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Abstract 
The 5G communication networks will be complex due to the 
emergence of unprecedentedly a huge number of new types 
of connected devices and services. Moreover, the on-
demand creation of virtual network slices, each suitable for 
a different application, is posing challenges to the efficient 
management of network resources, while optimally 
satisfying the quality of service requirements in time-
varying workloads and network conditions. This article, 
which is of tutorial nature, introduces the 5G network slices 
(from the point of view of non-wireless part of the network) 
and elaborates the necessity of automation of network 
functions related with the design, construction, deployment, 
operation, control and management of network slices. It 
revisits machine learning techniques applicable to the 
automation of network functions. It then presents a machine 
learning-based framework for the operation and control of 
network slices by continuously monitoring workload, 
performance, and resource utilization, and dynamically 
adjusting the resources allocated to network slices. 
Preliminary results of workload prediction accuracy 
obtained from the analysis of real-life data collected from a 
Web server are also reported. 
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1. Introduction 

The fifth-generation (5G) communication networks are 
expected to satisfy the diverse types of quality of service 
(QoS) requirements of various new applications. They 
provide ultra-high-speed data transmission (peak of about 
20Gbps) for enhanced mobile broadband (eMBB) services, 
connect a huge number of devices (2x105 devices per km2) 
for massive machine type communication (mMTC) services, 
and support ultra-low latency (about 1ms) for ultra-reliable 
and low latency communication (URLLC) services [1].  5G 
networks are being equipped with the capability of on-
demand creation of network slices with sufficient amount 
of network and computation resources by leveraging 
network function virtualization (NFV) and software-defined 
networking (SDN) techniques [2]. Research activities on 
enabling end-to-end network slicing for 5G networking are 
also progressing rapidly [10].  
A huge volume of data of complex nature needs to be 
analyzed to carry out informed decision for the design, 
construction, deployment, operation, control and 
management of a network slice so that it can effectively 
satisfy the QoS requirements of a service intended to be 

delivered through it, despite time-varying workloads and 
network conditions. Given the volume of data to be 
processed and time constraints, it is difficult for a human to 
create and operate network slices manually by processing 
the data in a short time. Therefore, it is necessary to 
automate these tasks without requiring human involvement 
in the operation.  
Machine learning helps address the challenges of achieving 
automation in the network setup, control and management 
because it can make predictions and provide suggestions 
based on the results obtained by processing datasets that are 
too large and complex [3]. Machine learning can make the 
execution of agile and adaptive resource allocation policy 
and arbitration of available limited resources possible. It 
can also help in carrying out fast decision with evolutionary 
algorithms in large or incomplete state spaces or non-
stationary systems.  
Related studies on the application of machine learning 
techniques in networking are gradually appearing in 
literature [3-9]. However, most of them are focused on the 
control and management of wireless resources [3-7] and 
network traffic [8]. There is also a proposal for optimizing 
the resource allocation strategies for slicing by the encoding 
of genetic algorithm in binary sequence codes [9]. These 
related works are addressing a specific issue of networking.  
This article, being of tutorial nature, provides a more 
generic explanation of functions involved in the design, 
construction, deployment, operation, control and 
management of 5G network slices from the point of view of 
non-wireless part of the network, and elaborates the 
necessity of their automation. It also provides an overview 
of machine learning techniques that can be applied to the 
automation of network slice control functions. To illustrate 
the application of machine learning in network slice control, 
it also presents a framework of machine learning-based 
dynamic resource adaptation of network functions placed as 
a service function chain in a network slice.  
As an illustration of future workload prediction by 
analyzing the past data and deciding about adjusting the 
slice resources, it presents our preliminary work on the 
application of lasso (least absolute shrinkage and selection 
operator) regression model as a machine learning technique 
[11]. For the analysis, we use actual workload data of the 
public Web server of our institute. The results show that the 
machine learning technique can predict the workload with 
minimum prediction errors. This workload prediction with 
high accuracy would enable us to forecast the resource 
demands and proactively adjust the volume of allocated 
slice resources so that the QoS requirements are always met.  



