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ABSTRACT 
Machine learning has the capability to provide simpler 
solutions to complex problems by analyzing a huge volume 
of data in a short time, learning for adapting its 
functionality to dynamically changing environments, and 
predicting near future events with reasonably good 
accuracy. The 5G communication networks are getting 
complex due to emergence of unprecedentedly huge 
number of new connected devices and new types of services. 
Moreover, the requirements of creating virtual network 
slices suitable to provide optimal services for diverse users 
and applications are posing challenges to the efficient 
management of network resources, processing information 
about a huge volume of traffic, staying robust against all 
potential security threats, and adaptively adjustment of 
network functionality for time-varying workload. In this 
paper, we introduce about the envisioned 5G network 
slicing and elaborate the necessity of automation of 
network functions for the design, construction, deployment, 
operation, control and management of network slices. We 
then revisit the machine learning techniques that can be 
applied for the automation of network functions. We also 
discuss the status of artificial intelligence and machine 
learning related activities being progressed in standards 
development organizations and industrial forums.    

Keywords— Machine learning, artificial intelligence, 
5G network, slicing, standardization  

1. INTRODUCTION

The 5G networks are expected to enable ultra-high-speed 
data transmission (about 10Gbps) that would be about 1000 
times the speed of current LTE networks, connect massive 
number of devices that would be 10-100 times the number 
of existing mobile phones, ultra-low latency (about 1ms) 
that would be 5 times lower than the latency of LTE 
networks, and highly energy efficient with 10 times longer 
battery life [1]. They should be possessed with the 
capability to satisfy the diverse requirements of various 
services for the fully connected smart society, such as 
enhanced mobile broadband (eMBB), massive machine type 
communication (mMTC), and ultra-reliable and low latency 
communication (URLLC). Since each of these services 
requires different types of network capabilities (e.g., eMBB 
services require very high bandwidth and mMTC services 
require ultra-dense connectivity), they cannot be provided 
effectively over a single homogeneous network. Therefore, 
5G networks are being enabled with the capability of the 
on-demand constructions of network slices with sufficient 

resources by using network function virtualization (NFV) 
and software defined networking (SDN) technologies. A 
network slice is configured and controlled dynamically by 
software, which is also called network softwarization [2]. 

A huge volume of data of complex nature need to be 
analyzed to carry out smart decision for the design, 
construction, deployment, operation, administration and 
management of a network slice so that it can effectively 
satisfy the quality of service (QoS) requirements of the 
service intended to be delivered through it, despite time-
varying workloads and network conditions. It is difficult 
for a human to create and operate network slices manually 
by processing the large volumes of data in a short time. 
Therefore, it is being necessary to automate these tasks. 
Machine learning techniques are enabler for the automation 
of network slicing functions. Machine learning has the 
capability of sensing (e.g., anomaly detection), mining (e.g., 
service classification), prediction (e.g., forecasting user or 
traffic trend), and reasoning (e.g., configuration of system 
parameters for adaptation) [3]. Namely, it has capabilities 
to analyze a huge volume of data in a very short time, learn 
to adjust the system to time-varying environments, make 
prediction of future events with reasonably good accuracy, 
and prescribe proactive solutions.  

Machine learning has been considered for the automation 
of various functions of network operation and management, 
such as resource management, on-demand and adaptive 
network configuration, service creation and orchestration, 
fault detection, security, mobility management, user 
experience enhancement, and dynamic adjustment of policy 
[3]. Recent advancements in big data, cloud computing, 
cyber physical systems (CPS), and Internet of Thing (IoT) 
have become enabler for the realization of artificial 
intelligence (AI) and machine learning based network 
control and management technologies [4].  

In this paper, we describe the envisioned 5G network 
slicing and elaborate the necessity of automation of 
network functions for the design, construction, deployment, 
operation, control and management of network slices. We 
then provide an overview of machine learning techniques 
that can be applied to the automation of network functions. 
We also discuss the status of artificial intelligence and 
machine learning related activities being progressed in 
various standards development organizations (SDO) and 
industrial forums. The main contribution of this paper is to 
highlight the essential functions of network slicing and 



discuss the applicability of machine learning to enable the 
5G slicing functions to be executed autonomously. This 
discussion can be useful reference material for the 
development of standard technologies for the automation of 
5G network slicing functions by using machine learning 
techniques.  
 
