
maximization step is the 0/1 Knapsack problem and near optimal solution is acquired via
dynamic programming [1].

5.3.

Implementation

The videos are downsampled to 2 fps uniformly as did in [10]. We follow the implementation
of [4] and select the same GoogleNet [18] pretrained on Imagenet [19] and extract features
from the penultimate (pool 5) layer of GoogleNet which has 1024 dimensions for each video
frame. We use the implementation of IndRNN for our decoder [14]. Batch normalization is
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used after each time step in IndRNN. We use KTS implementation of [32] to group similar
frames so semantic changes occur at boundaries. The hyperparameters are optimized via
cross-validation. We evaluate the model between 60 and 3000 epochs and between 2 and 7
layers of bidirectional IndRNN decoder. We select the number of epochs and layers to fit
best for each dataset. We set λ to 20 (temporal distance constant for the diversity reward), 
(percentage of frame to select, Equation 17) to 0.5, N (number of episodes) to 5.

5.4.

Comparisons

In this section, we compare our methods with the state-of-the-art models. We conduct the
experiments on SumMe [2] and TVSum [1] to evaluate our method both quantitatively and
qualitatively.
Table 5.2. lists the naming conventions for the variants of our method. Here, SUM-Ind
corresponds to IndRNN based deep summarization network which uses the diversity reward
(Rdiv ) and the representativeness reward (Rrep ) in the reward function jointly, SUM-IndL is
the version with Leaky ReLU, SUM-IndU ni is the version that uses the uniformity reward
(Runi ) in the reward function additionally. SUM-IndLU is the combination of using Runi , Rrep ,
Rdiv in the reward function and Leaky ReLU as an activation function.
Table 5.2. The variants of our method
Method Name
SUM-Ind
SUM-IndL
SUM-IndU ni
SUM-IndLU

5.4.1.

Activation Function
ReLU
Leaky RELU
ReLU
Leaky RELU

Reward
Rdiv + Rrep
Rdiv + Rrep
Rdiv + Rrep + Runi
Rdiv + Rrep + Runi

Quantitative Comparison

Table 5.3. reports the comparison of (F-Score) different variants of our method with the stateof-the-art methods on both datasets [1, 2]. It can be seen that SUM-IndLU outperforms other
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variants of our method on both datasets which shows that we can better teach summarization
network to generate high quality video summaries by using Leaky ReLU as an activation
function and Rdiv , Rrep , Runi in reward function jointly.
The performance of SUM-IndU ni shows that using Runi together with Rdiv and Rrep lets the
summarization network results 0.4% improvement on SumMe [2] and 0.6% improvement
on TVSum [1]. These results indicate that adding uniformity to the reward function yields
a benefit for higher performance. The performance of the method on TVSum is slightly
better than that of Summe dataset; and this is likely to indicate that longer videos suffer from
non-uniformity problem more.
By using Leaky ReLU as an activation function, the summarization performances SUM-IndL )
are further improved 0.5% on SumMe and 0.8% on TVSum. In practice, we observe that
especially using deeper network for model cause more dead neuron problem. That is why
we got higher improvement on TVSum (7 layers in decoder) than on Summe (2 layers in
decoder).
When Leaky ReLU is used as an activation function and the uniformity reward is added to the
reward function, the performance of the method reaches the best spot (0.9% improvement on
SumMe and 1.0% improvement on TVSum).
Table 5.3. The scores achieved by different variants of the proposed method on SumMe and
TVSum. P: Precision, R: Recall, F: F-Score
Method
SUM-Ind
SUM-IndU ni
SUM-IndL
SUM-IndLU