The main contribution of this article is to highlight the 
essential functions of network slices and discuss the 
applicability of machine learning to enable 5G network 
slice functions to be executed autonomously. This 
discussion can be useful reference material for the 
development of standard technologies for the automation of 
5G network slices using machine learning techniques, 
which is currently a hot topic of discussion in the ITU-T 
Study Group 13 and Focus Group on Machine Learning for 
Future Networks including 5G. This article is an extended 
version of the paper presented at the ITU Kaleidoscope 
conference 2018 [12].  
The remainder of this article is organized as follows. The 
next section gives an overview of 5G network slices and 
related network automation functions. Different machine 
learning techniques for the automation of network slices are 
discussed next. A machine learning-based framework for 
workload prediction and resource adaptation and the results 
obtained from the sparse regression analysis of real-life 
data for workload prediction are also discussed. The last 
section concludes this article.  
 

2.   5G Network Slices Overview 
Figure 1 shows an example of three network slices created 
by the virtualization of the physical network infrastructure 
to offer three types of services. 4K video, virtual reality 
(VR) and augmented reality (AR) services that require high 
bandwidth are provided in the network slice constructed for 
eMBB. Smart meters and environment sensors that exist in 
a huge number are connected through the network slice 
constructed for mMTC services. Similarly, automated 
driving vehicles and remote surgery equipment that require 
ultra-low latency are connected through the network slice 
constructed for URLLC services.   
Network slicing is one of the key features of the 5G/IMT-
2020 networks. The design considerations for the 5G 
system architecture specified in ITU-T Recommendations 
and 3GPP Technical Specifications include the support of 
network slices by leveraging SDN and NFV techniques, 
network capability exposure, common interfaces to support 
access network agnostic common core network, separation 
of control and data planes, and efficient support of various 
mobility requirements [1, 2]. 

Network slices are constructed in virtualized network 
resources (also known as network function virtualization 
infrastructure or NFVI), which are elastic and their amount 
can be dynamically adjusted. Each network slice will host a 
service function chain (SFC), constituting of an ordered list 
of connected network functions, such as firewall, network 
address translator, router, traffic shaper or optimizer, cache 
servers, and webservers connected. Unlike the conventional 
networks in which network nodes (e.g., routers) contain 
only limited resources to perform predefined packet 
forwarding functions while the end nodes (e.g., servers) 
contain plenty of computation and storage resources, the 
virtualized network slices can have plenty of computation 
and storage resources in network nodes too. These 
virtualized network nodes host network functions such as 
directory service, content caching, media transcoding, 
traffic engineering and in-network data processing, besides 
the conventional routing and forwarding functions. New 
nodes can be added or their resources can be increased 
dynamically as demanded the scaling of network functions.  
Three stakeholders are expected to involve in the 
deployment, operation and usage of network slices: 
infrastructure providers, virtual network operators (VNO), 
and application service providers or vertical industry [13]. 
Infrastructure providers own physical substrate networks 
(i.e., the NFVI) consisting of the edge network, core 
network and data centers, and possess a huge amount of 
networking (i.e., link bandwidths and buffer size) and 
computing (i.e., CPU, memory and storage) resources. The 
substrate network is equipped with NFV and SDN 
capabilities so that it can be sliced and allocated to different 
virtual network operators. An application service provider 
is an entity in the vertical industry that offers application 
services (e.g., automated driving and smart metering) to 
customers over the network slices. VNO installs necessary 
network functions, protocols, customer registry and 
software platform on leased virtualized resources. It 
deploys the network slices for the application services and 
regularly monitors the performance to check if currently 
allocated resources are appropriate in amounts to process 
the given workload. If it determines that resources need to 
be adjusted, it sends resource adjustment requests 
containing the amounts of required resources to the NFVI.  

 

 

Figure 1.  Three types of services offered through three 5G network slices. 

 



 

3. Network Automation Functions 

This section describes network functions requiring 
automation through the use of machine learning techniques. 
These functions are shown in Fig. 2 and described below. 
  
3.1 Planning and design 

Planning and design of end-to-end network slices to satisfy 
diverse and distinct service requirements, for example, 
ultra-low latency for URLLC and very high and stable 
throughput for eMBB services, requires processing lots of 
information coming from the items listed below.  

