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® RPS-Net architecture consists of M residual blocks per layer, with a ever
learning skip connection.

e At end of each layer in RPS-Net, all the residual connections and skip
connections are combined together using element-wise addition..

® Any single path of RPS-Net can be treated as a single ResNet.

Conclusion

e In this work, we propose a novel network architecture,
random path selection strategy and controlled loss function
for incremental classifier learning.
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