SumMe
F
P
49.5 ± 2.1 48.8
49.9 ± 1.8 49.7
50.0 ± 1.9 49.3
51.4 ± 1.5 50.9

R
50.2
50.0
50.8
51.9

TVSum
F-Score
P
60.5 ± 1.6 60.5
61.1 ± 1.5 61.1
61.3 ± 1.4 61.2
61.5 ± 1.7 61.4

R
60.6
61.2
61.5
61.6

In Table 5.4., we compare the variants of the proposed method to its GRU [71] and LSTM
based [4] counterparts that also use deep reinforcement learning. Here, DR-DSN is the
unsupervised deep summarization method proposed in [4] which uses LSTM in the summarization network to learn long term dependencies from the extracted features, DR-DSNsup
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Table 5.4. Performance comparison (F-Score) between different variants of our method and
other deep reinforcement learning based methods
Method
SUM-IndLU
SUM-IndL
SUM-IndU ni
SUM-Ind
DR2 -DSN [71]
DR1 -DSN [71]
DR-DSNsup [4]
DR-DSN [4]

Year
2019
2019
2019
2019
2019
2019
2018
2018

Network
IndRNN
IndRNN
IndRNN
IndRNN
GRU
GRU
LSTM
LSTM

Supervision
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Supervised
Unsupervised

SumMe (F-Score)
51.4
50.0
49.9
49.5
43.4
42.9
42.1
41.4

TVSum (F-Score)
61.5
61.3
61.1
60.5
58.5
58.3
58.1
57.6

is the supervised version of DR-DSN, DR1 -DSN is the method proposed in [71] which uses
Chebyshev distance rather than euclidean distance in the diversity reward and GRU in the
summarization network, DR2 -DSN is the version of DR1 -DSN which uses doubled hidden
layer in GRU. The results show that all the variants of the proposed method get higher scores
than the related work on both datasets. These results demonstrate that using proper type of
RNN for sequential data to extract long term dependencies effects the performance of the
model considerably. Our IndRNN based method, SUM-Ind, surpasses other methods which
use LSTM and GRU for sequential data to learn long term dependencies. SUM-Ind is ahead
of its closest opponent, DR2 -DSN [71], by 6.1% on SumMe and 2.0% on TVSum. Amongst
the different variants of our method, we can see that the proposed model SUM-IndLU , which
uses IndRNN’s together with Leaky ReLU and additional uniformity reward term performs
the best.
Table 5.5. reports the comparison of (F-Score) different variants of our method with other
unsupervised methods on both datasets [1, 2]. The results indicate that the proposed method,
SUM-IndLU , get the highest scores on both datasets.
We also plot the average rewards for SUM-Ind and DR-DSN which can be seen in Figure
5.4.- 5.9.. DR-DSN [4] gives same rewards at nearly 200 epochs even if the network has
multiple layers. We observe DR-DSN according to F-Scores results during this experiment
as well. DR-DSN [4] achieves less F-Score if the network is stacked more. On the other
hand, SUM-Ind results higher reward for more epochs when the network gets deeper. We can
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Table 5.5. Performance comparison (F-Score) between different variants of our method and
other unsupervised methods
Method
SUM-IndLU
SUM-IndL
SUM-IndU ni
SUM-Ind
CSNet [41]
DR2 -DSN [71]
DR1 -DSN [71]
Cycle-SUM [43]
DR-DSN [4]
SUM-GANdpp [50]
Ground-truth

Year
2019
2019
2019
2019
2018
2019
2019
2019
2018
2017
-

Supervision
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
Unsupervised
-

SumMe (F-Score)
51.4
50.0
49.9
49.5
51.3
43.4
42.9
41.9
41.4
39.1
64.2

TVSum (F-Score)
61.5
61.3
61.1
60.5
58.8
58.5
58.3
57.6
57.6
51.7
63.7

Figure 5.4. Rewards obtained at each epoch for DR-DSN [4] with 1 layers
conclude that our agent takes action for more rewards, our model can be trained with more
epochs and still reaches higher rewards.
Table 5.6. reports the comparison of (F-Score) different variants of our method with the stateof-the-art methods on both datasets [1, 2]. In this table, the performances of both supervised
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Figure 5.5. Rewards obtained at each epoch for DR-DSN [4] with 3 layers

