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Abstract: Video summarization aims to analyze the structure and content of videos and extract key
segments to construct summarization that can accurately summarize the main content, allowing
users to quickly access the core information without browsing the full video. However, existing
methods have difficulties in capturing long-term dependencies when dealing with long videos. On
the other hand, there is a large amount of noise in graph structures, which may lead to the influence
of redundant information and is not conducive to the effective learning of video features. To solve the
above problems, we propose a video summarization generation network based on dynamic graph
contrastive learning and feature fusion, which mainly consists of three modules: feature extraction,
video encoder, and feature fusion. Firstly, we compute the shot features and construct a dynamic
graph by using the shot features as nodes of the graph and the similarity between the shot features as
the weights of the edges. In the video encoder, we extract the temporal and structural features in
the video using stacked L-G Blocks, where the L-G Block consists of a bidirectional long short-term
memory network and a graph convolutional network. Then, the shallow-level features are obtained
after processing by L-G Blocks. In order to remove the redundant information in the graph, graph
contrastive learning is used to obtain the optimized deep-level features. Finally, to fully exploit the
feature information of the video, a feature fusion gate using the gating mechanism is designed to fully
fuse the shallow-level features with the deep-level features. Extensive experiments are conducted on
two benchmark datasets, TVSum and SumMe, and the experimental results show that our proposed
method outperforms most of the current state-of-the-art video summarization methods.

Keywords: video summarization; graph neural network; graph contrastive learning; feature fusion

1. Introduction

With the rapid growth in video data, efficiently extracting key information from videos
has become an important challenge in the field of computer vision. As an important research
direction in this field, video summarization has been widely applied in various application
scenarios including news, documentaries, surveillance, education, medicine and more. Its
main goal is to extract representative frames or shots by analyzing and processing videos
and form a short and compact summary video, retaining the key information of the original
video as much as possible, so that users can quickly browse and obtain the core information
of the video [1-3]. According to the type of the generated summaries, video summarization
can be generally divided into two types: static video summarization and dynamic video
summarization [4]. As shown in Figure 1, static video summarization summarizes the
video content through a series of keyframes and generates summaries faster, while dynamic
video summarization is composed of several condensed video segments. These segments
use shots as their units, integrating image, sound, text and other information and providing
richer semantic information. Therefore, we chose dynamic video summarization as the
research object.
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(c)Dynamic summary

Figure 1. Static video summarization and dynamic video summarization.

In long videos, essential information may be distributed throughout the entire se-
quence, making it difficult for traditional methods to effectively capture these key infor-
mation. However, deep learning methods, especially those based on recurrent neural
networks (RNNs) and long short-term memory networks (LSTMs), have proven effective
in overcoming this challenge [5,6]. For instance, Zhao et al. [5] addressed the problem of
shot segmentation by designing a sliding Bi-LSTM to detect shot boundaries in videos.
They recognized that fixed-length segmentation could disrupt the intrinsic structure of
video data and proposed a structure-adaptive video summarization generation method
that integrates both video structure and content. However, when processing long video
sequences, LSTMs may encounter difficulties in capturing long-term dependencies [7].
Furthermore, since real-world data often exist in non-Euclidean spaces, traditional methods
struggle with processing non-Euclidean spatial data. Thus, researchers have introduced
graph neural networks (GNNs) [8]. By modeling videos as graphs and employing GNNSs,
researchers can capture global dependencies and relationships between nodes and edges,
effectively utilizing the semantic relationships between video frames. As a result, this
approach generated more accurate and comprehensive video summarization [9-11]. To ad-
dress the limitations of traditional sequence models in capturing long-range dependencies,
Zhao et al. [9] introduced a reconstructed sequence graph network to capture frame-level
temporal dependencies and shot-level global dependencies, thereby improving the preser-
vation of video content and shot-level dependencies. Zhong et al. [10] focused on the
challenge of keyframe selection in user-generated videos. Traditional methods often face
the problem of high redundancy when processing these videos, so they proposed a video
summarization model that combines a graph attention network (GAT) with a bidirectional
long short-term memory network (Bi-LSTM). This model first transforms the visual features
of images into higher-level features through GAT’s contextual feature transformation mech-
anism then optimizes the keyframe selection process by combining these high-level visual
features with semantic features processed by Bi-LSTM. Zhu et al. [11] suggested a dynamic
graph learning approach to capture the spatial representation of video summarization.
Unlike traditional methods, they leverage object-level and relationship-level information
to build graphs in both space and time then use graph convolutional networks to analyze
relationships in spatial and temporal graphs. This approach extracts spatio-temporal video
representations for importance score prediction and key shot selection. However, capturing
long-term dependencies in video content remains a significant challenge. Additionally,
graph structures often contain noise, which can lead to redundant information interfer-
ing with video feature learning. Therefore, solving these problems has become a major
challenge in the field of video summarization.

