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A Graph Neural Network-based Video
Recommendation Model Combining Users’

Long-term and Short-term Preference
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Abstract—With the rapid development of technology and the advancement of Internet technology, various social networking platforms 
are gradually coming into people’s view and occupying a higher and higher position. In the recommendation scenario, the user-
item interaction naturally forms a bipartite heterogeneous graph structure and with the development of graph embedding and graph 
neural network technologies based on deep learning to process graph domain information, the combination of graph information 
and recommendation systems shows strong research potential and application prospects. The methodological improvement of the 
recommendation algorithm based on collaborative filtering takes advantage of the nature that user-items can form a  bipartite graph in 
the recommendation scenario. The existing methods still have some shortcomings. The methods that only use weights or convolutional 
recurrent neural networks to implicitly model different historical behaviors lack explicit modeling of video switching relationships in 
serialized behaviors. The user’s interest is changing all the time, so it is not possible to recommend based on the user’s history, and 
it is necessary to consider both the long-term and short-term interest of the user according to the video content in order to achieve 
accurate recommendation of short videos. In this paper, we design a recommendation model based on graph neural network, which 
models users’ long-term and short-term interests by two vector propagation methods, respectively.

Index Terms—Recommendation; GNN; Preference

✦

1 INTRODUCTION

With the rapid development of technology and the
advancement of Internet technology, various social
networking platforms are gradually coming into people’s
view and occupying a higher and higher position. People
gradually adapt to share and record their daily lives in their
social accounts. Short videos have become the most popular
form of media in the 21st century. Short videos are generally
short, ranging from a few seconds to a few hundred seconds.
Users can shoot and post-edit videos at any time via cell
phones and publish them through the online platform
where they are posted. For the short video itself, the content
it covers is more comprehensive and intuitive than simple
text, pictures and audio, bringing more information to
users and having a stronger expression. At the same time,
with more appropriate background music, users can go
deeper into it and have a sense of immersion, giving them
a strong visual impact and inner feeling. As the number
of short videos continues to increase, the phenomenon of
information overload occurs. For the information overload,
personalized recommendation systems [1] have become the
main way for users to obtain information. Recommendation
systems infer users’ interests by collecting their historical
behaviors, and then generate recommendation lists. It is
generally believed that recommendation systems became an
independent research direction when the Grouplens system
was proposed by the University of Minnesota in 1994 [2, 3].
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Among them, recommendation systems can be divided into
content-based recommendation [4], collaborative filtering-
based recommendation [5], and hybrid recommendation [6]
according to the different recommendation methods [7].

Deep Learning techniques have been very successful
in many artificial intelligence fields in the past decade
or so, and now deep learning-based approaches are also
leading the recommendation system boom and becoming
the best practice in many scenarios. For example, [8] applied
neural networks to collaborative filtering to improve
the effectiveness of implicit recommendations, and [9]
introduced embedding tasks into the recommendation
domain in conjunction with task scenarios to learn
representations of users and products. The paper published
by Google [2] showed the mechanism of deep learning-
based recommendation systems working on industrial-
grade Youtube, and in [9] introduced a wide -depth model
that simultaneously captures the width information of
explicit features and the depth information extracted by
neural networks. DeepFM [10] effectively combines the
features of factorization and deep neural networks in feature
learning, extracting both low-order combined features and
high-order combined features, and is widely used in CTR
prediction.

In the recommendation scenario, the user-item
interaction naturally forms a bipartite heterogeneous
graph structure, [11] and with the development of graph
embedding and graph neural network technologies based
on deep learning to process graph domain information, the
combination of graph information and recommendation
systems shows strong research potential and application
prospects [12]. The methodological improvement of the
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RecommationInteractions

Fig. 1: Schematic diagram of recommendation system.

recommendation algorithm based on collaborative filtering
takes advantage of the nature that user-items can form a
bipartite graph in the recommendation scenario. The graph
structure can capture multi-order neighbor relationships
and multi-hop information transfer, and expand from
a single interaction of ”user-item” to a higher-order
interaction of ”user1-item-user2 ” to obtain higher-order
historical information at that point. Based on the ability
to combine with other neural network units and support
end-to-end training, graph-based neural networks provide
a graph perspective solution to the task of link prediction
between users and items. However, one of the many current
challenges is how to capture and combine the impact of
other, richer, implicit user behaviors on recommendation
results, such as how to incorporate implicit interaction
information in graphs composed of ratings [13].