The remainder of the paper is organized as follows. Section 
2 gives an overview of 5G network slicing. Section 3 lists 
network automation functions, and Section 4 gives an 
overview of machine learning techniques for the 
automation of network slicing. Section 5 outlines the AI 
and machine learning activities being pursued in various 
SDOs and industrial forums, and Section 6 concludes this 
paper.  

2.   5G NETWORK SLICING 

Network slicing is the key design concept being introduced 
in 5G/IMT-2020 networks. The design consideration for 
IMT 2020 network architecture specified in ITU-T 
Recommendation Y.3102 are network capability exposure, 
separation of control and data planes, common interfaces to 
support access network agnostic common core network, 
and efficient support of various mobility requirements [2]. 

 
Figure 1 illustrates the structure of virtualized networking 
environment, considering three stakeholders: infrastructure 
provider, virtual network operator (VNO), and application 
service provider [5]. The virtualized resources are elastic in 
nature so that their amount can be dynamically adjusted. 
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 functions 
such as directory service, caching, media transcoding, 
traffic engineering and in-network data processing, besides 
usual data forwarding functions. New nodes can be added 
or their resources can be increased dynamically as demand 
for the scaling of network functions.  
 
Infrastructure providers own physical substrate networks 
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. Edge networks are 
composed of equipment for collecting, processing, and 
transmitting data to/from various terminals such as PCs, 
mobile/smart phones, vehicles, robots, sensors, and other 
IoT devices. The substrate network is equipped with NFV 
and SDN capabilities so that it can be sliced and allocated 
to virtual network operators.  
 
An application service provider is the entity that offers 
application services (e.g., automated driving and smart 
metering) to customers by using a virtual network slices 
operated and managed by a VNO. For this purpose, it 
provides service requirements (e.g., number and types of 
devices to be connected, application type, and reliability) to 
the VNO. 
 
The VNO analyses the application’s QoS requirements and 
determines about the supporting network capabilities, 
functions and protocols. It translates the application’s QoS 
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Figure 1.  The concept of network slicing for 5G services. 



requirements in terms of network performance metrics such 
as network latency, packet loss rate, and bandwidth. These 
requirements are mapped into a virtual topology containing 
the required amount of computing and networking 
resources. The VNO then sends a network resource request 
containing the logical topology and required performance 
metrics to the infrastructure provider to lease the required 
amount of virtualized resources.  

Infrastructure provider performs mapping of the logical 
network topology onto the virtualized resources of 
substrate networks. This mapping process is also referred to 
as virtual network embedding. Infrastructure provider 
allocates the requested amount of virtualized resources and 
provides the corresponding resource control and 
management interfaces to VNO.   

VNO installs necessary network functions, protocols, 
customer registry and software platform on the leased 
virtualized resources. It then deploys the virtual network 
for the application service and regularly monitors the 
performance to check if currently allocated resources are in 
appropriate amounts to execute the necessary network 
functions 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 infrastructure provider. Alternatively, 
infrastructure provider may regularly monitor the utilization 
of virtualized resources and adjusts the resource amount 
according to the service level agreement made with VNOs. 
To monitor and adjust resources, infrastructure provider 
uses network and node virtualization tools such as 
OpenFlow and OpenStack.  Open Networking Lab 
(onlab.us) to develop open and innovative technology 
called Open Network Operating System (ONOS) on top of 
commodity hardware.   

Thanks to the technologies of NFV and SDN, each type of 
IoT service can be deployed in a distinct network slice 
configured with the appropriate amount of resources leased 
from the substrate networks of one or several infrastructure 
providers. For example, autonomous cars, social 
networking services and sensors/actuators of environment 
and weather monitoring services in Fig. 1 are connected to 
three different network slices. These slices are 
independently configured, deployed, and operated either by 
the same or different virtual network operators. 

