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Video summarization based on generative adversarial networks (GANs) has been shown to easily produce more re-
alistic results. However, most summary videos are composed of multiple key components. If the selection of some
video frames changes during the training process, the information carried by these frames may not be reasonably
reflected in the identification results. In this paper, we propose a video summarization method based on selecting
keyframes over GANSs. The novelty of the proposed method is the discriminator not only identifies the complete-
ness of the video, but also takes into account the value judgment of the candidate keyframes, thus enabling the in-
fluence of keyframes on the result value. Given GANs are mainly designed to generate continuous real values, it is
generally challenging to generate discrete symbol sequences during the summarization process directly. However,
ifthe generated sample is based on discrete symbols, the slight guidance change of the discrimination network may
be meaningless. To better use the advantages of GANSs, the study also adopts the video summarization optimization
method of GANSs under a collaborative reinforcement learning strategy. Experimental results show the proposed
method gets a significant summarization effect and character compared with the existing cutting-edge methods.
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1. Introduction

With the rapid development of digital media applica-
tions, a large number of videos have been filmed and
have become an important information carrier and
medium in our daily work, social and entertainment
activities. However, for human beings, it usually takes
a long time to watch the whole video to understand
the video content [1, 3]. In addition, for some applica-
tions, such as video surveillance, the length of unpro-
cessed monitored videos are usually long [17, 27]. This
can make it difficult for administrators to efficiently
retrieve and process critical video information be-
cause redundant information is mixed in [17, 27]. For
this reason, there is an urgent need for a technology
that can automatically obtain the core content of a
video and does not require the playback of the entire
video. Then, video summarization happened and has
been a hot topic in recent years [1, 3, 7, 8, 10-17, 19, 21,
24-25,30-36].

The primary purpose of video summarization is to
retain the maximum amount of information from the
original video while streamlining the length. Gener-
ally, video summaries can be performed in two man-
ners: keyframe selection, where the system extracts
a series of video frames [16], and keyshot selection,
where the system extracts a series of video segments,
each of which is a group of temporally continuous vid-
eo frames spanning a short time interval [11]. In this
paper, the video summarization task is regarded as the
keyframe extraction problem, meaning that for a given
video, due to the gradual evolution of many key shot-
based studies into studies of video frames [11, 31, 32].

Recently, generative adversarial networks (GANSs)
[5] have achieved great success in many fields, such
as image processing [6, 26], abnormal event detection
[18, 33], and video prediction [22, 27]. There are two
basic models in GANSs: a generator for forging sam-
ples and a discriminator for distinguishing between
generated and actual samples. Because of the excel-
lent generation ability of GANSs, video summarization
methods based on GANs were first studied in [15],
followed by many studies such as [37] and [30]. The
technology roadmap of these studies is to design a
summarizer (selector) for extracting keyframes from
original video sequences, a generator for extracting
video features and a discriminator for identifying au-
thenticity with the principles of GANS.
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However, there are still many critical issues to be
addressed under this framework. First, GANs shine
mainly in the image domain and are eclipsed in the
discrete data domain. This is because the gradient
changes generated by discrete samples through GANs
are subtle, which will cause the gradient influence to
disappear when the gradient is returned. Therefore,
generative networks may not benefit from the learn-
ing activities. Secondly, as we have mentioned above,
video sequences usually have a structure like frames-
shot-frames. The video summarization job is to re-
assemble the representative or key video frames into
the new video summary without losing the original
video information as much as possible. Thus, GANs
should measure the completeness of the video when
dealing with frame sequences, i.e., making judgments
about the integrity of the whole video. Nevertheless,
in previous studies, the discriminator only judges the
authenticity of the summary video and thus ignores
the influence of changes in the keyframes on the sum-
mary results. These issues will inevitably limit the ap-
plication of GAN's to video summarization.