In order to solve the above problems, we proposed a video summarization generation
network based on dynamic graph contrastive learning and feature fusion, which mainly
includes three modules: feature extraction, video encoder and feature fusion. In the feature
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extraction module, we first segment the video into shots and extract features of each frame,
and then select representative frames as shot features. In order to tackle the problem
of learning long-term feature dependencies, we introduce graph convolutional networks
(GCNis) to encode shot features. Considering the shortcomings of GCNs in temporal context
learning, we construct the L-G Block, which realizes the complementary advantages of
LSTM in temporal context and GCN in graph structure learning by cross-stacking LSTM
and GCN. In order to reduce the influence of redundant information in the graph structure
on feature learning, we design a dynamic graph contrastive learning mechanism, which
optimizes the graph structure and enhances the learning ability of graph representation
by dynamically constructing the video graph structure and graph contrastive learning.
Finally, in order to make full use of the semantic information of the video, we design a
feature fusion gate to fuse shallow-level and deep-level features and use the fused features
to predict the importance score of the shot.
The main contributions of this article are in four areas:

1.  We designed an L-G Block to achieve the complementary advantages of LSTM in tem-
poral context and GCN in graph structure learning by cross-stacking LSTM and GCN.

2. We designed a dynamic graph contrastive learning mechanism to enhance the per-
formance of graph representation learning by dynamically constructing the graph
structure and introducing graph contrastive learning.

3. We designed a feature fusion gate to fuse the shallow-level and deep-level features of
the shot to fully capture the semantic information in the video.

4. After sufficient experiments on TVSum and SumMe, the effectiveness of our proposed
method is verified, and it is proven that our proposed method is better than most of
the current state-of-the-art methods.

The remainder of the article is organized as follows: Section 2 introduces the related
work. Section 3 provides a detailed description of the proposed method. Section 4 presents
the experimental results and relevant analyses. Finally, conclusions are drawn and future
directions are discussed in Section 5.

2. Related Works
2.1. Video Summarization

Currently, video summarization algorithms based on deep learning can be roughly
classified into four categories: recurrent neural network-based methods, adversarial-based
methods, attention mechanism-based methods, and graph neural network-based methods.

Recurrent neural networks (RNNs), especially long short-term memory networks,
have been widely used for processing sequential data. Zhao et al. [5] proposed a hierar-
chical adaptive RNN structure aimed at effectively learning the underlying structure of
videos. This network adopts a two-layer structure, where the first layer is used to segment
the video into multiple shots and extract shot features and the second layer utilizes Bi-
LSTM to capture the temporal dependencies between shots. Subsequently, Zhao et al. [6]
further introduced a tensor-trained hierarchical recursive neural network, which incor-
porates a tensor training embedding layer to constrain the size of the mapping matrix
from features to hidden layers. Adversarial learning-based video summarization methods,
such as generative adversarial networks and variational graph autoencoders, generate
summaries by reconstructing the original videos. Yuan et al. [12] employed a cyclic con-
sistency adversarial network aimed at maximizing the mutual information between the
original and summarized videos. Apostolidis et al. [13] proposed the Adv-Ptr-Der-SUM
model within the generative adversarial network framework, consisting of summarizer
and discriminator components. Sreeja et al. [14] implemented a video summarization
framework based on a multi-stage generative adversarial network for feature extraction
and knowledge refinement. The primary stage of this network comprises a generator
consisting of convolutional recursive autoencoders and a discriminator for reconstructing
videos. Following the adversarial network is the knowledge refinement stage, which em-
ploys a simple network to select key frames or segments. Attention-based methods have
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made significant progress in the field of video summarization due to their alignment with
the human thinking habits of selecting key frames. Xiao et al. [15] introduced the query-
biased self-attention network, which generates summaries by considering user intent and
semantic significance. Zhong et al. [16] constructed an attention-based deep hierarchical
LSTM network, utilizing 3DCNN for spatiotemporal feature extraction and designing an
attention-based hierarchical LSTM module to capture temporal dependencies between
video frames. To comprehensively capture global dependencies between video data, they
introduced graph neural networks. This method transforms video data into a graph struc-
ture, effectively modeling and extracting global dependencies within the video. Zhong
et al. [10] proposed a video summarization model based on graph attention networks and
Bi-LSTM to address high redundancy between key frames. This model converts video
data into a graph structure, adjusting the weights of graph nodes using graph attention
networks within this graph while aggregating information from neighboring nodes to
generate higher-level visual features. Zhao et al. [9] introduced a reconstruction sequence
graph network, hierarchically encoding frames and shots into sequences and graphs, where
frame-level dependencies are encoded by long short-term memory networks and shot-level
dependencies are captured by graph convolutional networks. Finally, local and global
dependencies between shots are utilized for summarization. To capture spatiotemporal
dependencies in videos, Zhu et al. [11] constructed a spatial graph based on detected
target objects, utilizing the aggregated representation of this spatial graph to construct a
temporal graph. Subsequently, they employed graph convolutional networks for relational
reasoning on the spatial and temporal graphs and extracted spatiotemporal representations.
Additionally, they designed a self-attention edge pooling module to eliminate redundancy
in relationships between nodes.