Figure 5.6. Rewards obtained at each epoch for DR-DSN [4] with 7 layers
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Figure 5.7. Rewards obtained at each epoch for SUM-Ind with 1 layers

Figure 5.8. Rewards obtained at each epoch for SUM-Ind with 4 layers
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Figure 5.9. Rewards obtained at each epoch for SUM-Ind with 7 layers
and unsupervised methods are given. As can be seen, our proposed framework SUM-IndLU
results better performance than most of the unsupervised methods by large margins. All
the variants of our method also perform better than the state-of-the-art supervised methods
on SumMe dataset and comparable to state-of-the-art for supervised methods in TVSum
dataset. The proposed method, SUM-IndLU , performs better or on par to all the state-of-the-art
supervised methods except VSumPtrGAN [51]. We want to make a point that our model does
not need any labels during training while VSumPtrGAN [51] needs. SUM-IndLU outperforms
other variants on both datasets which shows that we can better teach summarization network
to generate high quality video summaries by using Leaky ReLU as an activation function and
Rdiv , Rrep , Runi in reward function jointly.
It is also seen in Table 5.6. that, using IndRNN (SUM-Ind) rather than LSTM (DR-DSN)
[4] improves the performance on both datasets significantly. SUM-Ind performs better by
8.1% on SumMe and by 2.9% on TVSum. It is also seen in Table 5.6. that, our unsupervised
method has superior performances than DR-DSNsup which is supervised version of DR-DSN
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(7.4% improvement on SumMe and 2.4% improvement on TVSum). SUM-IndLU performs
better than DR-DSN by 10.0% on SumMe and by 3.9% on TVSum. The results indicate that
the proposed method, SUM-IndLU , get the highest scores among unsupervised approaches on
both datasets.
Table 5.6. Performance comparison (F-Score) between different variants of the proposed
method and recent studies
Supervised Methods
vsLSTM [10]
DPP-LSTM [10]
Zhang et. al. [60]
SUM-GANsup [50]
MerryGoRountNet [44]
DR-DSNsup [4]
HSA-RNN [31]
SASUMsup [31]
CSNetsup [41]
Elfeki et. al. [47]
Huang et. al. [64]
VSumPtrGANG [51]
VSumPtrGAN [51]
Unsupervised Methods
SUM-GANdpp [50]
DR-DSN [4]
CSNet [41]
Cycle-SUM [43]
DR1 -DSN [71]
DR2 -DSN [71]
SUM-Ind
SUM-IndU ni
SUM-IndL
SUM-IndLU
Ground-truth

5.4.2.

Year
2016
2016
2016
2017
2018
2018
2018
2018
2018
2019
2019
2019
2019
2017
2018
2018
2019
2019
2019
2019
2019
2019
2019
-

SumMe (F-Score)
37.6
38.6
40.9
41.7
39.7
42.1
44.1
45.3
48.6
40.1
46.1
45.5
46.2
39.1
41.4
51.3
41.9
42.9
43.4
49.5
49.9
50.0
51.4
64.2

TVSum (F-Score)
54.2
54.7
56.3
53.1
58.1
59.8
58.2
58.5
56.3
60.0
60.8
63.6
51.7
57.6
58.8
57.6
58.3
58.5
60.5
61.1
61.3
61.5
63.7

Comparison Between The Proposed Method and Other Techniques That Deal
with Gradient Problems