Since most steps involved in construction of a 
telecommunication network currently require manual 
operations, it takes about two weeks in most cases to 
complete the construction and start serving customers [6]. 
Similar amount of time would be required to construct a 
network slice if the operations are carried out manually. 
Therefore, automation technologies for the construction, 
deployment, operation, monitoring, and control are 
essential to shorten the time for on-demand construction of 
a network slice and enable faster roll out of new IoT 
services. Automation technologies would also help in 
dealing with the shortage of skilled manpower or avoiding 
human errors in the tedious manual operations. The 
autonomous functions carry out resource abstraction, 
allocation, arbitration, adjustment, and adaptation. These 
functions enable network slices to adapt to dynamic 
network environments (i.e., changing workload, customer 
base, and link quality). AI and machine learning based 
methods play a key role for enabling the automation of 
network control and management. 

3. NETWORK AUTOMATION FUNCTIONS

In this section, we describe network functions that need to 
be automated by using machine learning techniques. These 
functions are shown in Fig. 2 and described below. 
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Figure 2.  Functions for network automation. 



  
3.1 Planning and design 
Planning and design of end-to-end network slices with the 
objective of satisfying 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 the planning and design, the network slice 
construction and deployment phase comes into effect. In 
this phase, the VNO determines the optimal network 
topology and amount of computing and networking 
resources for each node and link so that the given service 
requirements are perfectly met. The VNO sends request to 
the infrastructure provider to obtain the necessary amount 
of resources. 
In the deployment phase, the VNO places virtual network 
functions (VNF) on appropriate nodes that have sufficient 
resources required by the functions. This process is also 
called service function chaining (SFC), which is 
orchestrated from a centralized controller. 
 
3.3 Operation and management  
Operation and management is the most human resource 
demanding task in the networking business. Automation of 
operation, control and management helps in cutting down 
the cost significantly. The 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. 

- Dynamic resource allocation: The elastic virtualized 
computing and network resources (e.g., optical 
wavelength and radio frequency/time slots) are 
allocated on demand based on the number of active 
users or service demand. 

- Resource adjustment: The elastic resources are 
adjusted dynamically on the basis of the values of 
their current utilization and corresponding impact in 
the network performance. 

- Policy adaptation: The policies for the allocation or 
arbitration of limited resource between different types 
of network slices are dynamically adopted on the basis 
of the severity of performance degradation or impact 
in business in case of insufficient resource allocation. 
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. 

- Mobility: 5G network is introducing more flexible 
multiple-tier mobility management states that can be 
tailored to the nature of devices and services 
demanded by 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. 

 
3.4 Monitoring  
Monitoring is integral part of operation and management. It 
performs the following tasks. 

- Acquisition of system logs and performance metrics  
- Analysis of workload (traffic) by using performance 

models and metrics  
- Classification of resource utilization status (e.g., high, 

moderate, and low) 
 

3.5 Fault detection  
Fault detection is also an integral part of operation and 
management runs continuously in the system to carry out 
the following tasks: 

- Analysis of syslog, classification into normal and 
faulty stage 

- Detection of usual/unusual behavior of users and 
traffic 

- Localization of fault 
- Measures for recovery 

 
3.6 Security  
Security is a very important issue in operation and 
management. The security system performs the following 
tasks: 

- Traffic analysis, deep packet inspection 
- Identification of security threats 
- Isolation of the infected component 

To realize the automation of above functions, there are 
challenges of ever-increasingly complicated configuration 
of network slices on-demand and the service provisioning 
through the interaction within the network system itself and 
with outside operating 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 helpful for addressing the 
challenges of achieving automation in the network setup, 
control and management. They provide useful analytics to 
extract valuable information from raw data and generate 
insightful advices and predictions. Machine learning 
enables machines to improve performance, make decision 
with reasoning, creating and exploiting knowledge. It 
makes predictions and provides suggestions on the basis of 
the results obtained by processing the data sets that are too 



large and too complex [4,9]. Thus, the autonomic 
adaptation of network functions through the interaction 
with the internal and external environments can be carried 
out by machine learning techniques. 

In this section, we first provide an overview the machine 
learning techniques and then list the relevant techniques 
that can be used for the automation of 5G network slicing 
functions. As shown in Fig. 3, machine learning techniques 
can be broadly classified into three categories: supervised 
learning, unsupervised learning, and reinforcement learning 
[10].  