2.2. Graph Neural Networks

Graph neural networks (GNNs) are a type of neural network specifically designed
for processing graph-structured data, enabling the transformation of videos into graph
structures to handle this non-Euclidean spatial data [8]. However, due to the diversity and
complexity of video data, GNNs may face the risk of overfitting when dealing with graph-
structured data. Graph convolutional neural networks, as a branch of GNNs, employ a
low-dimensional vector to represent the high-dimensional information of nodes in a graph,
enabling the capture of global information and better representation of node features.
Therefore, to address the challenges of GNNs and better explore the hidden structural
relationships in videos, Kipf et al. [17] utilized graph convolutional neural networks to learn
the topological structure of graphs, expanding linearly with the number of graph edges, and
learning representations of hidden layers to simultaneously encode local graph structures
and node features. Wu et al. [3] applied graph convolutional neural networks to multi-
video summarization tasks, interpreting graph convolution as an integral transformation of
embedding functions under probability measures, using simplified convolution operations
to aggregate neighborhood information, and saving computational costs while further
efficiently extracting features. Subsequently, Wu et al. [18] proposed dynamic graph
convolutional networks, treating multi-video summarization tasks as graph analysis tasks,
utilizing graph convolutional networks to learn the evolving dependencies of graph nodes
and outputting prediction labels for each shot based on the learned dependencies, thereby
measuring the importance and relevance of each video shot within its own video and the
entire video collection.

In summary, GNNs can capture dependencies and interactions between nodes, while
graph convolutional networks, as a variant of GNNs, can aggregate neighborhood in-
formation to effectively extract features. Moreover, by stacking multiple layers of graph
convolutional layers, GCNs can learn deep-level feature representations of nodes, enabling
the model to capture more complex and abstract graph structural features.
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2.3. Graph Contrastive Learning

Contrastive learning methods have gained popularity in self-supervised learning, as
they can learn effective data representations by contrasting positive and negative samples.
P. Velickovic et al. [19] proposed the DGI algorithm as a general method for unsupervised
learning of node representations in graph-structured data. DGI utilizes graph convolu-
tional structures to maximize local mutual information between graph patches and graph
summaries. However, DGI cannot guarantee that graph embeddings fully extract useful
information. Inspired by the success of DGI, Zhu et al. [20] introduced a new unsupervised
graph contrastive learning framework, GRACE, which maximizes the consistency of node
embeddings by masking node features and randomly deleting edges and using contrastive
loss. Li et al. [21] proposed the MIESW video summarization algorithm, which uses mutual
information between frames as a measure, adjusts the size of the sliding window to group
video content that is similar, and then extracts key frames based on frame entropy and
average mutual information, thereby improving the robustness of the model and reducing
the impact of noise.