Inlight of the above issues, this study propose a video
summarization approach based on keyframe selec-
tionin GANs. We further consider the value judgment
of the selected frames in the framework of GANs to
make a complete optimization strategy for the sum-
marization results. The proposed method select the
keyframes by predicting the importance score of the
frames in the original video. Meanwhile, the superior
generation effect of the GAN is used to realize the cor-
relation between the summary video and the original
video to “confuse” the discriminator. In addition, to
enable GANSs to further play a role in video summari-
zation work, we implement the influence feedback of
the selected frames through GANs and solve the prob-
lem of difficult gradient transfer with the help of the
reward mechanism borrowed from the reinforcement
strategy. Moreover, the feasibility of the proposed
method is verified through qualitative and quantita-
tive comparisons of experimental results.

The remainder of this paper is organized as follows. In
Section 2, we introduce works related to video sum-
marization methods based on GANs, as well as tradi-
tional and deep learning based approaches. In Section
3, we present the overall framework and the specific
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implementation process of the proposed method. In
Section 4, we demonstrate the experimental and an-
alytical results of the proposed method. Finally, the
conclusion of the paper is presented.

2. Related Work

Video summarization is helpful for video manage-
ment and browsing tasks [14]. And with the explo-
sive growth of video resources, it has attracted a lot
of attention. We will review the related works of this
paper from three aspects: i) traditional methods, ii)
methods based on deep learning, iii) methods based
on GANSs.

2.1. Traditional Methods

Research on video summarization has been going
on for along time, and a large number of approaches
have been proposed in [7-8, 34]. For example, Gygli
et al. [8] adopted a linear regressor to estimate the
interestingness of the video and selected the high-
est-scoring keyframe to form the summary video.
Similarly, in [7], the authors considered the video
summary task as a sum of multiple target objects and
optimized the sub-module functionality through
these objects. Furini et al. [4] proposed a technique,
called STIMO, for generating still and dynamic plot
summaries in web scenes. In [10], Hong et al. pro-
posed an event-based solution for aggregating the
content of video search results by mining the video
key shots, so that users could get the main content
at a glance. However, these approaches are relative-
ly early solutions that do not use the in-depth in-
formation on time sequence, nor the advantages of
deep learning technique. Avila et al. [1] proposed an
algorithm called VSUMM, which extracted the col-
or feature from video frames based on the K-means
clustering algorithm. To obtain a proper video sum-
marization, they extracted the deep features from
each clip of the original video and applied the clus-
tering-based algorithm to these features. All these
works are relatively early and traditional. Although
these aforementioned works have given a great im-
petus to the development of video summarization
research, there is still room for progress in video
summarization work, especially with the outstand-
ing advantages of deep learning frameworks.
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2.2. Methods Based on Deep Learning

Deep learning has been extensively studied in various
areas of multimedia research topics. Similarly, the
research on video summarization has also entered
the deep learning era under the sweeping wave of
technology. For example, Zhang et al. [35] are the first
group to adopt the recurrent neural network (RNN)
to implement the deep model for video summari-
zation. They considered the video summarization
task as a structured prediction problem on sequen-
tial data and used a bidirectional RNN to model the
variable range correlation in the video. In [32], Zhao
et al. treated the video summarization task as a video
structuring problem, i.e., training with video shot as
the basic unit. In this work, a two-layer RNN struc-
ture was designed, where the upper layer performed
shot detection and segmentation of the video, and the
lower layer performed importance detection of sever-
al shots. Finally, the most critical shots were selected
from these shots to be combined into the final video.
Zhou et al. [36] used the long-short term memory
(LSTM) to design a depth model that considered the
diversity and variability of the summarization video.
They calculated the representativeness reward and
the diversity reward by the DR reward function. The
representativeness reward calculated the distance
between each frame and its nearest selected frame.
The diversity reward measured the degree of dissim-
ilarity between the selected frames. Eventually, the
summarizer was optimized by the evaluated DR re-
ward based on reinforcement learning. Fei et al. [2]
proposed an improved triplet deep ranking model.
Based on an efficient entropy-based video segmenta-
tion method, the original video is sliced into several
segments. The summarization result is generated by
estimating the visual interest score of each segment
through the use of a well-trained ranking network.

