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Abstract—To address diversified service requirements of the
users, researchers proposed the concept of network slicing
(NS) that can enhance the reliability and security of the
services through customizing resources according to specific
requirements. In the scenario of dynamic slicing, predicting
the bandwidth resources requirements can help network
providers adjust the resources that have been allocated in
better ways. In our research, we analyze the network traffic
data based on time series analysis and evaluate the
performance of the state-of-art methods through two novel
metrics. The experiment results show that the network
operator should select the prediction method according to
the slices’ service type in order to balance the profits of
network providers and the experience quality of slices.
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L INTRODUCTION

As we are entering the Internet of Everything (IoE) era,
the requirements of network use cases are very diverse.
However, the current network communication architecture
employs a one-size-fits-all approach to supply services,
which disregards the vertical requirements of use cases.
Hence, it is crucial to explore new techniques to address
the diversified service requirements.

With the developments of SDN and NFV, NGMN
propose the concept of network slicing to meet the
different performance requirements that verticals impose
in terms of latency, scalability, availability, and reliability.
A network slicing is an end-to-end logical network running
on the shared physical infrastructure. Network slices are
customized by specific use cases and isolated from each
other, so they can enhance the reliability and security of
each use case and optimize the allocation of physical
network resources [1]. According to the life cycle of slices,
the researchers divide the slices into two types: permanent
slices and temporary slices. To improve the utilization of
physical resources and decrease the probability of Service
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Level Agreement (SLA) violations further, network
providers should adjust the resources that have been
allocated based on the temporal variation of the resource
requirements of permanent slices, or temporary slices with
long service time. This concept is defined as dynamic
slicing [2]. But currently, the related works assume the
future resources requirements or the distribution of
resources requirements are known [3], and some works are
conducted based on resources uncertainty [4].

In practice, the temporal variation of network traffic is
regular. For example, the utilization of link resources is
higher during the day than at night [5], which means that
the bandwidth resources requirements for some slices are
higher during the day than at night, and this is the well-
known diurnal pattern [6]. To adjust the resources that
have been allocated more purposely, it is necessary to
design an effective prediction mechanism to determine the
demand of future bandwidth resources for the slices. As
presented in Fig. 1, the temporal variation of bandwidth
resources for a permanent slice is periodic, the red line
represents the fixed bandwidth resources that the network
providers allocate to this slice. In the scenario of dynamic
slicing, during the dawn, we hope to adjust the fixed
allocated resources to the green line which is determined
by the prediction mechanism. Similarly, we can also adjust
the allocated resources during the day.

Because the bandwidth resources can affect how many
bytes a slice can transmit at a time, and it is difficult to
gather the time series data of bandwidth resources
requirements while the time series data of bytes can be
collected easily, we define our task as the multi-step bytes
prediction problem. The prediction result can represent the
future bandwidth resources requirements to some extent.

In this paper, we solve the task based on time series
analysis theory, and we define two novel evaluation
metrics P, O, to measure the prediction performance of
existing time series prediction methods [7-9], where P is
applied to measure the extent to which the predicted value
meets the bandwidth resources requirements of a slice, O
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is applied to measure the extent to which the predicted
value can save bandwidth resources.

This paper is organized as follows. Section II introduce
the related work. Section III discuss the details of the
dataset used and the data preprocessing. Section IV present
the methodology of the prediction methods. And the
experiment results are drawn in Section V. Section VI
make a conclusion.
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Illustration about application of bandwidth resources
prediction for the scenario of dynamic slicing

Figure 1.

II.  RELATED WORKS

A. Dynamic Network Slicing

To make good use of the physical resources of
substrate network and guarantee the quality of experience
(QoE) of users, Raza M R et al. proposed the concept of
dynamic slicing [2]. In their further work [3], Wei F et al.
assumed the distribution of the bandwidth resources
requirements for a slice is known and defined the network
slicing reconfiguration problem, which is a sub-task of
dynamic slicing, as a MILP, then they employed the
reinforcement learning-based approach method to solve it.
In [4], the authors conducted their work based on traffic
uncertainty, and most of their methods were robust
optimization.

B.  Network Traffic Prediction

As network traffic prediction is essential for many
network management tasks, so it has been a hot topic of
research. In [10], Li Y et al. firstly decomposed the time
series into high-frequency component and low-frequency
component by discrete wavelet transform, then they
predicted the two components by the Prophet model and
Gaussian process regression. In [12], He Q ef al. proposed
a meta-learning scheme to predict a specific kind of
network traffic. Their scheme consisted of many kinds of
sub-predictors and the main policy to choose the best fit
sub-predictors dynamically.

Though there existed many works about network traffic
predictions, most of their tasks are short-term (100ms, S5s,
15sec), single-step traffic predictions [11-12], and their
evaluation metrics are mean square error (MSE) and mean
absolute percentage error (MAPE), these metrics can
reflect prediction accuracy but cannot reflect how the
prediction result can affect the QoE of slices and the

profits of the network providers. What is more, in the
scenario of dynamic slicing, we hope to conduct
long-term (at least 1 hour), multi-step traffic predictions
tasks to determine the adjusted bandwidth resources for
the slices. The reason why we do not conduct short-term,
single-step traffic predictions is that it is not reasonable to
frequently adjust the resources that had been allocated.
Currently, few works focus on the bandwidth resources
prediction problem of dynamic slicing.

