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[ Abstract] Network queuing delay is of great significance for understanding network bandwidth utilization and analyzing
congestion level. However, traditional delay measuremeént technology has poor timeliness and accuracy in predicting network
traffic and round-trip delay, and it is easy to dgnore sudden network delay changes. Combined with the fine-grained
characteristics and variability of queuing delay in, the\internal network of switch,this paper proposes a multi-time scale fusion
prediction method based on LSTM model. In-band network telemetry technology is used to obtain and transform fine-grained
network parameters to provide delay and-utilization characteristics for the prediction model. A multi-time-scale fusion prediction
model (LSTM-Merge ) based on Long Shert-Term Memory (LSTM) network is constructed to fuse data of different sampling
scales,and the flow calculation framework is used to predict the network queuing delay. Experimental results show that the Root
Mean Square Error(RMSE) of the“prediction results of the LSTM-Merge model is smaller than that of the LSTM,SVR and
other models. Also,the real-timewperformance and accuracy of the prediction results of the three time scales fusion model are
better than those of other scales.
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Fig.1 Internal structure of memory unit
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Fig.2 Multi-scale fusion prediction model structure
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Fig.3 Process of forward sampling at different scales
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Table 1 Optimal training super, parameter setting
without fusion
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Table 2 Optimal training super parameter setting

with two time scales fusion
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Table 3, Optimal training super parameter setting
with three time scales fusion
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Fig.5 Comparison of prediction results of LSTM models
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