- User requirements 
- Service requirements 
- Operation environment (e.g., energy consumption) 
- Business goals 

 
3.2 Construction and deployment 

After planning and design, the network slice construction 
and deployment phase comes into effect. In this phase, the 
virtual network operator determines the optimal slice 
topology and amount of computing and networking 
resources for each network function and link so that the 
given service requirements are perfectly met. The virtual 
network operator sends a request to the NFVI to obtain the 
required amount of resources. Since multiple slices can co-
exist in the same physical infrastructure node, the long- or 
short-term resources availability should be taken into 
account depending on the nature of intended services, so 
that the frequent slice reconfiguration would not happen 
that may interrupt in service quality.   
In the deployment phase, the virtual network operator 
places virtual network functions on appropriate nodes that 
have a sufficient amount of required resources. This process 

is also called service function chaining, which is 
orchestrated from a centralized controller. 
 
3.3 Operation, control and management  

Operation and management is the most human resource-
demanding task in the conventional network service 
business. Automation of operation, control and 
management would surely help in cutting down the cost 
significantly. The slice monitoring, fault detection and 
security functions provide input information required by the 
operation, control and management tasks. The following 
functions are performed for the operation and management 
of network slices. 

- On-demand resource allocation: The elastic virtualized 
computing (e.g., CPU, memory, storage) and network 
resources (e.g., buffer space, link bandwidth, optical 
wavelength, radiofrequency or time slots) are 
allocated on demand to network slices. 

- Dynamic resource adjustment: The virtualized 
resources of each slice are elastic and can be adjusted 
dynamically on the basis of their current utilization 
and corresponding impact on the network slice 
performance. 

- Policy adaptation: Policies for the on-demand 
allocation or arbitration of limited resources among 
multiple network slices for different services are 
required to be dynamically adapted based on the 
severity of performance degradation or business 
impact due to lack of sufficient resource for some 
services. For example, if limited resources are shared 
between emergency services and entertainment 
services, the resource arbitration is executed with 
higher priority given to the emergency services when 
their demand increases due to the occurrence of a 
natural disaster. 

- Mobility: 5G networks are introducing more flexible 
multiple-tier mobility management states that can be 

 

Figure 2.  Functions involved in network automation. 
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tailored to the nature of devices and services 
demanded by various types of vertical industries. For 
example, some immobile user equipment, such as 
mMTC sensor devices, are not frequently probed by 
the network for their stringent energy efficiency and 
allowed to update location only when they enter a 
specific region. Each slice can have its mobility 
management strategy.  

 
3.4 Monitoring, fault detection and network security 

Monitoring is an integral part of operation and management. 
Due to the coexistence of various slices in each physical 
node, the monitoring task would be very heavy if it is not 
properly handled by new tools of machine learning, e.g., to 
summarize data by processing them closer to the 
monitoring points. Monitoring includes functions for the 
acquisition of system logs, performance metrics, traffic 
patterns, and user behavior. Fault detection and network 
security functions analyze monitoring data for the detection 
of usual/unusual behavior of users and traffic, and taking 
appropriate actions. Network security functions also 
analyze monitoring data about traffic patterns and types 
(possibly through deep packet inspection) for the 
identification of security threats, isolation of infected 
components, and blocking of suspicious users. 
 
To realize the automation of above functions, there are 
challenges due to the ever-increasingly complex 
configuration of network slices, creation of network slices 
on-demand and service provisioning through the interaction 
within the network system itself and outside environment. 
The volume of performance measurement data produced by 
such complex networks would be too large and complex to 
process manually by human operators. 
  

4. Machine Learning in Networks  

 Machine learning techniques are useful for automation of 
various functions of network services; mainly, planning and 
design, operation, control and management, monitoring, 
fault detection, and security. They enable the machine to 
recognize patterns and anomalies that human may not 
notice or take an unacceptably long time. Table 1 shows the 

list of relevant machine learning algorithms for the 
automation of various network functions.   
 