2.3. Methods Based on GANs

As one of the significant breakthrough results in the
development of deep learning [3,17,28], GANs have
led to greater progress in video summarization. For
example, Zhu et al. [37] used the cycle-consistent
adversarial network to transform images from the
source domain to the target domain without paired
samples. Given the video summarization work is to
generate a short form of summarization video based
on the original video, the primary motivation for us-
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ing GANSs is to consider such work as a generation
process in GANs. A representative approach is a
SUM-GAN model devised by Mahasseni et al. [15],
where the video summarization was formulated as a
sparse subset of video frames selected by a selector.
In their work, the authors designed a deep summari-
zation network for learning to minimize the distribu-
tion distance between the training video and the sum-
marization video to the greatest extent. The model
consists of two LSTMs: an autoencoder LSTM as the
summarizer and the generator, and anormal LSTM as
the discriminator. Thus, the summarizer is trained to
acquire the ability to confuse the discriminator. In ad-
dition, Yuan et al. [30] proposed the Cycle-SUM mod-
el, which used two VAE-based generators and two
discriminators to evaluate the cycle consistent loss
to achieve an effective information preservation. The
forward generator and the discriminator are respon-
sible for reconstructing the original video according
to the summarization result. Nevertheless the back-
ward generator and the discriminator perform the
reconstruction from the original video to the summa-
rization result. In the analysis of these studies based
on the framework of GANs, we can find that although
these methods implement the frame-level video sum-
marization, they still optimize the discrimination by
the overall judgment of the video in the adversarial
structure without paying much attention to the im-
pact of the selected frames on the results. Therefore,
we further implement a novel frame-level video sum-
marization model built on the GANs framework with
consideration of key-frame influence.

Figure 1
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3. Video Summarization Model
Based on the Key-frame Selection in
Generative Adversarial Networks

In this section, we first introduce the overall frame-
work of the proposed method in Section 2.1. Then, we
present the implementation process and the refined
training strategy of this method in Section 2.2 and
Section 2.3, respectively.

3.1. Overall Framework

We propose a video summarization method based on
the key-frame selection in GANs which implements
the frame-level selection and the model optimization
process through the reinforcement learning strate-
gy. The overall framework of the proposed algorithm
is shown in Figure 1, where the framework mainly
consists of a summarizer sLSTM, a generator, and a
discriminator. The summarizer is to select keyframes
in the original video, the generator is to perform the
feature reconstruction and extraction of the original
or summarized video, and the discriminator’s task is
to implement the judgment of the features of the in-
put video.

Without loss of generality, we assume we are given
a video summarization task for a veideo sequence
X =(x,,x,,--,x;), Where T represents the length of the
video (i.e., number of frames). Accordingly, the depth
feature can be extracted from these video frames with
the CNN model (we denote itas V' = (v,,v,,---,v,)). For
the implementation of the summarizer, we adopt the

Video summarization model based on the key-frame selection in generative adversarial network
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classical LSTM network. We assume the summarizer,
denoted as SLSTM, has selected a subset of keyframes
from the original video. The output of the summariz-
er is the relevance score or importance score of each
input frame, denoted as S = (s, s,,---,s;). These scores
will be an important basis for the selection of key-
frames. Note that the importance score reflects how
meaningful the frame is in the original video. If the
importance scores are normalized to {0, 1}, then they
will become the key-frame selection indicators, i.e.,
0 means that the frame will not be selected as an im-
portant frame, while 1 means that it will be selected
definitely.

In view of the ability of the auto-encoder to recon-
struct and extract features [13], the generator in the
proposed model is realized with the structure of the
auto-encoder. The encoder and decoder of the gener-
ator are respectively denoted as eLSTM and dLSTM.
The autoencoder is a directed graph model that can
define the posterior distribution of the observed data
whenno observedlatentvariableis given. Lete ~ p, (e)
be the priori value of the unobserved latent variable
and x be the observed data. Then, ¢ can be consid-
ered as the encoded informationon x and g(e|x) can
be defined as the observed probability distribution of
the encoded information e on the given input x. In
common practice, the distribution of p, (e) can be set
to the standard normal distribution, and similarly, we
adopt p(x|e) to denote the conditional generating dis-
tribution of x. Therefore, the learning process can be
accomplished by minimizing the negative log-likeli-
hood of the data distribution, i.e.,

