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e s | A Review on Pruning Techniques in Deep Neural Networks
with Emphasis on Prune at Initial

VE LYY eyl G
Atieh firoozeh”, Dr.M.Mohajel, Dr.M.Shamsi

VT TN el 8 Qom University of Technology, Qom, Iran.

VEe o[ 810X iy b Abstract

Vool P slesfz)b | \with the expansion of the use of neural networks, increase deep of NN, and

Keywords: increase of network parameters, as well as the limitation of computational
resources, the limitation of memory, and the incomprehensibility of these
networks, the compression of neural networks is necessary. Compression must be
intelligent, so as not to deprive us of the benefits of deep neural networks. Pruning
is one of the compression methods that eliminate unnecessary network parameters.
in recent research, Pruning has always been favored by researchers as far as a step
called pruning at the initial design that pruned the initial network to include the
benefits compression and pruning in the training and inference. this article reviews
pruning techniques in deep neural networks with emphasis on Prune at initializing.
First, the basics of pruning are discussed, then the types of pruning with the
mathematical definition of each discussed, and finally, a more detailed study of
pruning before network training has been done.

Pruning NN,
Sparsification NN,
Comperesion NN,
LTH

Firoozeh.a@qut.ac.ir Keywords: pruning NN, Sparsification NN, Comperesion NN, LTH.
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Algorithm 1: Pruning and fine-tuning |

93

Input: N, the number Of iterations Of pruning, and
X, the dataset on which to train and fine-tune
W « initialize()

W « trainToConvergence(f(X;W))

M — W

ForiinltoNdo

M « prune(M, score(W))

W « fineTune(f(X; MOW))

End for

Return MW
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Traditional pruning : k1 = k2 = K;

Lottery ticket hypothesis (LTH)[1]: k1 = K, k2 =0
and F2 = | (denoting the identity function)

Lottery ticket rewinding (LTH-R)[17]: k1 = K, k2 =
tand F2 = I;
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Require: A batch of training data Dy, network
f with initial parameters ©y, loss function L

1. L(6,) Compute the loss and build the
computation graph
g = grad(L(6.) , ©0) Compute the gradient
Of loss function With respect to ©q
Hg = grad(g" stop_grad(g), ©o)
Return Hg

~w

[YY] s bl g 5Ll dpmlomo 2(V - JSi)

Algorithm 4 Gradient Signal Preservation (GraSP).

Require: Pruning ratio p, training data D, network f
with initial parameters Oy
1. Dy Sample a collection of training
examples

2. Compute the Hessian-gradient product
Hg (Algorithm3)

3. S(-60)=-60 OHg Compute the
importance of each weight

4. Compute Py, percentile of S(-©¢) as T

5. M=0of S(-©69) <T Remove the weights
with smallest importance

6. Train the network fn © on D until

convergence.
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Algorithm [2 SNIP: Single-shot Network Pruning
based on Connection Sensitivity

Require: Loss function L, training dataset D,
sparsity level K
Ensure: |W|o< K

W « VarianceScalinglnitialization
D" sample a mini batch of training data
Sj  connection sensivity

S « sortDescending(s)
Ci«—1[Sj-=S>0],j {1...m}
W*  Pruning: choose top k connection
W COW
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Algorithm 3 Hessian-gradient Product.
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