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ABSTRACT

Network and service operators are interested in intelligent network and service management that can be applied
to complex interactions between heterogeneous and diverse network devices, dynamically changing user
requirements, business goals, and environments. Network management is related to dynamic service deployment
based on Self-Organizing Network (SON), and the need for autonomous network and service management is
emerging for study. Autonomous management integrates and applies various AI/ML technologies. Therefore, efforts
are also underway to study standardized autonomous network and service management structures and models that
can use these AI/ML technologies.

In this paper, we introduce some related AI/ML technologies for autonomous network and service
management. We also examine research trends on the Zero-touch Network and Service Management (ZSM) and
Experiential Networked Intelligence (ENI) system architecture of the European Telecommunications Standards

Institute (ETSI), which are proposing standards for autonomous network and service management.
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