4.1 Planning and design  

Planning and design involve decision making based on 
information about service requirements and expected user 
behavior. The design process can exploit machine learning 
techniques for data acquisition (extracting relevant data), 
processing data for knowledge discovery, and using the 
knowledge for reasoning and decision making [7]. 
Supervised learning techniques, such as support vector 
machine and gradient boosting decision tree, and 
unsupervised learning, such as spectral clustering, can be 
used for classifying a new service in one of eMBB, mMTC, 
and URLLC categories based on the requirements in terms 
of bandwidth, latency, and bit-error-rate. Similarly, Q-
learning algorithm of reinforcement learning can be applied 
for reasoning to determine the appropriate values of 
parameters for the optimal network setup. It would help in 
designing network slices that would be suitable for 
continuously evolving new services and use cases by 
provisioning the optimal amount of resources.  
 
4.2 Operation and management  

Operation and management tasks aim for the efficient use 
of resources, while optimally satisfying the service and user 
requirements all the time. They require to understand 
variations in system states, learn uncertainties, 
(re)configure the network, forecast immediate challenges, 
and timely suggest appropriate solutions. The resource 
allocation and control take into account the node 
computation capacity, link bandwidth, radio spectrum, and 
available energy. They require clustering cells (for 
frequency allocation and power management), users and 
devices for intelligent mobility management or establishing 
device to device (D2D) networks for optimal spectrum and 
energy utilization. Unsupervised learning techniques such 
as K-means clustering are suitable for this purpose. As we 
explain later, application of sparse regression (often called 
regularization in machine learning) or support vector 
regression is effective for the future resource usage 
prediction.  



Similarly, deep neural network (DNN) is effective to 
control heterogeneous network traffic and achieve the high 
throughput of packet processing [8]. Recurrent neural 
network (RNN) and reinforcement learning can be applied 
to the selection of appropriate parameters for network 
reconfiguration and dynamic adjustment of resources such 
as channels. Smart reconfiguration of parameters for faster 
adaptation of services is very important for 5G because the 
number of configurable parameters in 5G would be fairly 
large, 2000 or more [4]. Bandwidth control for eMBB and 
latency control for URLLC services can be performed with 
reinforcement learning and neural networks. Reinforcement 
learning, especially multi-armed bandit, can be used to 
model a resource arbitration problem in which a limited 
amount of resources have to be proportionally allocated to 
contending services, whose properties are only partially 
known at the time of resource allocation [6]. 
 
4.3 Monitoring, fault detection and network security  

Monitoring, fault detection and network security are consist 
of functions for collecting huge amounts of syslog and 
performance measurement data, classification and 
clustering of data for contextualization, forecasting 
usual/unusual user behavior and network resource 
utilization trend. For these purposes, supervised learning 
algorithms such as support vector machine, logistic 

regression and deep neural network, and unsupervised 
learning algorithms such as spectral clustering, K-means 
clustering and principal component analysis are applicable. 
Supervised algorithms such as logistic regression can be 
used to predict unusual behavior of devices or users by 
analyzing their traffic characteristics. Deep neural network 
would help in detecting unprecedented security threats that 
may come up with new types of services. Unsupervised 
algorithms such as principal component analysis and 
independent component analysis are useful for the detection 
of network anomaly because they can easily identify 
statistically unusual behavior by analyzing system 
operation data. Similarly, traffic analysis by various 
unsupervised learning techniques can help in intrusion 
detection and avoiding spoofing attacks.  
In Table 1 and above discussion, although we have 
mentioned only about the classical machine learning 
algorithms, they can be modified for improving accuracy, 
reducing complexity, or their trade-off, and making them 
more suitable when applying to the network automation. 
 
4.4 Resource adaptation with machine learning 

To integrate machine learning in network slice operation 
and management, this section presents a machine learning-
based dynamic resource adaptation framework. Resource 
adaptation is carried out by analyzing the workload, 

Network 
functions 

Machine learning techniques Purposes 

Planning and 
design 

Supervised learning: 
           Support vector machine 
           Gradient boosting decision tree 
Unsupervised learning: 
           Spectral clustering 
Reinforcement learning: 
           Q-learning 

- Classification of service requirements 
- Forecasting trend, user behavior 
- Configuration of parameters 

Operation and 
management 

Supervised learning: 
           Support vector regression 
           Deep neural network 
           Recurrent neural network 
           Sparse regression (regularization) 
Unsupervised learning: 
           K-means clustering            
Reinforcement learning: 
           Q-learning, multi-armed bandit 