”(L)”)(e)rlog(pme))+DK,,<q(e|x>|p<e)>. "
X

After inputting the visual feature matrix of the frame
sequence V, and the summarizer has successfully
predicts its importance score, the importance score is
binarized and will be used as the behavior indicator
A=(a,,a,,-,a,;). Based on these indicators, we can
reconstruct the spatio-temporal features of the orig-
inal and summary videos, i.e.,

X =a" - X, -1

X’ =a"- X, (2-2)

where ¢* and a” are the real indicator and the pre-
dictive indicator, respectively. Accordingly X and
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X” represent the real video summary feature and the
predictive summary video feature, respectively. To
produce more realistic results, the discriminator is
designed to evaluate whether the generated summa-
ries are equivalent to the original video in terms of
content. Existing methods based on GANs [30, 37]
distinguish the summaries at the video level. How-
ever, they ignore the subtle variations in the summa-
ries, which may affect the final summaries. There-
fore, we focus on the impact of the selected frames.
For a subset of selected frames, our discriminator
aims to rate these frames. We use the reconstructed
video features as the input of the discriminator. The
importance judgment of the frame in the summary
video can be obtained through the discriminator, i.e.,
C={c,c,,",c, }» where M represents the number of
keyframes in the original video. Obviously, the value
of M is completely random and unequal for different
videos as well as for the predictive summary video
and the original video.

3.2. Implementation Process

A GAN is a neural network consisting of two compet-
ing sub-networks: i) a generator that generates un-
known distribution data; ii) a discriminator for dis-
tinguishing tasks. If we use mathematical language
to describe the whole game process, i.e., suppose that
our generator is G(z), where z is a random variable,
then the generator Gis to transform this random vari-
able into a specified data type. It is assumed that the
output of the generator is a picture. For any input, the
task of the discriminator is to output a real number
in the interval between 0 and 1, which is used to dis-
criminate the authenticity of the input image. And the
larger the real number output is, the higher the confi-
dencelevelis, and vice versa. Welet P, and P, denote
the distributions of the real sample and the generated
sample, respectively, then the objective function of
the discriminator is

max,, E_, [log D(x)]+E,_, [log(1- D(x))]. ©)

The main task of the discriminator is to distinguish
the true from the false, and the generator’s goal is to
make the discriminator unable to distinguish the true
sample from the generated sample correctly. Then the
overall optimization objective function expression of
the generative adversarial network is
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min ; max ExNPR [log D(x)] + ExNPG [log(1 — D(x))], (4)

where the min,; max,, in the above equation is exactly
the game process mentioned earlier in this paper. The
above equation is simplified to min, max, ¥ (G,D),
where V' (G, D) represents the degree of difference
between the real data and the generated data. First,
for max , V' (G, D), the generator model is fixed during
the training process, that is to say, the parameters of
the generator will not be updated next, which aims
to maximize the discriminator’s ability to identify
whether the data is from the real or generated sam-
ples. After that, the latter part is considered as a
whole, i.e., min L, where the parameters of the dis-
criminator are fixed. Therefore, the generator can
learn to confuse the behavior of the discriminator un-
der this condition. After the above iterative process,
the game between the generator and the discrimina-
tor is played continuously, finally reaching an equilib-
rium state. So we can get a stable generator.

Therefore, considering the characteristics of GANS,
the purpose is to train the generator to the extent that it
can “cheat” the discriminator. The goal of the discrimi-
nator is to effectively identify the original video feature
. as “original video” and the reconstructed summa-
ry video feature i, as “summary video”. Based on the
above discussion, we introduce the unique objective
function of generative adversarial networks, i.e.,

