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Hundred-Thousand-GPU AI Computing Networks
YANG Shuai, YAN Fulong, YANG Hongrui, XUE Zhiwen, LIAN Boyu, ZHANG Jie

(State Key Laboratory of Information Photonics and Optical Communications, Beijing University of Posts and

Telecommunications, Beijing 100876, China)

Abstract: [ Objective 1 As Artificial Intelligence (Al) accelerates, the parameter scale of foundation models continues to expand.
The demand for computing resources in training and inference links continues to increase, catalyzing the deployment of massive Al
computing infrastructures. In intelligent compute fabrics, inter-node communication overhead is the chief bottleneck stifling com -
pute utilization. Consequently, profiling network performance with discrete-event simulators before build-out is paramount for op -
timizing design and slashing these overheads. However, the amount of communication traffic is huge and has a time-space depen-
dence. Traditional full simulation faces huge state overhead, and there is a contradiction between network scalability and simula-
tion efficiency. [ Methods Y Firstly, we analyzed the communication characteristics in the distributed training scenario of large mod-
els. The set communication primitives of the dense and sparse models of the DeepSeek architecture are modeled as point-to-point
traffic with spatio-temporal dependencies, and the traffic characteristics are analyzed. Then, based on the periodicity of the ob-
tained traffic and the convergence of the cluster network during the training of the large model, a steady-state extrapolation accel-
eration algorithm is proposed. The OMNeT + + platform is used to capture the transient changes of the network during the simu-
lation process, and the packet-level simulation of the communication traffic is carried out at the initial stage of the simulation. Af-
ter the network enters the steady state, the discrete packet-level simulation is abstracted as a flow level. The flow rate is analyzed
according to the principle of maximum and minimum fairness, and the simulation process of the remaining traffic is mathematically
extrapolated. [ Results] The above simulation acceleration effect is verified on three network scales. Experiments show that this
method achieves a maximum of 4. 7 times acceleration of the total simulation time while retaining the underlying congestion charac-
teristics of the network. It can also reduce the memory usage of the card scale simulation by 30%. Subsequently, a small-scale
verification was performed on a 100, 000-card network. Under the premise that the network characteristics obtained by simulation
are close to the benchmark, the simulation time is reduced by 73%, and the memory usage is reduced by 31%. [ Conclusion}In
this paper, collective communication is modeled as fine-grained point-to-point traffic, which provides data support for the evalua-
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tion of intelligent computing networks. The proposed steady-state extrapolation acceleration algorithm effectively improves the
simulation efficiency of large-scale intelligent computing networks and provides a reference for the performance evaluation of larg -

er-scale intelligent computing networks.

Key words: Al computing network; traffic modeling; collective communication; discrete-event simulation
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Figure 1 Initial and final states of 4 nodes in collective communication
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