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MLOps Technology Trend Supporting Automatic Generation of Neural Network
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ABSTRACT

As more devices are used across various industries and their performance improves, artificial intelligence
applications are being increasingly adopted. Hence, the rapid development of neural networks suitable for
diverse devices can determine the competitiveness of companies. Machine learning operations (MLOps), which
constitute a framework that supports neural network generation and its immediate application to devices, have
become necessary for the development of artificial intelligence. Currently, most MLOps are provided by major
companies such as Google, Amazon, and Microsoft, which provide cloud services supported by large-scale
computing power. In addition, various services are provided by the open-source project Kubeflow. We examine

basic concepts and technology trends in MLOps and unveil additional functions required in industry.
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MLOps Market
USD BILLION USD BILLION
‘? S 1.1 2022 2027
’ Y CAGR The MLOps market s projected to account for USD 5.9 billion by
P 41.0% 2027, growing at a CAGR of 41.0% during the forecast period.
0%

Government initiatives to Sy e primar factor drving the The government push for the
promote the digital MLOps market growth is the need E@ adoption of ML technologies
infrastructure pose as key @]  of standardizing ML processes for by businesses in MLOps.
drivers of the MLOpS Sffectiveiieammork

solutions in the region.

/\/@) Most of the MLOps solution
ATl providers are from North America.
This would boost the market srowth
in North America during forecast
period

The highest CAGR of the
Asia Pacific in MLOps market
can be attributed to increasing
data volume in banking industry..
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