3. Method

As shown in Figure 2, this article proposes a video summarization network based
on dynamic graph contrastive learning and feature fusion, which is used to reduce the
redundant information of the graph structure, improve the representation ability of the
graph, and capture the semantic relationship between shots. The model mainly consists of
three modules: feature extraction, video encoder, and feature fusion. For feature extraction,
we first extract features from video frames and then select representative frames as the
features of the shots. A representative frame of each shot is used as the node in the graph,
and the graph structure is dynamically constructed according to the similarity between
nodes. In the video encoder, the L-G Block is used to learn the temporal context and graph
structure features between shots. Subsequently, the graph structures with different contexts
are constructed, and the node features of the graph structures are optimized through graph
contrastive learning, thus optimizing the graph structures and reducing the interference of
redundant information. Finally, the weights of the shallow-level and deep-level features
are dynamically adjusted through the feature fusion gate to achieve feature fusion, and the
importance score of the shot is predicted by the fusion features.

Video Encoder

Input video Frames
i B feature

za |
]
myr J S TS

Shot of input video Represent frame L-G Block L-G Block

Feature fusion gate Shot scores

PM

!

Bi-GRU

@ Concatenation operation @ Point product &

(5) sigmoid activation function (] Vector addition GRACE

(R) Reluctivation function

Figure 2. Network architecture for video summarization generation based on dynamic graph
contrastive learning and feature fusion.

3.1. Feature Extraction

The original video is defined as F = { fn}nNzl, fn € Rw*hx3 \where fn denotes the n-th
frame of the video; N denotes the total number of frames in the video; w and h represent
the width and height of each image frame in pixels, respectively; and 3 denotes the number
of channels of the image. The KTS algorithm [22] is used to segment the original video
into short shots, and the set of video shots is denoted as S = {sm}%zl, Sy € RWxhx3xTn
M denotes the total number of shots in the original video, and s;, denotes that there are T},
frames in the m-th shotand N = Y™ | T,,. The depth feature of each frame G = {g, } M

m=1s
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gm € RP*Tm is extracted by GoogLeNet [23], and D denotes the feature dimension of the
frame.

3.2. Video Encoder

In the video summarization task, the features should have both local and global
properties. Therefore, we use graph construction to process the features. A shot is a short
sequence of consecutive frames, which are captured as a single shot and convey similar
semantics, so the features extracted from each frame by GoogLeNet are usually similar.
To construct the video graph structure, we select a representative frame from each shot as
the graph node and calculate the average of the Euclidean norm between the frames in
each shot and the rest of the frames. The frame with the lowest average is selected as the
representative frame.

1 T .
T =eXP<—Tm Zrtpemllgt—gbe) (1)
=1 Yy

We take the shot’s representative frame as the graph node and obtain the set of graph node
features X = {x,, }M_. We take the GoogLeNet feature of the representative frame as the
graph node feature and x,,, € RP*1.

The fully connected edge structure is prone to cause redundant information to interfere
with the aggregation of node features, and the sparse graph structure established based on
the relationship between shots in the preprocessing stage cannot be effectively integrated
into the learning of graph structure features. Therefore, we dynamically construct the graph
structure during training to enable the model to learn the optimal node connection scheme,
thereby better achieving the aggregation of node features. We measure the similarity
between graph nodes as the basis for establishing edge connections. Yasir et al. [24] proved
that the cosine similarity is more suitable for describing the similarity between nodes, so
we choose the cosine similarity as the description of the similarity between node x; and
node x;.

xiTx i
Ixill2 - |7l
When the cosine similarity e; ; exceeds the threshold €, an edge is established between the
two nodes, and ¢; ; is assigned as the weight of the edge, thus constructing the edge set E
and the adjacency matrix A.

()

e;j = f(xi,x;)

eji, €i>E€
A= Ly tu = 3
L { 0, el-,]- < € ( )

GCN is good at handling graph structured data and can effectively perform informa-
tion propagation and feature extraction on graphs. Video shots also have certain temporal
context relationships, and LSTM performs well in processing sequential data and can
capture long-term dependencies in sequences. Therefore, we combine the two to form the
L-G Block. LSTM performs information propagation and processing on the time sequence,
and GCN performs information propagation on the graph structure. In the video encoder,
by stacking L-G Blocks, the temporal context-enhanced features output from LSTM are fed
into GCN, while the graph structure-enhanced features output from GCN are able to be
fed into LSTM, thus taking advantage of the complementary strengths of LSTM and GCN
for a better understanding of the correlations and patterns in the data. The input to the
first layer of the L-G Block is the GoogLeNet features G. The forward propagation of the
stacked layer of the L-G Block is as follows:

X' = LSTM(X' 1) (4)
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keN(j)
Xy : o(X" 1+ ke%(j) LixWrxp—h 5)
ij : U(ijq—1 + Z' Lj,szXquﬂ)

keN(j)

where Z denotes the number of layers of GCN, W" € RP*D denotes the learnable weight
matrix of the n-th layer, X]" denotes the feature of the j-th node in the n-th layer of GCN.