We further evaluate the effect of using IndRNN, Xavier initialization and gradient clipping
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methods which were used to solve the vanishing & exploding gradient problems. As aforementioned before, SUM-Ind is our core model which is IndRNN based deep summarization
network. We select the core method for fair comparison with other techniques. To observe the
effect of gradient clipping and Xavier initialization on solving gradient problems, we increase
the number of hidden layers of DR-DSN. DR-DSN also uses gradient clipping in the network.
But when we add more hidden layers, the effect of the threshold value of gradient clipping
increases exponentially. Thus, we decrease the threshold value if we add another hidden layer
heuristically. This setting is named as DR-DSNm−gc (multi layer DR-DSN with optimized
gradient clipping threshold value). Multi layer DR-DSN which uses Xavier initialization for
initializing the weights of the network is named as DR-DSNm−xi (multi layer DR-DSN with
Xavier initialization). Table 5.7. reports the comparison between the proposed method and the
other techniques on both datasets [1, 2]. Here, the number of hidden layers of DR-DSNm−xi is
set to 5 on TVSum and to 2 on Summe dataset, since these number of layers give the highest
performance for these methods. Similarly, the number of hidden layers of DR-DSNm−gc is set
to 6 on TVSum and to 2 on Summe dataset. We also analyze DR-DSN without applying either
Xavier initialization or gradient clipping, named as DR-DSN with multiple hidden layers,
DR-DSNmhl in Table 5.7..
Table 5.7. Performance comparison (F-Score) between the proposed method and DR-DSN by
using xavier initialization or gradient clipping threshold
Method
DR-DSN [4]
DR-DSNmhl
DR-DSNm−xi
DR-DSNm−gc
SUM-Ind
Ground-truth

SumMe (F-Score)
41.4
40.4
42.0
41.8
49.5
64.2

TVSum (F-Score)
57.6
56.9
58.3
57.7
60.5
63.7

Table 5.7. presents the corresponding results. These results demonstrate that all variants get
better results than DR-DSN proposed in [4]. Our IndRNN based method, SUM-Ind, performs
better than both DR-DSNm−gc and DR-DSNm−xi significantly. The F-Score of DR-DSN is
decreased if we use multiple hidden layers, DR-DSNmhl , to capture richer structure from
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feature sequence extracted from video sequences. The decline of F-Score is a good explanation
for the vanishing & exploiding problem when the network gets deeper.
The performance of using gradient clipping or xavier initialization with DR-DSN w.r.t using
IndRNN yield lower improvement. On the other hand, because of the architecture of traditional
RNN based models such as LSTM and GRU, the requirement of memory and training time
are higher than IndRNN [14]. Thus, SUM-Ind, may be more preferable than traditional RNN
based models (other DR-DSN alternatives). SUM-Ind is probably more successful because it
solves the vanishing and exploding gradient, inadequacy of processing longer sequences and
entanglement of neurons in the same layer of traditinal RNNs. Besides higher performance
of IndRNN, it also has two other advantages w.r.t traditional RNN based networks such as
LSTM and GRU: lower memory requirement and faster training , as noted by Li et al. [14].

5.4.3.

Qualitative Comparison

Figure 5.10. Some frames from Video 18 in TVSum [1]
In this section, we provide qualitative results for some sample videos on both datasets. We
use the frame selection probabilities as importance scores for testing videos in our network as
in [4].
Figure 5.12.-5.15. demonstrate the qualitative results generated by all the variants of our
approach for sample video, Video 18 : ”Poor Man’s Meals: Spicy Sausage Sandwich”, Figure
5.10.) in TvSum [1]. In this Figure, we map the raw prediction of the agent with the selected
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Figure 5.11. The problems faced with SUM-Ind. L: long sequence, J: jump