X,

Loay=log(cLSTM (x)) +log(1-cLSTM (%)).  ©

Furthermore, since the construction of the generator
is derived from the autoencoder, it is necessary to in-
clude the prioriloss £, and the reconstruction loss
L. oon during the summarizer and generator training

processes. Thus we can get £, and £, separately
from

Lorior = Dy (q(e| x) || p(e)) ®)
and

L recon=E(~log(p, (x| 0))). @
3.3. Training Strategy

In general, the primary function of the discrimina-
tor in most of the current studies is to distinguish the
“authenticity” of the video samples, and the process of
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identification is carried out as a whole unit. Thus the
purpose of a discriminator is to distinguish between
the generated sample and the real sample, and make
the gap between the original and the summary video
generated by the GAN as small as possible. However,
classical GANs are deficient in dealing with serialized
data. Firstly, GANs are mainly designed to generate
continuous real values, it is not easy to directly gener-
ate discrete symbol sequences (such as video frames).
The reason for this phenomenon is that in GANSs the
generator first starts with random sampling, and then
the deterministic transformation is performed by the
model parameters. If the generated samples are based
on the discrete symbols, it will be meaningless to iden-
tify a slight guidance change from the discriminator
network, because there may not be a corresponding
symbol in the limited dictionary space for such slight
changes. Secondly, the evaluation of classical GANs
can only focus on the complete generated sequences.
In contrast, for the generated incomplete sequences, it
isimportant to unify the quality at this moment and the
score of the whole sequence in the future. Therefore,
there are still some issues to be solved when classical
GAN is directly applied to video summarizations.

Inorder to solve these issues, we further improved the
working process of the discriminator so that it could
react to the quality of the local sequences. Mean-
while, to effectively pass the slight feedback changes
from the discriminator to the generator, we give such
changes backward by means of reinforcement learn-
ing. Specifically, we treat the summarizer and the
generator as an agent 7, (a | x), and let this agent con-
tinuously optimize the parameters of the generator by
maximizing the expected reward, i.e.,

T(e) = El’g(alzT) [Ing@ (ay 1%, )Q(jet 4, ) ®)

In Equation (8), without loss of generality for the tth
(1<£¢<T) frame, after binarization the importance
score s, of this frame derived by the summarizer, the
behavior indicator a, will be generated. Whether this
frame is selected or not will be based on this indicator
(1 means to select the frame, and 0 means to discard
on the contrary). Q(JAC, 5 at) is the behavior evaluation
function to evaluate the feedback value generated un-
der the selection of a,. At the same time, to evaluate
the feedback values obtained from the summary pre-
cisely, we repeat the evaluation process N rounds to
get the mean value, i.e.,
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N
Q(fc,,at):%ZcLSTM(fc,,a,). ©)
t=1

After the discriminator gets updated, we can train
the summarizer and generator again and update they
parameters. Thus, according to the above discussion,
we can estimate the gradient change of the objective
function J (9) as

v, =SB, [V, log (q%)»0(%.q)]. (10)

Equation (10) selects the frames considered “critical”.
The frames that are not recognized will be discarded.
Given this selection operation is a random process in
the training procedure, the selected results are almost
impossible to be consistent with the expected goal.
Therefore, there are still some important video key-
frames in the discarded “unimportant” video frames.
It is necessary to reuse the discarded video frames.
The solution is simple, just taking the opposite selec-
tion of a,, and we denote the objective function after
this solution as J, () in the following.

According to Figure 1, it can be seen that the proposed
network model contains three parts, and the training
parameters can be divided into three parts corre-
spondingly: 1) learning and updating the network pa-
rameter 6, of the summarizer sLSM; 2) learning and
updating the network parameter 6 ofthe generator;
3) learning and updating the network parameter 6,
of the discriminator. In the training process of the
summarizer, optimize its output as much as possi-
ble, so that its distribution matches the requirements
for the video summarization application. An obvious
requirement for the video summarization task is to
reduce the length of the original video significantly,
so we need to constrain the final output video length
to avoid large-scale video frames being selected as
keyframes. This effective constraint also effective-
ly amplifies the importance between different video
frames, which brings great convenience to the selec-
tion of the final video key frames. Therefore, for this
characteristic, we design an objective function for the
summarizer, i.e.,

1 T
g&pun\'ity = HF zst - O-H > (ll>

where T denotes the number of frames of the whole
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video, and o represents the hyper-parameter se-
lected in the experiment whose main function is to
achieve a constraint on the number of keyframes se-
lected, i.e., constrain the weight of keyframes in the
whole video frame sequence.