L € RT*T denotes the Laplacian matrix computed from the adjacency matrix A, and ¢
denotes the ReLU activation function.

3.3. Graph Contrastive Learning

We use graph contrastive learning to optimize the graph structure by modifying
the graph at both the structure and attribute levels, thus constructing graph views with
different contexts. By maximizing the consistency of the representation of the same data in
different graph views, we reduce the interference of redundant information and achieve
the optimization of graph structure, thereby enhancing the learning effect. Specifically, as
shown in Figure 3, in the GRACE module, two graph views G; = {X3, A1}, Gy = {Xp, Ay}
are generated at each iteration, then we input G; and G, into the GCN to capture the
relationships between nodes and the internal features of nodes,and output the embedding
representations of nodes X'y = {x/y;}M € RMxD' X/, = {x'7i}M € RM*D’ During the
iteration process, the model can learn the more optimal embedding representation of nodes,
which can effectively eliminate the redundant and incorrect connections in the original
graph structure.

\ / Remove edges
) Mask node features /

‘L'/:
«———» Negative pairs (intra-view)
P— > Negative pairs (inter-view)
<« Positive pairs D
Original features N
Masked features

Figure 3. Graph construction in graph contrastive learning.

Generating graph views is a key component of graph contrastive learning. For the
generation of graph views G; and Gy, Gy retains the original graph structure and input
features, and G is generated by removing edges and masking features. For the node feature
matrix X, € RM*D of G,, Random positions of the feature matrix X are set to 0 according

to a certain ratio. Specifically, a feature vector 1 € {0, 1}, m; ~ Bernoulli(1 — Pm) is
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constructed following the Bernoulli distribution with probability p;,, and the node features
of G1 can be denoted as

Xy = [x1 O 100 O 11+ - XN © 1] (6)

Where [-;-] denotes the connect operation, and ® denotes the Hadmard product. We
can obtain the adjacency matrix A, of graph G, by randomly removing edges of G. We
sample a random mask matrix R € {0,1}V*V, Rjj ~ Bernoulli(1 — p;) from the Bernoulli
distribution, where p, denotes the probability of each edge being removed, and the resulting
adjacency matrix can be denoted as

Ay =AG®GR )

3.4. Feature Fusion

After the above procedures, we obtain the output features of the dynamic graph X
and the output features optimized by graph contrastive learning X'. The feature hierarchy
of X' is higher and the semantic information is more abstract; the feature hierarchy of
X is lower, and it mainly consists of perceptual features, but the feature information is
more detailed. In order to retain key information from both shallow and deep features and
remove redundant information which is irrelevant to the task, we designed a fusion gate
mechanism, which dynamically controls the weight ratio of the two features through a gate
control mechanism and fuses the two features. First, we input X to Bi-GRU to enhance its
temporal features and obtain the feature C = Bi — GRU(X). In order to ensure that the
overall information of the two features is taken into account when deciding the gate control
weights, we fuse feature C and X' through a cascaded manner and map the cascaded
feature to the fusion feature space to obtain the fusion feature h:

h = ReLU(W,[C || X'] + by) (8)

The fusion feature contains deep-level features and shallow-level perceptual features
of the video. By computing the gate control score based on the fusion feature, the model
can learn from a richer feature space, which can help to extract more effective information
for better integration of more information to regulate feature selection and optimize the
complementarity and synergy between features:

Q = o (WglC || X'] + bg) 9)

where W), € R(P+D %D and Wo € R(D+D)%D are all learnable parameter matrices and b,
and by are learnable bias vectors. By regulating the weight of features through the gate

control score Q, we obtain the final fusion feature W
H=Qoh+(1-Q)oC (10

Finally, the final fusion feature K is input into the MLP to calculate the prediction
score of the shot .4, which is used to evaluate the importance of the video shot.

