E TR Electronics and Telecommunications Trends

= 5 A — O
Al 7|2 olsSH ==AIS 2le STL T
Physical-Layer Technology Trend and Prospect for Al-based Mobile
Communication

ZZHM (K. Chang, kschang@etri.re.kr) BGRMUAIOI A FHOIOI 1R /7 | = B2
TAUX (Y.J. Ko, koyj@etri.re.kr) 6GR M AIOI 1A ZHOIOI LR JAIEE
et (LG Kim, igkim@etri.re.kr) 0[2H0|SSAAT 2R MAA/ 22
ABSTRACT

The 6G mobile communication system will become a backbone infrastructure around 2030 for the future

digital world by providing distinctive services such as five-sense holograms, ultra-high reliability/low-latency,

ultra-high-precision positioning, ultra-massive connectivity, and gigabit-per-second data rate for aerial and

maritime terminals. The recent remarkable advances in machine learning (ML) technology have recognized

its efficiency in wireless networking fields such as resource management and cell-configuration optimization.

Further innovation in ML is expected to play an important role in solving new problems arising from 6G

network management and service delivery. In contrast, an approach to apply ML to a physical-layer (PHY)

target tackles the basic problems in radio links, such as overcoming signal distortion and interference. This

paper reviews the methodologies of ML-based PHY, relevant industrial trends, and candiate technologies,

including future research directions and standardization impacts.
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