Therefore, combined with the above loss function, we
can realize the training of the proposed model, i.e.,

c=£_+a(c +c )rac, +2(J+7), a2

where 4, A, and A, are respectively the selected hy-
perparameters for the balance of the training of the
proposed model.

4. Experimental Results and Analysis

Inthis section, we first present the experimental setup
of the proposed method, including the available data-
sets and the rules for usage as well as the evaluation
criteria. Then, we test the properties of the proposed
method in the manner of an ablation experiments,
and the proposed method will also be compared with
the current cutting-edge methods.

4.1. Experiment Setup

Datasets and evaluation criteria. To verify the effec-
tiveness of the proposed method, we conduct exten-
sive experiments on publicly available standard vid-
eo summary datasets, including the TVSum [8] and
SumMe [24] datasets. In addition, the experiments
are extended with two additional datasets (OVP and
YouTube), which will extend the experiments to en-
rich the training of the model better. Details of these
datasets are as follows.

TVSum dataset [8]: This dataset collects 50 videos
from YouTube, and the categories of these videos are
selected from the TRECVid Multimedia Event De-
tection (MED) [23] task. The entire dataset has ten
categories, covering transportation, animals, sports,
food, and so on. We select five videos for each catego-
ry in the experiments. In addition, the duration of the
videos are different, and all videos are between 2 and
5 minutes long, and each video contains at least one
shot. The videos in the dataset also provide frame-lev-
el importance scores scored by 20 volunteers.

SumMe dataset [24]: this dataset collects a total of 25
videos on topics ranging from holidays, events, sports,
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etc. These videos are selected either raw or minimal-
ly edited, and they also have a high number of views
compared to the edited videos. The duration of each
video in the dataset ranges from 1to 6 minutes, and 15
to 18 volunteers have provided frame-level ratings for
these videos.

OVP dataset and YouTube dataset: these two data-
sets are not adopted for the metrics detection in video
summary task, but are used for evaluation enhance-
ment. OVP contains 50 videos which are usually some
news and documentary records, etc.; the YouTube
dataset also contains 50 videos, which are between
1 and 10 minutes long. Although these videos do not
provide significant frame-level scores, they clearly in-
dicate which frames are the keyframes.

To make an effective evaluation of the proposed mod-
el, the dataset is divided into non-enhancement and
enhancement types as shown in Table 1. The non-en-
hancement type only uses two traditional datasets
for the training of the model. 80% of the videos are
selected as the training set and the remaining 20% as
the test set, respectively. The enhancement type adds
the other videos to the non-enhanced training set, for
example, TVsum, OVP and YouTube are added to 80%
of SumMe. In the partitioning of the training and test
sets, we randomly partition five times and take the
mean value as the final evaluation score.

Experiment environment. The experiment machine
adopted in this work is configured with a GeForce
GTX Titan X GPU; the operating system version is
Ubuntu 14.04. And the deep learning framework Py-
torch [20] is used to implement the proposed mod-
el. First, we preprocess the dataset to extract video
frames at a rate of 2 FPS, and extract the depth fea-
tures of each frame by the deep convolutional net-
work ResNet152. Then we adopt these features as
the input of our model. For the training of the model,
we use the Adam optimization algorithm [12] and the

Table 1
Processing of the datasets in the experiment

Non-enhancement
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backward gradient propagation algorithm to update
the network parameters iteratively. In addition, it
has been suggested that generators and discrimina-
tors have better effects with different learning rates
[9]. Thus we set the learning rate /, of the generator
to 0.001 and the learning rate /; of the discriminator
to 0.002. The hyper-parameters S, and f, of the opti-
mizer are set to 0.9 and 0.999, respectively. Moreover,
the training process of the proposed model has been
performed for 100 iterations during the experiment.