- Clustering cells, users, devices 
- Prediction of resource usage 
- Routing, forwarding, traffic control 
- Decision making for dynamic resource control, policy 

formulation  
- Reconfiguration of parameters 

Monitoring Supervised learning: 
          Support vector machine 
          Deep neural network  
Unsupervised learning 
          Spectral clustering 
          K-means clustering 

- Clustering of syslog data 
- Classification of operation modes 
- Forecasting resource utilization trend  

Fault detection Supervised learning: 
         Logistic regression 
         Bayesian networks  
Unsupervised learning: 
         Principal component analysis 
         Independent component analysis 

- Classification of operation data  
- Detection of network anomaly 
- Predicting unusual behavior 

Security Supervised learning: 
         Deep neural network 
Unsupervised learning: 
         Principal component analysis 

- Clustering users and devices 
- Detecting malicious behavior 
- Intrusion detection 

Table 1.  Network functions and relevant machine learning algorithms. 



performance and resource utilization monitoring data by 
machine learning techniques.  
The objective of resource adaptation is to dynamically 
adjust the amount of resources allocated to a network 
function on the basis of regular monitoring of its workload, 
performance and resource utilization so that it would be 
able to always meet the QoS requirements despite 
fluctuation in workload and available network resources 
(e.g., due to node failure). Service function chaining (SFC) 
deals with the placement of network functions (NF) that are 
required by the service provided in the network slice.  
Figure 3 illustrates the resource adjustment framework, 
which is consist of the physical network and resource 
controller. Two network slices are configured by the 
virtualization of the physical network (i.e., in the NFVI). 
Network slice #1 deploys SFC #1 that contains three 
network functions: NF #1-a (e.g., firewall), NF #1-b (e.g., 
media converter), and NF #1-c (e.g., webserver). Similarly, 
network slice #2 deploys SFC #2 that also contains three 
network functions. Each network function is deployed in a 
virtual container (or virtual machine), which can be 
allocated with the required amount of CPU, memory, 
storage and bandwidth resources from the available pool of 
the underlying NFVI. The amount of allocated resources 
can be dynamically adjusted by using the NFVI system 
commands.  
The resource controller contains the machine learning-
based resource adaptation mechanism for the adjustment of 
resources allocated to each network function of the SFC. It 
obtains the network slice monitoring data such as workload 

(e.g., service request arrival rate and data traffic rate), 
performance metrics (e.g., response time) and resource 
utilization (e.g., the percentage of allocated CPU cycles in 
use), and feeds these measurement data to machine learning 
algorithms to make the decision for resource adaptation. As 
shown in Fig. 3, the machine learning-based resource 
adaptation mechanism consists of four functional blocks: 
performance and resource usage analysis, resource 
arbitration, network function migration, and network slice 
reconfiguration. The last three blocks are grouped as 
“multi-stage resource control” functions, while the first 
block is “analysis” function. The analysis function takes 
measurement or telemetry data from each network slice as 
input. It processes the data by using machine learning 
techniques such as sparse regression and support vector 
regression to infer about the operational condition of the 
system such as if the currently assigned resources are 
enough and if the performance is meeting the QoS 
requirements. Both reactive (posterior) and proactive (prior) 
resource control can be carried out. For reactive control, the 
analysis function only needs to decide about the required 
amount of resources to be allocated in the next time slot 
based on the analysis of measurement data of the current 
time slot. On the other hand, for proactive control, the 
analysis function predicts resource usage (e.g., CPU 
utilization) of a future time slot. 
Based on the output from the analysis function, one of the 
multi-stage resource control functions is executed [13]. 
Each of these functions can be performed in various ways. 
To decide about the most appropriate way, these functions 
require processing sample data related to service 

 