Spred = MLP(h,) (11)

3.5. Loss Function

In graph contrastive learning, we use the contrastive loss function, which maximizes
the mutual information between input samples based on the maximum mutual information,
thereby maximizing the similarity between positive samples and minimizing the similarity
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between negative samples. For any two node features x'; x and x';; of G; and G, the
contrastive loss is as follows:

sim(xé X }‘/21)
L xp) =~ S 12
(xllk, xzrl) - Og( sim(x’1 k,x;) sim(xl{k,xﬁ) sim(x{ k’XIZZ) ) ( )
o R T L

where sim(x'yx, x'y;) = normalize(x'y ) - normalize(x’zrl)T denotes the normalized dot
product between x’; y and x5 ;. N denotes the total number of samples, and T denotes the
temperature parameter used to control the smoothness of the maximum.

We use the MSE loss function to calculate the difference between the predicted and
true values. The MSE loss function is mainly used for regression tasks and aims to minimize
the sum of the squared errors between the predicted and true values, which can help the
model make more accurate predictions for continuous numerical values.

Lpse = (Sreal - Spred)2 (13)

where S,., denotes the true score of the shot, and S .4 denotes the predicted score of the
shot.

4. Experiments
4.1. Dataset

In this experiment, we used TVSum [25] and SumMe [26], two widely used video
datasets in the video summarization field.

The TVSum dataset consists of 50 videos collected from YouTube, covering a variety
of topics such as news reports, sports events, documentaries, and tutorials. The length of
each video ranges from 2 to 10 min. The shortest video is 83 s and the longest video is
647 s, with an average length of 235 s. Each video is watched by 20 different users, who
assign importance scores to each video frame at each time point, with a rating range of 1
to 5, where 5 indicates extremely important. The final score is derived from the ratings of
all users.

The SumMe dataset includes 25 videos, covering sports activities, events, documen-
taries and user-generated content, with video lengths varying from a few minutes to several
minutes. The shortest video is 32 s and the longest is 324 s, with an average length of 146 s.
Each video contains frame-level importance ratings from 15 to 18 different users, with 0
indicating important and 1 indicating unimportant.

Both TVSum and SumMe datasets provide frame-level rating information. In video
editing, a shot consists of a series of consecutive frames, and within the same shot, the
video content tends to change less. To create a video summarization based on the shot
scores, we use the kernel temporal segmentation (KTS) algorithm to segment the videos
into shots so that each shot could be assigned corresponding scores. Based on these scores,
we generate the final video summarization by using the 0/1 knapsack algorithm.

4.2. Experiment Setting

In the experiment, the entire dataset is first divided into a training set and a test set at
a ratio of 80% to 20%. In order to improve the generalization of the experimental results,
we randomly divide the data K times, perform K-fold cross-validation, and calculate the
average of the K results as the final experimental results, K = 5. We set the learning rate
to 0.006 and use Adam as the optimizer. The GRU is configured to be bidirectional with
two layers, and the LSTM is set to be bidirectional with two layers. Additionally, the
number of stacked layers in the L-G Block is two.

4.3. Evaluation of Indicators

The most commonly used evaluation indicator in video summarization studies is
the F1 score, which needs to be calculated by Precision and Recall. Precision indicates the
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proportion of samples predicted by the model to be positive that are actually positive; Recall
indicates the proportion of samples that the model is able to predict to be positive out of all
the samples that are actually positive.

N_match
Precision = —— 14
N_extract (14)
where N_match is the sum of the number of summary frames that can be matched between
the truth summary frames and the generated summary frames, and N_extract is the number

of generated summary frames.

N_match
Recall = NUS (15)

where N_US is the number of truth value video summarization frames.

Fl— 2 x Precision * Recall
" Precision + Recall

(16)