Evaluation criterion. In order to take a valid com-
parison, F-score is chosen as an objective evaluation
means for the proposed model. For all datasets, the vid-
eos will generate serialized importance scores through
the summarizer. In the evaluation, we use the KTS
[19] algorithm to convert these frame-level scores into
shot-level scores. And based on the shot-level scores,
important shots are selected to form the final summary
video. Assuming that A is the generated summary vid-
eo and Bis the real summary annotated by the user, the
F-score can be calculated by

2xPxR

F = x 100% (13-1)

P+ R

where

Duration of overlap between A and B
= (13-2)
Durationof A

and

Duration of overlap between Aand B
R= . (13-3)
Durationof B

4.2. Experiment Results and Analysis

Ablation analysis. In this paper, we propose the vid-
eo summarization method based on the selection of

Training dataset Test dataset
80%SumMe 20%SumMe
80%TVSum 20%TVSum

80%SumMe + TVSum + OVP + YouTube 20%SumMe

Enhancement

80%TVSum+ SumMe+ OVP + YouTube

20%TVSum
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key video frames. The method leverages the excellent
performance of GANs. To alleviate the difficulty of
GANSs in optimizing discrete data models, there is a
gradient change strategy applied to reinforce strate-
gy collaboration. In addition, to better and intuitively
analyze the improvement of the model brought by the
proposed method, the loss function in the model opti-
mization process should be analyzed in detail.

Table 2 gives the performances of the proposed meth-
od in different cases with the datasets SumMe and
TVSum. It can be seen that vsGANS5 performs the
best, with 42.1% in SumMe and 58.3% in TVSum,
which demonstrates the effectiveness of the proposed
frame-level video summarization model learned by
reinforcement strategy based on GANs. By comparing

Table 2
The performance of the proposed model in different situations

Item vsGAN, | vsGAN, vsGAN, vsGAN,  vsGAN,
Lo | VN AN v
'C‘ sparsity \/ \/ \/ \/
L prior + ’C recon \/ \/ \/
J v v
J, v
SumMe 39.6 40.6 410 41.9 42.1
TVSum 54.8 557 55.9 56.8 58.3
Figure 2
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the different models, we can see the different effects of
various loss functions. Comparing vsGAN1 with VS-
GANZ, vsGAN2 further improves the effectiveness of
the model on the original basis. This is because that
with the addition of the sparse constraint on the sum-
mary length, the network is forced to reconstruct more
accurate information about the original video content
from its subset. Then, focus on the most semantical-
ly representative video frames while less attention is
paid to semantically irrelevant video frames,making it
easier to distinguish between key and non-key frames.
Subsequently, the priori loss and the reconstruction
loss of the autoencoder are added in the experiments,
which brings another small improvement effect on
the proposed model. Finally, after the addition of the
frame-level summary loss proposed in this paper clear-
ly shows that the constraint has an objective improve-
ment on the model. This phenomenon demonstrates
the limited effectiveness of video summarization
by GANs alone. But with the idea of feedback of the
frame-level importance in the summarization results,
the boundedness is removed in the proposed GANSs.
In addition, with the addition of J, , the model further
gains a small improvement, which also shows the ef-
fectiveness of this approach from the other side.

To get an intuitive view of the actual effect of the pro-
posed model, the comparisons between the impor-
tance score prediction of two video frame sequences
through the proposed model and the real importance
scores are shown in Figure 2. It can be seen that the

Prediction of the importance score of two video frame sequences in TVSum (using the proposed model)

gt score

gt score

predicted score

predicted score

Video #29

Video #50
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Figure 3
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Video summaries of Video # 6, #26, #37 in TVSum taken by the proposed method

i

/

proposed model has a good simulation performance
in predicting the importance curves of video frames
and captures the critical information in the video
more accurately.

Furthermore, to better illustrate the temporal selec-
tion pattern of different variations of our approach,
we demonstrate the selected frames on an example
video in Figure 3. It can be seen that our method can
also capture the key segments in the video pretty well.

Comparison with cutting-edge algorithms. In ad-
dition to the comparison experiments in its own dif-
ferent situations, the proposed method has been com-
pared with some current superior algorithms, so the
strengths and weaknesses of our proposed method
are demonstrated. The comparison results between
the proposed algorithm and the traditional video

summarization algorithms on SumMe and TVSum
datasets are shown in Table 3.