The supervised learning techniques learn (or deduce) a 
function from training data, which comprise of pairs of 
input and desired outputs. The output of the function can be 
continuous values (called regression) or a class label of the 
input values (called classification). After training, the 
learning agent or element predicts the value of function for 
any valid input from unseen situations in a reasonably valid 
way. Thus, supervised learning principle can be expressed 
as follows: Given a training set of N examples {xi, yi = 
f(xi)}, where each yi was generated by unknown function f, 
discover a function h (hypothesis) such that it approximates 
the true function f (i.e., h  f). Support vector machine 
(SVM), Bayesian learning, and regression models are the 
popular supervised learning techniques applicable for 
solving network problems.  

Unsupervised learning is based on unstructured or 
unlabeled data. The learning agent learns patterns in input 
data even though no explicit feedback is provided. 
Unsupervised learning techniques are used for data 
clustering, dimensionality reduction, density estimation, 
etc.. K-means clustering, principal component analysis 
(PCA), and independent component analysis (ICA) are 
often used algorithms for clustering and dimensionality 
reduction of system data collected for network control and 
management. 

Reinforcement learning performs iterative learning through 
a series of reinforcements by rewards or punishments. It 
learns to achieve its goal from its own experience. Unlike 
supervised learning, reinforcement learning does not 
require provisioning of correct input/output data pairs and 
explicit correction of sub-optimal actions. As shown in Fig. 
4, the reinforcement learning agent receives percepts 
containing the state of environment (or system) through its 
sensors and performs actions through its actuators in such a 
way that it maximizes the cumulative rewards. The agent 
interacts with its environment in discrete time steps. At 
each time t, the agent receives a percept pt, which includes 
the reward rt. It then chooses an action at from the set of 
available actions and sends to the environment. The 
environment moves to a new state st+1 and reward rt+1 
associated with the transition (st+1|st,at) is determined. The 
goal of a reinforcement learning agent is to collect as much 
reward as possible. There are two factors that characterize 
reinforcement learning techniques: transition model from s 
to s’ with action a, i.e., probability P(s’|s,a) = Pr 
(st+1=s’|st=s, at=a), and policy for  applying an action in a 
given state. The transition model is known (e.g., in Markov 
decision process) or unknown (in Q-learning). The goal of 
Q-learning is to learn a policy and maximize its total (future)
reward. It does this by adding the maximum reward
attainable from the future states to the reward in its current
state, thus effectively influencing the current action by the
potential reward in the future. This reward is a weighted
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sum of the expected values of the rewards of all future 
steps. 
 
In between supervised and unsupervised learning, there is 
semi-supervised learning, which is given a few labeled 
example data but can perform on a large collection of 
unlabeled data. Deep learning, which is based on artificial 
neural network, belongs to a broader family of machine 
learning methods. Its learning can be supervised, semi-
supervised or unsupervised. Unlike the other machine 
learning techniques that require highly tuned and many 
rules to solve specific problems, deep learning techniques 
can successfully deal with huge volumes of data to learn 
and recognize abstract patterns by using vast, virtual neural 
networks [12]. 
 
Machine learning techniques are being considered useful 
for various functions of network services; mainly, planning 
and design, operation, control and management, monitoring, 
fault detection, and security. They enable machine to 
recognize patterns and anomalies that human may not 
notice or take unacceptably long time. Table 1 shows the 
list of relevant machine learning techniques for the 
automation of these networking functions.   
 
Planning and design involve decision making based on the 
information provided 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 [11]. 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, 
eMTC, and URLLC categories on the basis of requirements 
in terms of bandwidth, latency, bit-error rate, etc. Similarly, 
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 optimal amount of 
resources.  
 