4.4. Comparative Experiments

Table 1 presents a comparison of our method with other state-of-the-art methods in
terms of F1 score on the TVSum and SumMe datasets. vsLSTM [27] and dppLSTM [27]
introduce a point process to enhance the performance of LSTM, facilitating the acquisi-
tion of diversified results based on global video context. DR-DSN [28] designed a deep
summarization network for video summarization and proposed an end-to-end framework
based on reinforcement learning, achieving more representative and diverse summaries by
designing different reward functions. SUM-GAN [29] proposed a generative adversarial
framework consisting of a summarizer and a discriminator, where the summarizer is an
autoencoding long short-term memory network used for summarization generation, while
the discriminator is responsible for identifying summarization videos from the original
ones. SF-CVS [30] proposed a framework for motion-based video summarization, segment-
ing video streams into shots using transition detection and introducing self-attention to
select key frames within shots. RSGN [9] encodes frames and shots hierarchically into
sequences and graphs, where frame-level dependencies are captured by LSTM encoding
and shot-level dependencies are captured by GCN, summarizing videos by leveraging
both local and global dependencies between shots. GATVS [10] employed a novel spatial
attention model, utilizing GAT to transform visual features of images into higher-level
features and then combining them with semantic features processed by Bi-LSTM to select
key frames. VIMHT [31] proposed a hierarchical transformer to aggregate shot informa-
tion in videos, considering not only the internal structure of videos but also their global
dependency relationships. 3DST-UNet [32] utilized spatiotemporal features for video sum-
marization, combining reinforcement learning with 3DSTUNet to encode both spatial and
temporal information of videos simultaneously. AoA [33] introduced a deep model based
on a multi-attention module, including spatial, channel, and multi-head attention, enabling
effective capture of feature relationships between spatial locations and channels.

As shown in Table 1, compared to the existing vsLSTM and DPP-LSTM methods, our
method achieves a higher F1 score on both datasets. This is because our method not only
extracts temporal features but also effectively captures structural features within the videos.
Compared to the DR-DSN, SUM-GAN, SE-CVS, 3DST-Unet, and AoA methods, our method
outperforms them on both datasets. This can be attributed to the alternating extraction
of temporal and structural features in our method, along with feature optimization using
graph contrastive learning. On the TVSum dataset, our method outperforms RSGN by 0.2%,
and on the SumMe dataset, it surpasses by 6.5%. This is attributed to the more efficient
extraction of temporal and structural features in our method. Compared to GATVS, our
method achieves a 1.2% improvement on the TVSum dataset and remains comparable on
the SumMe dataset. This may be due to the feature optimization using graph contrastive
learning and the comprehensive integration of features through gate mechanisms in our
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method. In comparison to VJMHT, our method slightly trails behind on the TVSum
dataset, while on the SumMe dataset, it outperforms VJMHT by 0.9%. This is possibly
because VJMHT effectively extracts temporal features using hierarchical transformers,
particularly suitable for longer videos like those in the TVSum dataset. Meanwhile, our
method considers both temporal and structural features, hence performing better on the
SumMe dataset.

Table 1. Comparison with existing state-of-the-art methods on F1 score.

Method TVSum SumMe
vsLSTM [27] 542 37.6
DPP-LSTM [27] 54.7 38.6
DR-DSN [28] 58.1 421
SUM-GAN [29] 56.3 41.7
SF-CVS [30] 58.0 46.0
RSGN [9] 60.1 45.0
GATVS [10] 59.1 51.5
VJMHT [31] 60.9 50.6
3DST-UNet [32] 58.3 474
AoA [33] 57.4 46.0
DGC-FNet (ours) 60.3 51.5

Where the bolded parts indicate the methods that worked best on each dataset.

4.5. Ablation Experiments

In order to investigate the impact of key components in the model on its performance,
we conducted three ablation experiments on two datasets. We designed three ablation
experiments on two datasets: ablation on dynamic graph contrastive learning, feature
fusion, and the number of stacked layers of L-G Blocks. In the ablation experiment of
dynamic graph contrastive learning, CG_model removes the design of dynamic graphs,
uses the features extracted by GoogleNet as the input features of the graph contrastive
learning module, and utilizes the features extracted by GoogleNet to fuse with the output
features of the graph contrastive learning module in the feature fusion; DG_model removes
the graph contrastive learning module and utilizes GoogleNet features and L-G Blocks
features as input to the feature fusion module; SG_model uses a static graph instead of a
dynamic graph. As shown in Table 2, the performance of CG_model is lower than that of
DGC-FNet under both datasets, indicating that the dynamic graph setting can effectively
enhance the model’s ability to learn the graph structure data. Meanwhile, SG_model
has a better performance under the TVSum dataset, which indicates that studying the
graph structure before graph contrastive learning is beneficial for model learning. The
performance of DG_model under the TVSum and SumMe datasets is lower than the
performance of each of the other models, indicating that graph contrastive learning can
reduce the influence of redundant information and enhance the model’s ability to represent
the features of graph structure data.

