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Al engineering technology solutions in network intelligence

ZHU Mingwei
China Mobile Group Design Institute Co., Ltd., Beijing 100080, China

Abstract: Depending on Al technology, network intelligence is becoming an important initiative for communication
industry to enhance network empowerment externally, and to achieve cost reduction and efficiency internally. The
difficulties implementing network intelligence applications from the perspective of Al engineering were analyzed.
The industrial grade Al engineering technical solutions were proposed, including data collection and processing,
computing resources management and task scheduling, and inference deployment optimization. The strategies of
network intelligence’s ecosystem development were studied.
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