Operation and management involve tasks for efficient use 
of resources while optimally satisfying the service and user 
requirements all the time. They require understanding the 
variations in system states, learn uncertainties, 
(re)configure the network, forecast immediate challenges, 
and suggest appropriate solutions timely. The resource 
allocation and management take into account node 
computation capacity, link bandwidth, radio spectrum, and 
energy currently available and in use. They require 
clustering of cells (for frequency allocation and power 
management), users and devices for intelligent mobility 
management or establishing device to device (D2D) 
networks for optimal management of available spectrum 
and energy in mobile devices. Unsupervised learning 
techniques such as K-mean clustering are suitable for the 
clustering. Similarly, deep learning has been shown to be 
effective in control of heterogeneous network traffic [12] to 
achieve high throughput of packet processing. 
Reinforcement learning is applicable in decision-making 
for the reconfiguration of network parameters and dynamic 
adjustment of resources such as channel selection. Smart 
reconfiguration of parameters for faster adaptation of 

Network 
functions 

Machine learning techniques Purposes 

Planning and 
design 

Support vector machine 
Gradient boosting decision tree 
Spectral clustering 
Reinforcement learning 

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

Operation and 
management 

K-mean clustering 
Deep neural network 
Reinforcement learning 

- Clustering cells, users, devices 
- Routing, forwarding, traffic control 
- Decision making for dynamic resource 

control, policy formulation  
- Reconfiguration of parameters 

Monitoring Spectral clustering 
K-mean clustering 
Support vector machine 
Deep neural network 

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

Fault detection Principal component analysis 
Independent component analysis 
Logistic regression 
Bayesian networks 

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

Security Deep neural network 
Principal component analysis 

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

Table 1.  Network functions and relevant machine learning techniques. 



service is very important for 5G because the number of 
configurable parameters in 5G would be fairly large, 2000 
or more [3]. Bandwidth control for eMBB and latency 
control for URLLC services can be performed with 
reinforcement learning and deep learning. Reinforcement 
learning, especially multi-armed bandit, can be used to 
model a resource arbitration problem in which a fixed 
limited amount of resources have to be proportionally 
allocated to competitive services whose properties are only 
partially known at the time of resource allocation [9].  

Monitoring, fault detection and security involve functions 
for sensing the system, collecting huge amounts of syslog 
and performance data, classification and clustering of data 
for contextualization, forecasting usual/unusual user 
behavior and network resource utilization trend. For these 
purposes, unsupervised learning techniques such as spectral 
clustering, K-mean clustering, and principal component 
analysis, supervised learning techniques such as support 
vector machine and logistic regression, as well as deep 
learning and reinforcement learning are applicable.  

For the detection of network anomaly, principal and 
independent component analysis techniques can be used 
because they can easily identify statistically unusual 
behavior from the system operation data. Similarly, traffic 
analysis by various unsupervised learning techniques can 
help in the detection of intrusion and spoofing attacks. 
Logistic regression of supervised learning can be used to 
predict unusual behavior of devices or users based on   their 
traffic characteristics. Deep learning would help in 
detecting unprecedented security issues that may come up 
with new types of services.  

Although in Table 1 and above discussion we have 
mentioned only the classical methods of machine learning, 
they can be modified for improving accuracy, reducing 
complexity or their trade-off, when applying to network 
slicing functions. Many variations of their extensions are 
available in literature. However, their applicability in 
network slicing is yet to be studied. 

5. AI AND MACHINE LEARNING IN SDOs AND
FORUMS 

In several standards development organizations (SDO) and 
industrial forums, AI and machine learning techniques are 
being investigated for enabling systems to make autonomic 
decision by processing large amounts of data, learning from 
own operations, and adapting to changing environment. 
Although both AI and machine learning are often used 
interchangeably, they are subtly different. AI comprises 
multi-disciplinary techniques such as machine learning, 
optimization theory, game theory, control theory, and meta-
heuristic analytics [7]. Thus, machine learning can be 
considered as a form of or subfield of AI that enables 
machines to learn by themselves by providing them access 
to large amounts of data. In this section, we provide an 

overview of AI and machine learning related technological 
discussion being carried out in ITU, ETSI, ISO/IEC, and 
TM Forum.  