Figure 3. Dynamic resource adjustment of service function chaining with machine learning. 
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requirements, amount of available and used resources in the 
NFVI, performance metrics, etc. Machine learning 
techniques such as recursive neural network and deep 
neural network as well as reinforcement learning are 
expected to be useful. They could make the data processing 
of resource control tasks agile and efficient by avoiding the 
system from being unstable because of the unnecessarily 
high frequency of resource adjustments.  
The resource arbitration function is executed when two or 
more network slices share the limited available resources of 
the same node. Resource arbitration decides about the 
priority of a network slice over the others for resource 
allocation by analyzing the importance and requirements of 
the intended services. For example, in Fig. 3, if network 
slice #1 is for delivering a disaster rescue support service 
created in emergency and network slice #2 is for an 
entertainment video service, the former would get more 
priority on resources over the latter, assuming that they 
both acquire resources from the same NFVI nodes.  
In case the resource arbitration cannot satisfy the resource 
requirements of a network function due to limited available 
resources in the NFVI node currently hosting the network 
function, the network function is migrated to the other node 
that already lies in the SFC path. Since the migration 
function moves the network function (e.g., NF #2-b) from 
one node to the other (e.g., the node that is hosting NF #2-c) 
that has enough available resources in the same slice, it 
does not invoke any configuration changes in the NFVI 
level.  
In case the migration function also cannot meet the resource 
requirements of the network function, the slice is 
reconfigured by including new NFVI nodes that have 
enough available resources (e.g., network slice #2 
containing SFC #2 is reconfigured as network slice #2’). 
The network slice reconfiguration function takes a longer 

time than the previous two functions because it requires to 
perform interactions with the NFVI to acquire NEW 
resources as well as reconfigure the SFC path and 
underlying routing topology.   
 

5. Workload Prediction with Machine 
Learning 

This section presents the results obtained from the 
application of the lasso regression model as a machine 
learning technique for the workload prediction of our 
institute’s public Web server by using the past data. Highly 
accurate prediction of workload helps in forecasting the 
network resources demand and adjusting in advance so that 
QoS maintained, while optimally utilizing the allocated 
resources all the time. Figure 4 shows the sample data of 
one-day workload (from 0:00 to 23:59 on 19th July 2017), 
where the vertical axis is the number of Web access 
requests coming to the Web server in every minute and the 
horizontal axis is the time in minute starting from 0:00. As 
training and testing sample data, we selected and used 35 
days’ data measured from December 2016 to August 2017.  
Although the dataset used in this experiment was obtained 
from the Web server deployed in a physical machine, this 
workload would be equally valid when the Web server is 
deployed as a network function on NFVI.  
Considering the sparsity of data, we selected the lasso 
regression model, which has been widely studied in 
statistics and machine learning [11]. The sparsity of data 
indicates that only a small portion of data is meaningful for 
an intended analysis, such as prediction and detection of a 
feature, although the dataset itself is massive. Lasso can 
perform both important variable or feature selection and 
regularization to reduce the prediction errors and make the 
statistical model it produces interpretable.  

 

Figure 4.  Sample data of the number of access to Web server (average of every minute) measured on 19th July 2017.  
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The available data samples that are used to train the lasso 
regression model are called explanatory variables, while the 
items that have to be predicted or detected are called 
objective variables. The loss function of the lasso is 
expressed in the least mean square error (LMSE), which is 
given by Eq. (1).  

LMSE ∑ Zμ 	Yμ λ∑ | |
μ

 (1) 

Here Zμ is the actual observed value of objective 
variable and Yμ is the predicted value of the objective 
variable, which is calculated by Eq. (2). 

∑                  (2) 

Here xμ(i) is the observed value of ith explanatory 
variable in μth day, where μ ∈ (1, 2, …, D=35) in our 
experiment and w(i) is the coefficient of ith explanatory 
variable. λ is a regularization parameter, b is an intercept 
coefficient and v is the number of explanatory variables. In 
the training phase, lasso sets the value of w(i), λ and b 
parameters in such a way that LMSE is minimized.  

The second term in Eq. (1) is called the regularization 
term. It takes the absolute values of coefficients into 
account. This type of regularization can result in zero value 
of coefficients. Consequently, some explanatory variables 

can be completely neglected for the evaluation of LMSE. In 
this way, lasso not only avoids over-fitting of the model but 
also helps in feature selection (i.e., selection of the 
important explanatory variables). If λ = 0, the regularization 
term vanishes from prediction error calculation and the 
model becomes equivalent to the least squares method 
(LSM), which we use for performance comparison. 