The existing methods [?, 14, 15] still have some
shortcomings. First, the methods that only use weights or
convolutional recurrent neural networks to implicitly model
different historical behaviors lack explicit modeling of video
switching relationships in serialized behaviors. The existing
research methods are basically derived from collaborative
filtering algorithms, but these algorithms use the scoring
matrix as their main element, and the scoring matrix has a
certain sparsity, so the accuracy of the algorithm is affected
accordingly. Content-based recommendations are also
plagued by the cold start problem. The current algorithms
for short video recommendation are basically based on the
user’s behavior or tags, and the recommendation activities
are based on the user’s social attributes, while some users
do not fully display their social attributes out of protection,
which causes the accuracy of the recommendation is not
high. Second, the current recommendation methods do not
consider fine-grained modeling for users’ long-term and
short-term interests. Most of the existing research methods
are based on the user’s history, but since the content of
short videos is richer, this recommendation method does
not take into account the content of short videos, which
also causes the problem of low accuracy rate. The user’s
interest is changing all the time, so it is not possible to
recommend based on the user’s history, and it is necessary
to consider both the long-term and short-term interest of
the user according to the video content in order to achieve

accurate recommendation of short videos. In this paper, we
design a recommendation model based on graph neural
network, which models users’ long-term and short-term
interests by two vector propagation methods, respectively.

2 RELATED WORK

2.1 Recommended Methods

The recommendation system based on collaborative filtering
can be divided into the following three ideas: user-based
collaborative filtering method, model-based collaborative
filtering method, and finally, item-based collaborative
filtering method. In terms of its collaborative filtering
recommendation system, the core idea is to analyze the
commonality and individuality of users through their
large amount of data information, and then realize the
real personalized recommendation [16]. User-based system
filtering approach [17], the main idea of this approach is
to make use of the user ’s neighborhood combination. The
so-called neighborhood set is a set in which all users have
the same or similar preferences, and the users in the set are
influenced by each other. Item-based collaborative filtering
method [18], the main difference between this method and
the above method is that this method is able to perform
similarity calculation based on the user’s preference for
an item. It also compares the similarity size with other
items and finally recommends items in the order from
largest to smallest according to the value size. Model-
based collaborative filtering approach. The main idea of
this approach is to use implicit features to link users with
items [19]. Afterwards, the connection between the two is
modeled in the form of matrix decomposition, so that user
preference features can be obtained and thus personalized
recommendations for users can be achieved [20]. Content-
based recommendation method [21], which is one of the
first and most widely used recommendation methods. This
method uses the user’s personal history as a collection,
calculates the characteristics of each item in the collection to
form a set of user’s preference features, and then searches
for items with similar preferences among all the item
data to make recommendations. The key to this type of
recommendation method is the topic information of the
items, which is obtained from the items purchased by the
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user, and then the topic similarity between the user and 
other items is calculated, and finally t he t op K  i tems with 
the highest similarity are recommended to the user.

The so-called hybrid recommendation method [22] is to 
select various types of recommendation methods according 
to their characteristics, and form a new recommendation 
method through aggregation [23], weight assignment, and 
feature assignment [21]. In this way, the advantages of 
multiple recommendation methods can be integrated, which 
can effectively prevent the limitations of a single method. 
According to the actual application environment, they can 
be flexibly combined, and the final recommendation results 
obtained are more accurate [24].

2.2 Deep Learning
Deep learning techniques are widely used in the field of 
recommender systems, and cross-domain techniques are 
very common. For example, RBM restricted Boltzmann 
machine [25], self-encoder [26], MLP multilayer perceptron, 
convolutional neural network CNN [27], recurrent neural 
network RNN, and other neural networks. Among the 
above neural network structures, the network structures 
for user feature extraction are mainly convolutional neural 
networks as well as self-encoders. It is to extract the features 
present in a large amount of auxiliary data information. 
RBMs and multilayer perceptrons are mainly used to learn 
potential nonlinear features in the hidden factor space. 
Recurrent neural networks RNN and its variants [28] (gated 
recurrent unit GRU, long short-term memory network 
LSTM, etc.) are mainly used for the processing of time series.

Convolutional neural network CNN, which is one of 
the most widely used deep learning techniques, belongs to 
a kind of feed-forward neural network and also includes 
convolutional computation inside it, which is one of the 
very representative algorithms in the field of deep learning. 
At the same time, it also has the ability of representation 
learning, which can process all kinds of information input 
to it according to its special internal hierarchy and ensure 
the stability of its features.