III. DATASET

In this section, we discuss the dataset and the data
preprocessing in detail.

A. Dataset Description

The dataset we used is provided by the WIDE project
[13]. We monitor the network traffic volume data of a flow
that is defined by a source and destination IP prefix in their
network for two months (starting from Aug 1, 2021), and
we roughly consider that the collected data is the original
traffic data of a permanent slice in the network.

B. Dataset Preprocessing

As aforementioned, in the scenario of dynamic slicing,
we should conduct the long-term, multi-step traffic
prediction task. We count the byte volume of the flow per
hour, and then the traffic time series data of a slice can be

defined as Eq. (1), where f; denotes the bytes generated
by slice i within time slot [z,7+ 1] and in this paper, T
is 1 h. With the definition of time series data, our
prediction task is to predict {f",...,£/*"} based on its
historical time series data F;, where n isthe n, step.

F={f. 1 S} ()

Then, we analyze daily traffic trend for the slice. We
define D ={f/, £/, f/"3} (j=0,24,48,..) as the
daily traffic time series data for slice i, and we draw a
traffic trend diagram according to D,,; 3, - As presented
in Fig. 2, it is obvious that the slice generates much more
bytes during the day, which is similar to the conclusion of
some research work [5-6]. Then, we employ the Pearson
coefficient p to verify the similarity of daily traffic trends.
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Figure 2. Daily traffic trend of a slice
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Pearson coefficient can be calculated according to Eq.
(2), where Cov(X,Y) is the covariance between X

and Y,and oy, oy are the standard deviations of X ,
Y respectively.

_ Cov(X,Y)
OxOy

@

In our work, X is D,p5,, Y is D, . Generally,
if |p[>0.6, we can consider that X and Y have a

strong linear relationship. As presented in Fig. 3, most of
the daily traffic time series data are strongly correlated
with D,y ¢, , that means the diurnal pattern of traffic is

a common phenomenon in our dataset.
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Figure 3. Pearson coefficient between D,y g, and other days
Further, we remove the traffic data on weekends, and

we find that the weakly correlated points are significantly
reduced, which is shown in Fig. 4.
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Figure 4. Pearson coefficient between D,y,;g, and other days (skip

weekends time series data)

The above analysis shows that in most situations, the
daily traffic trends of this slice are similar to D,gy; g5 -
For minimize the number of outlier and make the time
series data more stationary, we remove weekend time
series data from F;. And then we only retain the time

series data from 2 to 5 o’clock every day to reduce the
workload. After processing, time series data can be

defined as F;_r:{ﬁZ,ﬁS,fl-'4,m’ftt+24,f-_t+l+24,f't+2+24}.

1 1 1

Now the task is to predict the 2 to 5 o’clock traffic volume
in the next day based on F (in our work, n=3).

IV. PREDICTION METHODS

A.  Autoregressive Integrated Moving Average (ARIMA)

ARIMA is a classical model and it is widely used for
time series data analysis [7]. Typically, ARIMA consists
of three elements, autoregression, integrated, and moving
average, the detail of these elements can be found in [7].

An ARIMA model can be defined as Eq. (3), where

Ay? is the d,, differenced variable and it should be

stationary, ¢ is constant, the terms in ¢ are

autocorrelation coefficients at lags 1, 2,.., p, ¢ is a

Gaussian white noise series, and the @, terms are the

weights applied to the current and previous values of a
stochastic term in the time series.

P q
Aytd :C+Z¢iAytd—i +& +ZHI.5[_I. 3
i=1 i=1

The most important capacity of ARIMA model is that
it can analyze the time series data which is non-stationary
by means of the integrate step. To determine parameter d
of the ARIMA model, we perform first-order difference
processing on F', and then use Augmented Dickey-Fuller
(ADF) test to verify the stationarity of it. The p value is

4.5729616*107" | which is significantly less than the
baseline (0.05), so we can consider the processed time
series data is stationary, and set d to 1.

In order to determine the other parameters p, ¢
effectively, similar to the method in [12], we also use the
autocorrelation function (ACF) and partial autocorrelation
function) (PACF) of our data to analyze autocorrelation of
the time series. As presented in Fig. 5 and Fig. 6, we can
easily determine the optimal model parameters.
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Figure 5. Autocorrelation Function (ACF)
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Figure 6. Partial Autocorrelation Function (PACF)

B. Long Short-Term Memory (LSTM) Neural Network

As a form of the recurrent neural network, the
powerful capacity in analyzing time series data of
LSTM [8] has been proven. So, we evaluate the prediction
performance of LSTM in our dataset.