 
  5.2 Algorithm for feature selection  

We applied the lasso regression model to predict the 
average number of access to the Web server in the period of 
an hour from 12:00 to 12:59 (which was set as the objective 
variable) by using the sample data of 7:00-11:29 (which 
were set as the explanatory variables). We have designed an 
algorithm for the feature or most important explanatory 
variables selection from the available data because trying 
all them for training the system would take too much time. 
Moreover, as reported in a prior study [14], selecting a 
smaller set of explanatory variables by applying lasso and 
then using the smaller set of important explanatory 
variables would help in further reducing the prediction 
errors.  
Figure 5 shows the algorithm in a flow chart. In the 
initialization state, we set the initial duration of explanatory 

 

Figure 5.  Algorithm for feature or important explanatory variable selection.  
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variables and the objective variable. The explanatory 
variables are dataset representing the numbers of access to 
the Web server in the time period starting from h1:m1 to 
h2:m2 where h1 and h2 represent the hours of the day (h1<h2) 
and m1 and m2 represent the minutes. Initially, the longest 
possible period is selected because the algorithm yet does 
not know about the optimal time period for explanatory 
variables. Considering DS minutes as the duration of a slot, 
the number of slots NS is expressed as (h2 × 60 + m2 – h1 × 
60 + m1) ÷ DS. The objective variables are the average 
number of access to the Web server in a specified time slot, 
which is different from the time slots of explanatory 
variables. In the initialization state, the lasso is applied on 
the explanatory variables of all slots and the LMSE is 
measured.  
The algorithm then enters into the feature selection cycle 
state. It examines if removing data of a slot in each cycle 
from the explanatory variables can lower the new value of 
LMSE. We may apply different approaches to remove data 
from the explanatory variables. This algorithm adopts the 
following approach: preferentially removing the data of 
starting or the earliest slot if the remaining explanatory 
variables produce lower LMSE, otherwise, removing the 
data of the last or the latest slot. In this way, the algorithm 
starts with removing the data of the earliest time slot (in 
base stage) and applying lasso on the remaining 
explanatory variables to measure the LMSE. It checks if the 
new value of LMSE is lower or has not changed. If it is true, 
the algorithm goes to the base stage again and repeats the 
same step of removing the next earliest slot data from 
explanatory variables and measuring the LMSE. If it is not 
true, the algorithm reverts the time slot of data to the 
previous state. It removes data of the latest time slot and 
applies lasso on the remaining explanatory variables to 

measure the new LMSE. It again checks if the new value of 
LMSE is lower or has not changed. If it is true, the 
algorithm goes to the base stage again and repeats the step 
of removing data of the earliest time slot. If it is not true, 
the algorithm reverts the time slot of explanatory variables 
to the previous state. The algorithm terminates with the 
selection of most important explanatory variables, which 
cannot be omitted from the training data because they yield 
the optimal prediction accuracy.  
 
5.3 Experimental results 

To perform experiments, we used MATLAB installed in a 
computer equipped with 2.70 GHz and 2-core/4-thread 
CPU, 8 GB memory, and Windows 10 Professional OS (64-
bits). To select the most important explanatory variables 
from the sample data of 270 minutes by applying the 
algorithm described in the previous section, we divided the 
dataset into nine slots (i.e., slot duration of 30 minutes). 
The time slots of the explanatory variables are 7:00-7:29, 
7:30-7:59, …, 10:30-10:59, and 11:00-11:29. The 
algorithm determines the time period of important 
explanatory variables as one or multiple continuous slots 
through the iterative learning process.  
We adopted a 7-fold cross validation approach by diving 
the 35 days’ sample data into seven blocks. The six blocks 
were used as training data and the remaining one block was 
used for testing. That is, lasso was executed in seven 
different trials, each time with the combination of six 
training and one testing dataset. The value of λ was set in 
the range of 0 and 200 with the step size of 0.2. Thus, lasso 
examined 1000 values of λ and found the optimal value that 
minimized the LMSE.  
After performing the iterative learning and testing, we 

 

