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Input: X: Training data, W: Parameters of the Network,
T: Thresholds for each layer
a: Base learning rate, f: Learning policy,

o: Pruning and splicing policy,
m: Maximum number of iterations,

Output: W, M: The updated parameters and binary masks
Initialization: W < W, M «+ 1, iter < 1, B + f(a, iter)
while iter < m do

Choose a minibatch of network input from X
Forward propagation and backpropagation

with the masked parameters
Update M by T and magnitude of current W

with the probability of o(iter)
Update W by gradient descent algorithm

with the learning rate
iter < iter + 1, B+ f(a, iter)

end while
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Algorithm 2 f¢EFi%

Input: X: Training data, W: Pretrained parameters,
n: Maximum number of steps
Output: W, M: The updated parameters and binary masks
T': Thresholds for each layer
Initialization: W <« W, step<— 1, M + 1
while step < n do
Sparse Phase:
Update T with current W and M to reduce the parameters
Update W, M by Dynamic Network Surgery with T
Dense Phase:
Update T with current W and M to restore the parameters
Update W, M by Dynamic Network Surgery with T
step < step 41

end while
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