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Abstract:

To address the challenges of complex operation and performance guarantee in large—scale intelligent computing centers, it
studies key technologies for intelligent operation and maintenance based on end-to—end network collaboration. Taking the
intelligent operation and maintenance platform for terminal network management and control of China Unicom in a certain
province as an example, it analyzes technologies such as refined state monitoring and alarm, large-scale network topology
discovery and “same track topology” verification, and AI-DCQCN adaptive congestion control based on improved simulated
annealing. The results show that this method can achieve deep correlation analysis and fault diagnosis between computing
and network resources, and automate topology verification to ensure the correctness of network architecture. AI-DCQCN
technology can significantly improve the bandwidth of RDMA networks (about 20%) and reduce latency compared to
traditional methods.
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