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Abstract
In the next generation network architecture, in order to reduce the network’s traffic and service delay,
node (router, base station, access point, etc...) temporary stores the contents on its cache storage
space and provides those stored contents to users, instead of downloading contents from original
servers. Thus, cache decision (the decision to store and remove contents from the cache storage space)
becomes an important task to improve the network’s performance. Cache decision is easy when nodes
know the popularity of the contents. In reality, it is not easy to know the actual popularity of the contents.
So, the content’s popularity prediction becomes the most challenging task to make cache decision
efficiently. Therefore, in this paper, we proposed the deep recurrent neural network based video content’s
popularity prediction scheme to support cache decision process. Finally, we have tested the proposed
scheme by using Tensorflow which is the open source software library for machine intelligence.

1. Introduction
According to the Cisco Visual Networking Index
(VIN), the traffic of watching video through the
Internet is increasing exponentially [1]. Therefore,
several architectures for next generation network (e.g.
[2]) are proposed to reduce these increasing traffic
and improve the performance of the network by adding
the cache storage space at the nodes (routers, access
point, base station and so on). Thus, the nodes can
store the contents temporarily to satisfy requests for
near future instead of retrieving again from the
original servers. So, cache decision (which contents
should store and remove from the cache space)
becomes important to improve the network
performance. To make a cache decision efficiently, the
nodes needs to know the popularity of the contents.
But in reality, it is quite difficult to know the popularity
of the contents. So, the content popularity perdition
becomes the challenging task for the researchers.
There are several methods to predict the popularity
of the contents [3][4][5]. In this paper, we apply the
deep recurrent neural network to predict the content’s
popularity. The recurrent neural network (RNN)
received incredible success in speech recognition,
language modeling, translation, image captioning and
collaborative filtering. Among the variants of RNN
such as Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU) are good for sequence
prediction. Thus, it is also good for predicting the
video content’s popularity, where the incoming

requests for these contents are in a sequential manner.
So, in this paper, we apply LSTM [6] to predict the
popularity of video contents. For the training and
testing of our proposed scheme, we choose
MovieLens dataset with 1 million requests. The input
features to feed the system are the sequences of
movie’s information such as genres, the release date
of movies. The output values from the prediction
system are the predicted popularity scores of contents
in the range from 0 to 1. The nodes can make cache
decision by using these predicted scores, where the
cache decision process is out of scope of this paper.
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Figure 1 An unrolled recurrent neural network for
predicting the video content popularity
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2. System Model
An unrolled version of the RNN model uses in this
paper is shown in Fig.1, where RNN cell is the memory
cell which composed of several gates. The inputs to
the system are the sequence of requests 𝑋 = {𝑥1 , … , 𝑥𝑇 },
where 𝑥𝑡 is the movie’s related features such as
genres, released date, etc... The output from the
prediction system are 𝑌 = {𝑦1 , … , 𝑦𝑇 }, where 𝑦𝑡 is the
popularity score of the content. In this paper, we use
LSTM [6] as a memory cell because it is designed to
avoid the vanishing gradient problem and long-term
dependency problem.
2.1. Long short-term memory (LSTM)
Each LSTM cell is managed by the several gates.
While the input gate and the forget gate controls the
input and the output of the system respectively.
Especially, the forget gate controls the states of the
cell. The forget gate is defined as,
𝒇 = 𝝈 (𝑿. 𝑾𝒇 + 𝒃𝒇 ),

(1)

(2)

where 𝑾𝒖 is the weight for the update gate and 𝒃𝒖 is
the bias for the forget gate. The result gate is define
as,
𝒓 = 𝝈 (𝑿. 𝑾𝒓 + 𝒃𝒓 ).