5.1 ITU FG-ML5G 
The ITU Focus Group on Machine Learning for Future 
Networks including 5G (FG-ML5G) [13] has been 
established in November 2017 to study network 
architectures, protocols, interfaces, use cases, algorithm and 
data formats for the adoption of machine learning methods 
in 5G and future networks. It is an open platform for 
experts from ITU members and non-members to quickly 
progress studies on machine learning methods for networks. 
In its lifetime of one year (which can be extended if 
necessary), FG-ML5G is mandated to hold meetings 
several times to review the contributions received from 
participants and develop deliverables. It has formed three 
working groups to progress work simultaneously on (1) use 
cases, services and requirements; (2) data format and 
techniques; and (3) machine learning aware network 
architecture. FG-ML5G has not produced any publicly 
available document yet. Its deliverables will be handled 
over to ITU-T Study Group 13 for further study and 
development of formal standards (called ITU-T 
Recommendations) on the basis of these deliverables.   

5.2 ETSI ISG ENI 
ETSI has created the Industrial Specification Groups (ISG) 
“Experiential Network Intelligence” (ENI) in February 
2017 with the purpose of defining a cognitive network 
management architecture based on the “observe-orient-
decide-act” control model [14]. It uses AI techniques and 
context-aware policies for dynamically adjusting network 
services in response to changing user demands, network 
conditions and business goals. It envisions making the 
system capable of learning from its own operations and 
instruction given by human operators (thus called 
experiential). It would be instrumental in the automation of 
network configuration and monitoring processes, thus 
reducing the operational cost, human errors, and time to 
market the service. ISG ENI aims at studying various AI 
methods for enabling model-driven architecture for 
adaptive and intelligent service operations. The architecture 
accommodates different types of policies and selects the 
best-fitted one to adaptively drive the network system 
according to the changes in user behavior, service 
requirements, network conditions, and business goals. ISG 
ENI is open for participants from all ETSI member as well 
as non-member organizations that sign ISG Agreements. 
ISG ENI has already released five specifications (as of June 
2018) on use case, requirements, context-aware policy 
management, terminology and proof-of-concept (PoC) 
framework. These deliverables can be accessed freely from 
its website [14].  

Closely related another ISG is Zero-touch network and 
Service Management (ISG ZSM), which focuses on 



developing standards for automation of network operation 
control and management functions. 

5.3 ISO/IEC JTC 1/SC42  
ISO/IEC JTC 1/SC42 Artificial Intelligence [15] has been 
created in October 2017 to serve as the focus and 
proponent for ISO/IEC JTC 1’s standardization program on 
artificial intelligence, and guide JTC 1, IEC, and ISO 
committees for the development of AI applications. It has 
been developing several ISO standards on big data and AI, 
such as big data reference architecture, AI concepts and 
terminology, and framework for AI systems using machine 
learning. It has not yet started developing documents on the 
application of AI or machine learning techniques on 
networks.  

5.4 TM Forum Smart BPM 
TM Forum’s Catalyst Project on Smart BPM (Business 
Process Management) is investigating the applicability of 
AI-based decision modeling in telecom business processes 
such as resource provisioning, fault management, QoS 
assurance, and customer management [16]. AI support 
makes the workflow system capable of reacting to 
exceptional conditions in the network service lifecycle 
orchestration that includes planning, delivery, deployment, 
and operation functionalities. In their approach, the AI 
support system works as a secretary to recommend 
appropriate actions for handling exceptions. They mainly 
consider using Multi-label Deep Neural Network in AI 
support system, which takes input data from the 
orchestrator, alarm management system, and other network 
functions. TM Forum has demonstrated the concept model 
for the interaction between AI and human for network fault 
detection and recovery on the basis of training data 
including operator’s feedback. 

6. CONCLUSION

In this paper, we presented the 5G network slicing 
scenarios and list of tasks for the automation of slicing 
functions. We then discussed some machine learning 
techniques that support for the automation of network 
functions. We also gave the overview of AI and machine 
learning related activities being carried out in various 
standards development organizations and industrial forums. 
In future work, we extend this work by detail investigation 
of a few representative machine learning techniques for 
making autonomic decision to allocate and adjust the 
computing and network resources of network slices on the 
basis of service requirements and time-varying network 
workloads. We will also bring this research outcome 
gradually to ITU and other SDOs for standardization. 
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