Figure 5.12. A generated summary of Video 18 by SUM-Ind

Figure 5.13. A generated summary of Video 18 by SUM-IndL

Figure 5.14. A generated summary of Video 18 by SUM-IndU ni

Figure 5.15. A generated summary of Video 18 by SUM-IndLU
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frames by the proposed methods. The gray bars in the top rows represent the ground-truth
importance scores, while the colored bars show the selected frames/segments by the variants
of the proposed approach. Some of the selected frames are given at the bottom of Figure
5.12.-5.15..
In general, we can say that all the variants of our method generate high quality video summaries. SUM-Ind generally selects the high quality parts of the summary. However, it suffers
from two main problems: i) The areas ”J” in Figure 5.11. show that SUM-Ind creates redundant jumps which can be seen at the end of the summary. These jumps may confuse a
viewer, and ii) the method tend to fail when the model can not find any segments/frames for
the summary in a long time (The areas of ”L” in Figure 5.11.).
SUM-IndL , which uses leaky ReLU, solves the first problem in the generated summary of
SUM-Ind. We can deduce that, some neurons may become dead in SUM-Ind because of dying
ReLU problem. SUM-IndU ni solves the second problem, which is the large irrelevant jumps
among the selected shots, by using the uniformity reward. As it can be seen in Figure 5.15.,
SUM-IndLU generates more representative and uniform video summary from input video. It is
also much closer to the complete storyline of the original video, because it has advantages of
having the uniformity reward and using Leaky ReLU as activation function.
If the ground-truth importance scores with predicted importance scores are compared for
SUM-IndLU in different videos, we can observe that it gives close results to human scores.
Figure 5.16.-5.18. demonstrate the ground-truth (top) importance scores (blue) and predicted
(bottom) importance score (black). We can observe in Figure 5.16.- 5.17., the model selects
important video frames, trying to imitate the human decision process.
In Figure 5.18., although there are some deviations, effective results have been obtained for
video summary which has low F-Score.

49

Figure 5.16. Raw prediction by SUM-IndLU for Video 5 of TVSum, F-Score: 71.7%

Figure 5.17. Raw prediction by SUM-IndLU for Video 23 of SumMe, F-Score: 58.3%
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Figure 5.18. Raw prediction by SUM-IndLU for Video 16 of SumMe, F-Score: 34.9%
5.4.4.

The Effect of The Uniformity Reward

The performance of Sum-Ind is increased by 0.4% on SumMe [2] and 0.6% on TVSum [1] by
using the uniformity reward with Sum-Ind. However, the increase in quality is more important
for this reward function. There are some unnecessary, irrelevant jumps at the second half of
the video summary, which are specified with ”J” in Figure 5.11., for 18’th video of TvSum
dataset [1] when we use Sum-Ind as summarization model.
The uniformity reward tries to keep the segments, which are related and close to each other,
as a whole. The model with the uniformity reward tries to protect the storyline of the video by
getting rid of redundant jumps between neighbor segments. By comparing Figure 5.11. and
5.14., we can say that the uniformity reward keeps the closely related segments together and
also removes the frames/segments which has low scores to create a video summary within
the given time limit. We show the effect of the uniformity reward in Figure 5.19.. By adding
the uniformity reward the results is not only improved by quantitatively but also qualitatively.
The uniformity reward increases the F-Score by 2.7% for the example video. We show the
irrelevant jumps between segments by using red arrows in Figure 5.19. which demonstrates
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Figure 5.19. Raw prediction by SUM-Ind for Video 36 of TVSum [1], F-Score: 64.6%

Figure 5.20. Raw prediction by SUM-IndU ni for Video 36 of TVSum [1], F-Score: 67.3%
the ground-truth (top) importance scores (blue) and predicted (bottom) importance score
(black) for raw prediction of SUM-Ind. These problems are solved by using the uniformity
reward. Figure 5.20. visualizes the model which solves the problems by using the uniformity
reward. The uniformity reward decreases the irrelevant jumps between the segments for the
summarized video. So the final output becomes better both qualitatively and quantitatively.

5.4.5.

Analysis of The Weights of The Reward Parameters

The reward function of SUM-IndLU consists of three reward parameters which are the diversity
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Figure 5.21. Analysis of the weights of the reward parameters on both datasets
reward, the representativeness reward and the uniformity reward. By applying different
weights for this rewards, we obtained the best performing model for both datasets.
Table 5.8. Test cases for different weights (in percentage) for the reward parameters of
SUM-IndLU for TVSum [1]
Test Cases
Case-1
Case-2
Case-3
Case-4
Case-5
Case-6