A LSTM cell unit consists of a cell, an input gate, an
output gate, and a forget gate. Generally, LSTM models
can be expressed by the following equations.

i, =c(W;x, +U;h,_, +b,) 4
o,=c(W,x, +U,h,_; +b,) 5)
Ji=oW,x, +U,h_ +b;) 6)

¢ =f, e, +i*oW.x, +Uh_ +b,) @)
h, =o0,*0(c,) 8)

In the above equations, i,o0,f,c,h are the input,
output, forget gates, current state, and hidden state
respectively. W represents the input weights of the gates,
while U represents the recurrent weights of the gates,
and b is the bias vector. A detailed introduction of
LSTM model can be found in [8].

In our work, we design our LSTM neural network
referred to some existing works [12], and turn prediction
problems into supervised learning.

C. Prophet

Prophet is an effective method for time series data
analysis. In fact, Prophet takes the prediction problems as a
curve-fitting issue, it comprehensively considers the trend,
seasonality, and holiday factors of the time series data. The
Prophet model can be defined as Eq. (9), where m () isa
trend function that can model the non-periodic component
of the time series data, s(¢) represents the periodic

component, and e(t) represents the affect of holidays.
Finally, € is the remaining components that are cannot

represented by the above three functions. Typically, we
assume that ¢ is normally distributed. The detailed

calculation progress of these components can be found in

[9].
y(t)=m(t)+s(t)+te(t) e )

It is worth noting that Prophet can perform the task of
multi-step interval prediction, and it can independently
analyze the characteristics of time series data, so we take
F. as the input directly and take the upper bound of the

prediction interval as the prediction result.

V. EXPERIMENTS

A.  Evaluation metrics

To measure the prediction result objectively, we
define two metrics P, Q that can be calculated according
to Eq. (10) and Eq. (11). Here, Predict,,,, is the maximum
is the
maximal bandwidth resources requirements of a slice

from 2 to 5 o'clock on a day. Allocate,,, is the maximal

value for one multi-step prediction task, Actual

max

bandwidth resources that the network providers allocate to

a slice on a day, currently, we set Allocate,,,. directly to

D kmax *
_ Predict,,, (10)
Actual, .
_ Allocate,,,, an
Predict,, .

As aforementioned, P is applied to measure the extent
to which the prediction results meet the bandwidth
resources requirements of a slice, Q is applied to measure
the extent to which the predicted value can save
bandwidth resources. Further, we define a value tol to
represent the sensitivity about bandwidth resources of
services, as shown in Table I. Once P< to/, we consider
that the prediction result will cause QoE violation.

TABLE L SENSITIVITY ABOUT BANDWIDTH RESOURCES
OF SERVICES
Service Video conference HD video Content cache
tol 1 0.8 0.6

B. Evaluation

In our work, we retain the time series data for the last
five weekdays in our dataset for testing the prediction
performance of these methods, while other data are used
to train the models. The prediction result is shown in Fig.
7.

Authorized licensed use limited to: Tsinghua University. Downloaded on December 22,2022 at 03:17:59 UTC from IEEE Xplore. Restrictions apply.



20000

17500+

15000

Mbytes

12500+

10000

75001

50001

® » » L ® ® ® ® ® P » o ® ® ®
A e e L I I N AN L SN L R s
o o o ot ot ot o o o of¥ of¥ of¥ o o o

Time

Figure 7. prediction results of different methods

But this figure is hard to reflect how the prediction

result can affect the QoE of slices and the profits of

network providers. So, we evaluate the predicted values
based on P, Q, and the results are shown in Table II.

TABLE II. ANALYSIS OF PREDICTION RESULTS OF
DIFFERENT METHODS
Dayl Day2 Day3 Day4 Day5
P 0 P [¢] P 9] P 0 p [¢]
Prophet 1 51 18 38 25 47 12 45 17 44
(upper)
ARIMA 07 72 12 58 16 74 09 64 11 69

LST™M 0.6 8.6 1.1 6.1 1.2 9.7 0.8 7.3 1.1 6.9

According to the above table, we can intuitively find
that Prophet can guarantee the QoE of slices to the
greatest extent, while LSTM can save more bandwidth
resources for network providers and may cause QoE
violations. ARIMA can consider the network slices' QoE
and the network providers' revenue in a more balanced
way. In the scenario of dynamic network slicing, network
operator can select prediction method according to the
slices’ service type. For services with high bandwidth
requirements (to/ = 1) such as video conferencing and
remote surgery, operators need to use Prophet to predict
their bandwidth resources demand to ensure their service
quality. For services such as HD video that have a certain
tolerance for bandwidth (zo/ <[0.8,1)), operators can
use ARIMA to predict their bandwidth resources demand,
so as to ensure their quality of service and recover some
bandwidth resources at the same time. For bandwidth
insensitive services (to/ < 0.8) such as Content cache,
operators can use LSTM to predict their bandwidth
requirements in order to recover bandwidth resources as
much as possible.

VI.  CONCLUSION AND FUTURE WORK

In this paper, we employ the time series analysis theory
to analyze the network traffic data, and evaluate the

perform of the state-of-art time series prediction methods
in the scenario of dynamic slicing. Further, we use two
novel evaluation metrics to reflect how the prediction
results can affect the users and the network providers. In
the future, we will investigate how to improve the
prediction performance through some other deep learning
methods, and conduct some works related to network
slicing reconfiguration based on these prediction methods.
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