Table 3

Comparison results (%) with existing video summarization
algorithms

Methods/Algorithms SumMe TVSum
STIMO [4] 32.2 34.0
K-medoids [21] 334 28.8
Interestings [8] 394 —
Submodularity [7] 397 —
Summary transfer [34] 40.9 —
vsGAN 42.1 58.3
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As can be seen from Table 3, the video summariza-
tion network model proposed in this paper performs
significantly better than existing algorithms on both
SumMe and TVSum datasets. This is because our
model considers the features extracted by the deep
convolution network in addition to the currently pop-
ular neural network. These features contain more in-
formation than the previous shallow features. These
features also allow the proposed model to obtain a
large amount of useful information, which shows the
inevitable trend of using high-dimensional features
for video summarization tasks.

To further demonstrate the performance of the pro-
posed method, we compared it with the neural net-
work-based video summarization algorithms proposed
in recent years, including the vsLSTM [35] method,
the dppLSTM [35] method, the DSN [36] method,
the SUM-GAN [15] method, and the Cycle-SUM [30]
method. The data comparison results with these meth-
ods are given in Table 4. Comparing to Table 3, we can

Table 4

Comparison result (%) with video summarization
algorithm based on deep learning

Methods/Algorithms SumMe TVSum
vsLSTM[35] 376 54.7
dpp-LSTM([35] 38.6 54.7
DSN[36] 42.1 58.1
SUM-GAN [15] 417 56.3
Cycle-SUM][30] 419 576
vsGAN 42.1 58.3

find the video summarization models with the neural
network outperform the other methods, which sup-
ports the effectiveness of applying the neural network
model to the summarization task. Compared with
these excellent algorithms, the proposed method can
also achieve a good performance. Specifically, in the
SumMe data, our method outperforms the other meth-
ods except for DSN. In the table, SUM-GAN and Cy-
cle-SUM also adopt GANs as the main framework. In
fact, SUM-GAN is the first method based on GANs. In
contrast, Cycle-SUM uses the means of cyclic identi-
fication to achieve the role of confusion identification.
It can be seen from the table that our method has been

2023/1/52

slightly improved compared with their research strat-
egies. This result shows that the refinement analysis of
the sequence and the back propagation through the re-
ward mechanism can improve the adversarial model in
dealing with the sequence prediction problem of video
summarization.

In addition, Zhang et al. [35] added OVP and YouTube
datasets to the original dataset to enhance the re-
sults achieved by the model on SumMe and TVSum.
The comparison between the proposed method and
other existing algorithms in the case of the enhance-
ment dataset is presented in Table 5. In SumMe, our

Table 5

Comparative experimental results (%) under the
enhancement datasets

Methods/Algorithms SumMe TVSum
vsLSTM [35] 416 579
dpp-LSTM [35] 42.9 54.7
HAS-RNN [32] 441 59.8
SUM-GAN [15] 436 61.2
DSN [36] 439 59.8
vsGAN 44.3 59.1

method is better than the other methods. Although
our method does not outperform the other methods
in TVSum, it still achieves an improvement on the
original data. To better demonstrate the selection
effect of the proposed method, the comparison be-
tween the proposed method and two representative
methods (vsLSTM [35] and SUM-GAN [15]) is shown
in Figure 4. In the example, the gray background rep-
resents the user’s rating of the video frames, while the
red annotations represent the video clips selected by
the different methods. Compared to the two methods,
the proposed method selects shorter but more criti-
cal and focused shots. Compared with the results of
vsLSTM and SUM-GAN, vsGAN selects more shots
related to the topic or details that people care about.
For example, the selected frames or shots mainly
show how the doctor cleans the dog’s ear. The pro-
posed method is more capturing for the core content
of the video, so that the final summary result is more
representative. Thus, the effectiveness of the adopted
strategy is validated.



Information Technology and Control

Figure 4
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Comparison of the effect of the proposed method with the other two methods (taking Video #16 in TVSum as an example)
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5. Conclusion

Avideo summarization model based on the key-frame
selection in GANSs is proposed in this paper. Previous
GANs-based summarization models aim at video-lev-
el identification and do not implement the analysis
of the role of selected frames in the summarization
results. Our method implements the integration of
GANSs in the video summarization task and further
adds feedback on the importance of selected frames
in the results. To better implement the feedback of
keyframes in the results and avoid the problems of
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