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We studied a method to estimate the TCP congestion control algorithm on
the sender side from a log of packets flowing over the network, using a recurrent neural network
(RNN)-based classifier. As the data given to the classifier, we used a temporal change of the
congestion window value on the sender side.

A simple RNN with one hidden layer and a DRNN (Deep RNN) based on deep learning with three hidden
layers were used. We applied our classifier to 10 widely-used congestion control schemes and showed

that it is possible to estimate with sufficient accuracy. Furthermore, we estimated the distribution
of congestion control algorithms for servers connected to the Internet.
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