Rdiv (%)
33.0
20.0
15.0
10.0
15.0
15.0

Rrep (%)
33.5
40.0
42.0
42.0
40.0
35.0

Runi (%)
33.5
40.0
43.0
48.0
45.0
50.0

F-Score
57.8
60.3
60.8
61.1
61.5
61.3

We test the model with several cases by applying different weights (Table 5.8. and Table
5.9.). Figure 5.21. shows the F-Score line graphs for the test cases on both datasets. Figure
5.21. shows the percentage weights for the reward parameters where we obtained the best
performing model for both datasets. We observe that the representativeness reward effects the
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Table 5.9. Test cases for different weights (in percentage) for the reward parameters of
SUM-IndLU for SumMe [2]
Test Cases
Case-1
Case-2
Case-3
Case-4
Case-5
Case-6

Rdiv (%)
33.0
20.0
15.0
10.0
11.0
15.0

Rrep (%)
33.5
40.0
40.0
40.0
43.0
35.0

Runi (%)
33.5
40.0
45.0
45.0
46.0
50.0

F-Score
48.8
49.4
50.0
50.8
51.4
50.9

overall reward function more than the diversity reward. This is because the diversity reward
dominates the summary for selecting redundant frames/segments. Thus, the representativeness
reward has slightly more weights than the diversity reward. It can also be seen that the diversity
reward gets more weights for SumMe than TVSum. This is probably because the proposed
method focuses more on selecting different frames for shorter summaries than consistency
in and between segments. Hence, the percentage of the weight of the diversity reward of
SumMe is slightly higher than TVSum. The effect of the uniformity reward has smallest
weights. This is expected; since the representativeness and the diversity reward do the most
of the job for selecting the right segments/frames for the summaries. The purpose of the
uniformity reward is evaluating the transition of the selected segments. The video summary
becomes less confusing since irrelevant jumps are avoided while keeping the storyline of the
summary. Although the quantitative effect of the uniformity reward is not eye-opening, it has
a considerable impact on the quality of the video summary.

5.4.6.

More Analysis On Summary Selection

Our reinforcement based approach tries to mimic the human decision progress. To summarize
a video within a given time limit, the selected frames should be diverse, representative and the
storyline of the summary should be uniform as much as possible. The diversity reward, the
representativeness reward and the uniformity reward evaluate video frames for a summary.
The generated summary should represent the original video (the representativeness reward),
the selected frames for the summary should be dissimilar as possible (the diversity reward)
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and we should not see any discontinuity in the story which means the transition between the
segments of the selected frames must be uniform (the uniformity reward). By considering
these three reward, our method extracts a video summary for a given video.
The agent of the summarization network gets higher diversity reward if the selected frames
are as dissimilar as possible among them. But temporally far frames need to be considered
as the part of the story of a video. The diversity reward evaluates a given video summary by
considering these states.
The agent of the summarization network gets higher represantiveness reward if the selected
frames are close to the center of a cluster in the feature space of the original videos. So the
selected video frames represent the given video better. Intuitively, the represantiveness reward,
which the agent gets, becomes higher when the selected frames represent the segments of the
video more.
The model should also create summary without large jumps between close segments. Because
irrelevant jumps may distract a viewer. Heuristically, the uniformity reward keeps the video
from large jumps between relevant segments. For example, let’s consider a video about how
to change a flat tire. If a viewer watches immediately unscrewing the lug nuts just before
placing the jack under the vehicle, she/he may confuse. A part about raising the vehicle with
the jack should also be in the summary to keep the story of a video for summarization without
distractive large jumps between segments.
Eventhough these rewards seem enough for a high quality summaries, our model has some
failure cases. In the next sections, we analyze the failure cases of our approach under three
main categories.

5.4.6.1.