RNNs have a stronger memory capability compared 
to CNNs, the various parameters input into them can be 
shared, and they have Turing completeness, which is not 
comparable to CNNs. Because of this feature, RNNs are 
widely used in sequence learning, and their demonstrated 
capability is excellent [29]. Nowadays, RNNs are mainly 
used in the field of speech recognition and in various types 
of vision problems that deal with sequence information.

2.3 Graph Neural Networks
Graph neural networks are neural networks that run 
directly on graph structures without converting data 
into sequential form, and can be divided into graph 
convolutional neural networks over the spectral domain 
represented by traditional GCNs [30, 31], and graph 
neural networks over the spatial domain represented by 
GraphSage [32]. Currently, graph neural networks have 
achieved excellent results in the fields o f multi-document 
summarization, point cloud semantic segmentation, and 
image quizzing, etc. Meanwhile, graph neural networks 
make it possible to extract and apply graph structure

information end-to-end by running directly on the graph
structure. Since the main computations involved in GNNs
include aggregating information about neighboring nodes
and performing updates to the current node state, a new
computational framework-message passing model is also
proposed and widely used [33].

3 METHODOLOGY

3.1 Heterogeneous Construction

The goal of the video recommendation system is to satisfy
the user’s needs as much as possible, i.e., to recommend
the videos that best match the user’s preferences. In a
video recommendation system, the relevant input data is
the sequence of users’ historical video viewing behavior,
where the before and after relationships in the sequence
represent the sequence of video viewing by users. The
output data is a probability model that can calculate the
next time a given user watches a given video. A graph is a
structure with powerful data representation capabilities. In
video recommendation systems, an intuitive and effective
approach is to represent users and videos as two types of
nodes in a graph, and to model users’ viewing behavior as
edges on the graph. We construct the heterogeneous graph
G = [V,E], where V denotes the set of all nodes and E
denotes the set of all edges. user nodes u ∈ U with video
nodes i ∈ I . The edges in the set E are the user-video
interaction edges r ∈ R, where rui represents the existence
of interaction behavior between user u and video i.

3.2 Embedding Layer

The embedding matrices P and Q are created for users
and videos, respectively, where the dimension of P is
N × D and the dimension of Q is M × D. Where N is
the number of users and M is the number of videos, D
is the dimension of the low-dimensional space, which is a
tunable hyperparameter with overfitting problems for too
large a dimension and underfitting problems for too small a
dimension. We can get the low-dimensional representation
vector of each user and video by the embedding matrix of
users and videos.

pu = PT vUu (1)

qi = QT vIi (2)

3.3 Long-term User Preference Modeling

Our model introduces the user’s history element to fuse
the user’s historical behavior. [x1, x2, . . . , xm] denotes the
item set of all short videos that users have followed,
after which the same type of short videos are divided,
i.e., [h1, h2, . . . , hm], defined as users have followed in the
history cycle of all short video types, that is, the long-term
preference. Meanwhile, the newly added short video types
are processed using a separate input unit as a way to ensure
the stability of users’ long-term preferences.

X = max(xk
1 , x

k
2 , . . . , x

k
n) (3)

X =
1

n

n∑
i=1

xk
i (4)
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Fig. 2: Schematic diagram of our model.

where xk
1 , x

k
2 , . . . , x

k
n denotes user u in the set of items of

long-term preference and X denotes user in the set of long-
term preference sequences.

The behavior of a user watching a video is represented as
an edge between a user node and a video node on the graph.
If the vector representations of all video nodes that the user
has watched are propagated toward them, the aggregation
naturally represents long-term preference independent of
the specific time. Thus, we can model long-term preference
by user node-video node vector propagation.

p(l+1)
u = θ(W

(l+1)
1 (p(l)u + aggre(q

(l)
i |i ∈ Ru)) + b

(l+1)
1 ) (5)

q
(l+1)
i,l = θ(W

(l+1)
1 (q

(l)
i + aggre(p

(l)
i |u ∈ Ri)) + b

(l+1)
1 ) (6)

where θ is the nonlinear activation function, W (l+1)
1 and

b
(l+1)
1 are the network parameters and bias parameters

when propagating from layer l to layer l + 1, respectively.
Ru is all videos that user u has interacted with, Ri is all
users who have watched video i, and aggre(·) is the vector
aggregation operation.