(3)

where 𝑾𝒓 is the weight for the result gate and 𝒃𝒓 is
the bias for the result gate. The input gate is define as,
𝑿′ = 𝒕𝒂𝒏𝒉 (𝑿. 𝑾𝒄 + 𝒃𝒄 ),

(4)

where 𝑾𝒄 is the weight for the result gate and 𝒄 is
the bias for the result gate. The memory from current
block is denoted as,
𝑪𝒕 = 𝒇. 𝑪𝒕−𝟏 + 𝒖. 𝑿′ ,

(5)

where 𝑪𝒕−𝟏 is the memory from the previous block.
The output of the previous block is define as,
𝑯𝒕 = 𝒓 ∗ 𝒕𝒂𝒏𝒉(𝑪𝒕 ).

(6)

2.2. Performance matrices
In this section, we define the performance matrices
to measure the performance of the proposed scheme.
First, we measure the Mean Squared Error (MSE) as
follows,
𝑴𝑺𝑬 =

𝟏
𝒏

̂ 𝒊 − 𝒀𝒊 )𝟐 ,
∑𝒏𝒊=𝟏(𝒀

(8)

̂ is the predicted popularity score of the n
where 𝒀
predictions. Our goal is to minimize the error between
predicted popularity scores and real popularity scores
by updating the weight of the LSTM. Then, we define
the accuracy (ACC) to measure how much accurate the
proposed system by using following equation,
𝑨𝑪𝑪 =

𝟏
𝒏

̂ 𝒊 − 𝒀𝒊 || < 𝜸),
∑𝒏𝒊=𝟏(||𝒀

(9)

where 𝛾 is the threshold value to count zero or one.

where 𝝈 is the sigmoid activation function, 𝑿 is the
input features, 𝑾𝒇 is the weight for the forget gate
and 𝒃𝒇 is the bias for the forget gate. The update gate
is denoted as,
𝒖 = 𝝈 (𝑿. 𝑾𝒖 + 𝒃𝒖 ),

The predicted output of the current block is denoted
as
𝒀𝒕 = 𝒓 ∗ 𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝑪𝒕 ).
(7)

2.3. Minimize error
We use (Stochastic Gradient Descent) SGD with
Backpropagation Through Time (BPTT) to minimize
the total training error (MSE).
3. Performance evaluations
In this section, we present the properties of the data
set, preprocessing processes. Then, we present
results from testing. We run and test our proposed
scheme by using Tensorflow version 1.1 [7], which is
the open source software library for machine
intelligence, on the window 10 environments. In
order to run tensor flow on window environment, first,
we install Anaconda which is also the open data
science platform. Then, we create a virtual
environment for Tensorflow and install Tensorflow on
it. To preprocess the data set, we use pandas which is
also the open source data analysis tools.
For the training and testing, we choose Movielens
1M [8] dataset, which includes 6040 users and
1,000,209 ratings over 3706 movies. Also, this dataset
includes others information related to the users such
as age, sex, occupation. Also, the data set includes
movies related information such as released date and
genre.
Then, we preprocess the input data. We feed the
genre information, release date information of each
movie and rating of the movie to the system.
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Therefore, we turn genre information into one hot
vector where genre information has 18 categories. We
feed normalized values of the movie’s released date
and rating value to the system.

Parameters
Input
Output
Number of hidden layers
Learning rate
Batch Size
DataSet
Training
Validation
Testing

3.1 Results and discussion
Fig.3 shows the comparison of the training and
testing error. The results show that the proposed
scheme reduces the lost obviously from the step 60.

Values
20
1
100
0.2
100
Movielens 1M
60%
20%
20%

5. Conclusion
In this paper, we discussed the proposed scheme
which predict the popularity of the video content by
applying LSTM. We tested the proposed scheme by
using Tensorflow with the MovieLens data set. As for
the future work, we will apply the reinforcement
learning with the recurrent neural network for the
video contents predicting.

Figure 2 Comparison of train and test error
Fig.4 shows the comparison of accuracy between
the training period and testing period. The results
show that the accuracy reach around 90 percent at
around 40 steps.

Figure 3 Comparison of train and testing accuracy
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