Interestingness

For instance, if we consider the 5’th video of TvSum [1] dataset, our approach mimics human
scoring for the video (Figure 5.16.). The video is about when to replace the tire of a car brand.
In the video, the car brand and the video title show up for a while. Eventhough this part of the
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video can be considered as high scored for our reward function, the annotators of the dataset
didn’t consider same with our model. The title of the video, is ”When to Replace Your Tires
GMC”, has a sufficiently descriptive explanation. if we interpret the video summarization
with the title query of the video, this parts of the video can be considered as uninteresting and
low scored but our model gives high scores for some frames in this part.As another example
for failure about interestingness, we can look the 2’th video of TvSum [1] dataset. This video
also have some uninteresting parts in the beginning and at the end of the video, which are
intro and outro of the video. The 13’th video of TvSum [1] dataset has same issue. Our model
needs to assign low scores for this parts also. We can deduce that our model should also
consider the interestingness of video frames for better summarization.

5.4.6.2.

Actionness

In a video, some parts include a lot of actions while others don’t. So a viewer should also
prefer the parts which include more action in a summary. The annotators of TvSum [1]
dataset also give higher frame/shot level scores for the parts where more actions appear. As
an instance, 23’th video the dataset is a parkour video. In this video, we can see that there are
not much action at the end of the video, and the annotators gives this part of the video low
scores. But our model gives higher scores than it should for this part. We can deduce that the
model should also consider the degree of actionness of frames/segments for more qualitative
and quantitative video summary.

5.4.6.3.

Using Query

In some cases the title of a video and some parts of the video are not considered as related by
annotators, they are scored low. Case in point: In the 3’th video of TvSum [1] dataset, named
as ”#0001: FLAT TIRE”, there’s a dinner part at the end. This part of a video was given low
scored by the annotators. Our models don’t consider the title or any query related data in its
architecture. This is another failure case for our models. We may overcome this problem by
using query data related to a video in the models.
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6. CONCLUSIONS
In this thesis, we propose to explore independently recurrent neural networks [14] to handle
video summarization task within a reinforcement learning framework. The main challenges
faced during this research on the video summarization task are as follows:
1. The exploiding & vanishing gradient problems because it multiplicates recurrent weight
matrix repeatedly
2. Gradient decay over layers because of using non-saturated activation function
3. Unavailability of designing deeper networks to learn sequential information in long
video segments
4. Dying ReLU problem with the use of ReLU as an activation function
5. Redundant jumps between adjacent segments which shatters temporal coherence
To the best of our knowledge, this study is the first to apply IndRNNs to handle video
summarization task. The state-of-the-art models use traditional RNNs in their models to learn
temporal relations. But training of RNN model come ups with the exploiding & vanishing
gradient problems because it multiplicates recurrent weight matrix repeatedly. By using
IndRNN which uses elementwise production in its hidden states rather than matrix production,
this problem is solved.
Even though IndRNN solves gradient decay over layers, ReLU can be delicate while training
due to the dying unit problem. This is handled by changing the activation function of IndRNN
with Leaky ReLU.
The non-uniformity problem is solved by adding the uniformity reward to the reward function
in our model. DR-DSN [4] has two main rewards which are diversity and representativeness.
But the output video summaries of this method have redundant jumps in segments which are
strongly related. The uniformity reward helps to create summaries without redundant jumps
between neighboring segments.
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Our video summarization framework which uses IndRNNs with Leaky ReLU activation
functions and exploring uniformity reward as well as diversity and representativeness rewards,
outperforms other state-of-the-art unsupervised video summarization methods and yields on
par and/or superior performance than the supervised counterparts.

6.1.

Future Work

The proposed method, which gets only videos as an input to create video summaries, outperforms the state-of-the-art methods. It is also preferable to supervised methods which use
human labeled video summaries during the training of the summarization network.
The training process of supervised models may result in creating subjective summaries. In
order to solve this problem, the proposed approach may be further extended to multimodal
video summarization model which uses text/query labels such as category or segments-shots
level label. By using these labels, a model may become more objective and generate different
summaries for the same video according to given input queries/texts. The reward function
may also be updated to use rewards such as interestingness, colorfulness, sharpness, attention.
This update may encourage the agent to generate higher quality summaries.
The future work includes extending the model to the multimodal version which uses text/query
labels such as category or segments-shots level label and exploring further reward terms.
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