Table 2. Comparison of dynamic graph contrastive learning ablation experiments on F1 score.

Model TVSum SumMe
CG_model 59.9 51.2
DG_model 59.0 51.0
SG_model 60.3 51.1
DGC-FNet 60.3 51.5

Where the bolded parts indicate the methods that worked best on each dataset.

In the feature fusion ablation experiments, CON_Fusion does not perform the fusion
of shallow-level features and deep-level features and directly inputs the features from the
graph contrastive learning module into the MLP; CRO_Fusion uses cross-attention fusion
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of the features from the L-G Blocks and the features from the graph contrastive learning
module; CAT_Fusion fuses the features output by the L-G Blocks and the features output
by the graph contrastive learning module by means of vector concatenation. As shown in
Table 3, the performance of CRO_Fusion is lower than other fusion methods, indicating that
the two features do not need to be semantically feature-wise aligned and their relationship
should be complementary in nature. CON_Fusion performs poorly without performing
feature fusion, suggesting that utilizing the complementary strengths of different features
in semantic representation facilitates the model to represent the semantic features of the
data more and more comprehensively.

Table 3. Comparison of feature fusion ablation experiments on F1 score.

Model TVSum SumMe
CON_Fusion 58.2 46.5
CRO_Fusion 57.3 444
CAT_Fusion 59.8 50.5

DGC-FNet 60.3 51.5

Where the bolded parts indicate the methods that worked best on each dataset.

In the ablation experiments of combining the number of stacked layers of L-G Blocks,
as shown in Table 4, the model with the number of stacked layers of two performs the
best on both datasets, indicating that the stacking of the number of layers of LSTM and
GCN can help the model to take care of both the graph data and the learning of long term
dependencies, but too many layers may lead to the occurrence of the problem of overfitting,
which will degrade the performance of the model.

Table 4. Comparison of the number of stacked layers of L-G blocks ablation experiments on F1 score.

Number of Stacked Layers TVSum SumMe
1 59.5 51.4
2 60.3 51.5
3 59.8 51.1
4 59.8 51.1

Where the bolded parts indicate the methods that worked best on each dataset.

4.6. Visualization Result

In the visualization experiments, the summaries generated by our proposed model
were compared with the ground truth to evaluate the quality of the generated summaries.
The video examples shown in Figure 4 are from the 16th video in SumMe and the 4th and
9th videos in TVSum. Among them, the ground truth video summarization in SumMe are
sparse, and the ground truth video summarization in TVSum are denser. The visualization
experiments comparison revealed that the summaries generated by our model were very
close to the ground truth and could accurately select the representative frames, which
indicated that the DGC-FNet was able to adapt better to the task of generating video
summarization in different scenarios.
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(a)the 16" Video on SumMe

Figure 4. Cont.
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Figure 4. Visualization experiments comparison of model-generated summaries and ground truth.

5. Conclusions

This article presents a video summarization generation network based on dynamic
graph contrastive learning and feature fusion. The purpose is to fully capture the sequential
temporal context and graph structural data features by leveraging the advantages of
combining LSTM and GCN. Through dynamic graph contrastive learning, redundant
information in the graph is reduced, enhancing the graph’s representational capacity and
enabling the model to capture key information more accurately within the graph. We
first segment the video into shots and select the features of representative frames as the
features of the current shot. Then, the L-G Block is utilized to learn both the temporal
context features of the sequence and the structural features of the graph, optimizing
the graph structure through graph contrastive learning to enhance its representational
capacity and reduce redundancy. The temporal context features of sequences and graph
structure features are learned through the L-G Block, and the graph structure is optimized
using graph contrastive learning, thus enhancing the graph representation and reducing
redundancy. Finally, the fusion of the shallow-level feature output through L-G blocks, the
deep-level feature output through graph contrastive learning, and the weights of the two
are dynamically adjusted through the gating mechanism, thus achieving feature fusion and
effectively avoiding the loss of key information.

In future research, we plan to incorporate multimodal information into video summa-
rization, such as visual, audio, and text data, to generate more accurate and targeted video
summarization. Additionally, to enable users to understand the inference process of the
model and understand why certain content is selected for summarization, we will explore
methods to improve the interpretability of the video summarization model.
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