3.4 Short-term User Preference Modeling

Users’ short-term preferences will be more influenced
by the outside world in a short behavioral cycle, so
the timeliness of short-term preferences is higher. From
another perspective, it can be assumed that short-term
preferences are more influential in the user’s preference
recommendation process, and the user’s preference is likely
to change at any time during a certain period of time.
The above long-term preference vector propagation layer is
used to portray users’ long-term preferences by ignoring the
historical behavioral side propagation of serial relationships.
Then, we further design the vector propagation method
for modeling users’ short-term preferences. Considering
that the user’s short-term preference needs to fit with the
switching behavior of video viewing, we use a vector
propagation method based on the directed edges of video
switching behavior.

q
(l+1)
i,s = θ(W

(l+1)
2 (q

(l)
i + aggre(q

(l)
j |j ∈ Ti)) + b

(l+1)
2 ) (7)

where θ is the nonlinear activation function, W (l+1)
2 and

b
(l+1)
2 are the network parameters and bias parameters

when propagating from layer l to layer l + 1, respectively.
aggre(·) is the vector aggregation operation.

3.5 Hybrid Recommender Framework
The outputs of the two neural network models, long-term
interest of the user and short-term interest of the user, are
fused in the merging layer to form a hybrid video vector
output. The specific fusion method of the merging layer is
shown as follows:

q
(l+1)
i = (q

(l+1)
i,l , q

(l+1)
i,s ) (8)

f(w1, w2) = αw1 + (1− α)w2 (9)

Subsequently, we predict the viewing probability for a
given user and video by means of an attention network-
based prediction function.

ŷ = MLP (p+ u|ATN(qiRu)) (10)

where MLP represents a multilayer perceptron and ATN
represents an attention network. The final output ŷ is a
probability value ranging from 0 to 1. value, the larger the
value, the more likely the user u is to watch the video i.

3.6 Dropout
Neural networks are prone to overfitting in the training
process, and Dropout can be applied to the access sequence,
which is equivalent to the pre-processing process of
removing some of the access results, and in layman’s terms,
it is a way to reduce the sensitivity of the model to external
noise. For example, if a user watches a short video and
selects a video he does not like by slip, the recommendation
model constructed in this paper will not be overfitted by
such external noise.

4 EXPERIMENTS
4.1 Datasets
We choose a dataset from a video website. The dataset has
about 292286 pieces of data, 61030 users for 14952659 short
video viewing records and user behavior.

4.2 Metrics
In order to verify the accuracy and effectiveness of the short
video recommendation model proposed in this paper, the
accuracy of the recommendation system is tested by various
evaluation indexes, and the top K items that users like most
are selected as the final recommendation results in the user
feedback recommendation list.
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TABLE 1: Statistical information of datasets.

dataset users items interactions
Videos 61030 292286 14952659

TABLE 2: Model Performance Comparison on Movielens-
1M.

Model MRR NDCG@1 NDCG@2
FM 0.823 0.779 0.892

GCN 0.848 0.822 0.906
GraphSAGE 0.873 0.836 0.913

OURS 0.892 0.844 0.935

Recall =
recommendsitemsthatalsomeetuserrequirements

userpreferreditems
(11)

Precision =
recommendsitemsthatalsomeetuserrequirements

recommendeditems
(12)

MRR (Mean Reciprocal Rank) evaluation index,
for the Top-K recommendation list generated by the
recommendation system, if a user selects the nth item
in the recommendation list, then the score of the whole
recommendation list is n. Then the score of the whole
recommendation list is 1

n . Therefore, the MRR can be
calculated as follows:

MRR =
1

|Q|
∑
k=1

1

rankk
(13)

where Q denotes all the items in the recommendation
list, |Q| denotes the length of the items in the whole
recommendation list, and rankk denotes the position of
the first item picked by the user in the recommendation
list. In other words, if the user picks the first item in the
recommendation list, the higher the accuracy rate of the
recommendation system.

NDCG@K =
1

|U |
∑
u∈U

1

(log2(indexu + 1))
, (14)

where pu is the corresponding true score in the test set.
The higher the evaluation index score, the better the
performance of the recommendation.

4.3 Baselines

• GCN. The method is a classical improvement of
convolutional methods on graph networks. It is a
scalable semi-supervised learning method based on
graph structured data. The model varies the choice of
convolution kernel by local first-order approximation of
the spectral graph convolution.