Figure 6.  Prediction error versus the size of explanatory variables by changing the starting time of sample data.  
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measured the LMSE of lasso and LSM and plotted in Fig. 6. 
The graph shows the LMSE versus the starting time of 
explanatory variables. It is clear that lasso reduced the 
average values of LMSE (shown by black circular dots) by 
more than 40% in comparison with the LSM (shown by 
black triangular dots). We also observed that LMSE 
continuously decreased as we removed the explanatory 
variables of the earlier slots step by step until the first slot 
started from 10:00. As we removed the data of this slot and 
used remaining data (i.e., of the period 10:30-11:29) as 
explanatory variables, LMSE started increasing. In this case, 
our algorithm removed the last slot (e.g., 11:00-11:29) data 
and repeated the learning process. 
The new results are shown by blue dots in the graph. We 
observed that the lowest value of LMSE was obtained for 
the explanatory variables of the duration 10:00-10:59. In 
this case, lasso reduced the average value of LMSE by 
about 50% than LSM. This is because of the reason that 
lasso mitigates overfitting of learning by selecting a smaller 
number of important explanatory variables, thus reducing 
the prediction errors.  
Next, we describe how the important explanatory variable 
selection algorithm could drastically minimize the time 
required by the learning process. If we try all combinations 
of explanatory variables of different time slots in the period 
of 7:00-11:29, the total number of trials would be 9C1 + 9C2 
+ … + 9C9 = 521, which is too large and the learning 
process would take a very long time. For example, in our 
experiment, one trial took minimum of 10 seconds (and 
maximum of 20 seconds). Thus, the total time required for 
the learning process would be at least 5210 seconds, which 
is about one hour and a half.  
To estimate the time saved by the proposed important 
explanatory variable selection algorithm, we determined the 
number of iterations executed in the learning process. Fig. 7 
illustrates the number of iterations for determining the time 
period of target explanatory variables. In the initial state, 
the period was set to 7:00-11:29. The algorithm 
preferentially removed the earliest slot data in each cycle of 
iterative learning as long as the prediction error became 
lower every time. This step continued until the prediction 
error started becoming higher by removing the data of a slot. 
In our evaluation, the error became higher when removing 
the data of 9:30-9:59 slots and using the remaining data of 
10:00-11:29 as explanatory variables. In this stage, the time 
period was reverted to the previous state (i.e., explanatory 

variables were taken from the period of 9:30-11:29). Then 
the algorithm tried to remove data of the latest slot of 
11:00-11:29 and executed lasso. Since the new prediction 
error became lower, the explanatory variables time period 
changed from 9:30-11:29 to 9:30-10:59. In the next state, 
the algorithm removed the data of 9:30-9:59 slot and 
applied lasso on remaining explanatory variables. Since the 
new value of prediction error was lower, the new range of 
explanatory variables was set as 10:00-10:59. At this stage, 
as both the elimination of the starting slot (i.e., 10:00-10:29) 
and the ending slot (i.e., 10:30-10:59) made the prediction 
error higher, the algorithm terminated by returning 10:00-
10:59 as the period of target explanatory variables.  
As illustrated above, our algorithm required only 11 
iterative learning trials, which would take about 110 
seconds to execute in the experiment environment. This 
time is about 98% less than the time taken by the 521 
random trials. This reduction in the time taken by the 
learning process would help us to make the network control 
system more agile and capable to dynamically adjust the 
server resources based on workload prediction. 
 

6. Conclusion 

This article presented the 5G network slicing scenarios and 
related network functions. It discussed the candidate 
machine learning techniques that can be applied for the 
automation of network slices. It presented a machine 
learning-based framework for the operation and 
management of network slices by continuously monitoring 
workload, performance, and resource utilization, and 
dynamically adjusting the volume of resources allocated to 
network slices. Preliminary results of the workload 
prediction accuracy obtained by analyzing real-life data 
collected from a Web server with the sparse regression 
model were also discussed.  
In future work, machine learning models and experiments 
will be extended to incorporate multi-dimensional sample 
data including information about not only the workload 
(e.g., number of access to the Web server), but also 
performance (e.g., response time) and resource utilization. 
The prediction of future workload will be translated into the 
prediction of future resource demand, and, accordingly, the 
resource adjustment will be carried out. Adjustment of 
multiple types of resources (e.g., CPU, storage, and 
bandwidth) simultaneously will also be explored. 

 

Figure 7.  Iteration steps for determining time period of target explanatory variables. 
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