• FM. The FM model takes into account the information
implied by the crossover features and obtains the
crossover features by inner product of two embedded
features, but ignores the problem that not all feature
combinations are meaningful.

• GraphSAGE. We applied GraphSAGE on the user-item
graph from implicit feedback to predict the interaction
between user and item.

Fig. 3: Comparison of model loss curves.

4.4 Result Analysis

In this paper, different list lengths are selected for Top-K
recommendation. The samples of length K are 5, 10, 15 and
20 respectively. The specific experimental results are shown
in Fig. The two evaluation metrics of accuracy and recall are
verified.

The results obtained from the experiments demonstrate
the comparison of the video recommendation method
combining the long and short-term interests of users
proposed in this paper. The trends of the two evaluation
indexes, recall and accuracy, are shown under the change
of K value. From the figure, it can be seen that
the recommendation model proposed in this paper has
improved to a certain extent in both accuracy and recall rate.

This also shows that the recommendation model
proposed in this paper has certain advantages in terms of
recommendation.

The α parameter serves to regulate the long-term and
short-term interests of users, which will ultimately affect
the output of this recommendation model. The experimental
comparison of the α parameter is shown, so it can be found
that the recommendation model has the highest accuracy
when the α parameter is around 0.4, which can also indicate
that in some perspectives, the short-term interest of the user
occupies a greater influence factor on the user’s choice.

5 CONCLUSION AND FUTURE WORK

DeepLearning techniques have been very successful in
many artificial intelligence fields in the past decade or
so, and now deep learning-based approaches are also
leading the recommendation system boom and becoming
the best practice in many scenarios. The paper published
by Google showed the mechanism of deep learning-
based recommendation systems working on industrial-
grade Youtube, and in introduced a wide -depth model that
simultaneously captures the width information of explicit
features and the depth information extracted by neural
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(a) Precision (b) Recall

Fig. 4: Expriment results comparison.

Fig. 5: α parameter.

networks. DeepFM effectively combines the features of
factorization and deep neural networks in feature learning,
extracting both low-order combined features and high-order
combined features, and is widely used in CTR prediction.

In the recommendation scenario, the user-item
interaction naturally forms a bipartite heterogeneous
graph structure and with the development of graph
embedding and graph neural network technologies based
on deep learning to process graph domain information, the
combination of graph information and recommendation
systems shows strong research potential and application
prospects. The methodological improvement of the
recommendation algorithm based on collaborative filtering
takes advantage of the nature that user-items can form a
bipartite graph in the recommendation scenario. The graph
structure can capture multi-order neighbor relationships
and multi-hop information transfer, and expand from
a single interaction of ”user-item” to a higher-order
interaction of ”user1-item-user2 ” to obtain higher-order
historical information at that point. Based on the ability
to combine with other neural network units and support
end-to-end training, graph-based neural networks provide
a graph perspective solution to the task of link prediction
between users and items. However, one of the many current
challenges is how to capture and combine the impact of
other, richer, implicit user behaviors on recommendation
results, such as how to incorporate implicit interaction

information in graphs composed of ratings.
The existing methodstill have some shortcomings. First,

the methods that only use weights or convolutional
recurrent neural networks to implicitly model different
historical behaviors lack explicit modeling of video
switching relationships in serialized behaviors. The existing
research methods are basically derived from collaborative
filtering algorithms, but these algorithms use the scoring
matrix as their main element, and the scoring matrix has a
certain sparsity, so the accuracy of the algorithm is affected
accordingly. Content-based recommendations are also
plagued by the cold start problem. The current algorithms
for short video recommendation are basically based on the
user’s behavior or tags, and the recommendation activities
are based on the user’s social attributes, while some users
do not fully display their social attributes out of protection,
which causes the accuracy of the recommendation is not
high. Second, the current recommendation methods do not
consider fine-grained modeling for users’ long-term and
short-term interests. Most of the existing research methods
are based on the user’s history, but since the content of
short videos is richer, this recommendation method does
not take into account the content of short videos, which
also causes the problem of low accuracy rate. Secondly, the
user’s interest is changing all the time, so it is not possible to
recommend based on the user’s history, and it is necessary
to consider both the long-term and short-term interest of
the user according to the video content in order to achieve
accurate recommendation of short videos. In this paper, we
design a recommendation model based on graph neural
network, which models users’ long-term and short-term
interests by two vector propagation methods, respectively.
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