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Motivation for Reading

Scop: Scientific control for reliable neural network pruning

Y Tang, Y Wang, Y Xu, D Tao, C Xu, C Xu... - arXiv preprint arXiv ..., 2020 - arxiv.org

This paper proposes a reliable neural network pruning algorithm by setting up a scientific
conftrol. Existing pruning methods have developed various hypotheses to approximate the
importance of filters to the network and then execute filter pruning accordingly. To increase
the reliability of the results, we prefer to have a more rigorous research design by including a
scientific control group as an essential part to minimize the effect of all factors except the
association between the filter and expected network output. Acting as a control group ...

v P9 123 o8 HESt=XE FAH 27§ HE 99

Categories » Engineering & Computer Science » Artificial Intelligence ~

Publication h5-index h5-median
1. International Conference on Learning Representations 203 359
2. Neural Information Processing Systems 198 37T
3. International Conference on Machine Learning (ICML) i 309
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Paper Title & Abstract

Paper Title:
SCOP: Scientific Control for Reliable Neural Network Pruning

reliable oj=-g=2[mlarebl] []) FE=24C]) *

1. @E2A 2S[A12|2H 4= 9'= (=dependable)

AT
2. BEAM (22 A 2) US 0K} («sunreliable)

Abstract

- Filter Pruning with a Scientific Control Group
- Mimic the Feature Map

- Adversarial Process to discover Redundant Filters
- Parameters and FLOPs, while preserving Performance
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Overall Framework
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Learning with Scientific Control Discovered Redundancy Desired Compact Network

- The real data and their knockoffs are simultaneously inputted to the pre-trained network.

- During optimization, the parameters of the pre-trained network (e.g., weights in

convolutional layers) are fixed and only the scaling factors B!, B! are updated to excavate
redundant filters.

- Filters with large scaling factors for knockoff features but small factors for real features
should be pruned.
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Generating Knockoffs

Lemma 1: Knockoff condition can be preserved even through any element-wise
activation function.

Lemma 2: Knockoff condition can be preserved even after passing through a
linear transformation and a specific bias term.

=> The relationship between the knockoff and the original is approximately

maintained in any subsequent Iayers
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Learning with Scientific Control Discovered Redundancy Desired Compact Network
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Filter Pruning

Selection Procedure can be designed from
min E([A}, A'],Y),s.t.[|[A}, A]]]o < K
AYA )
Where A! = fL(X, W) is knockoff feature of original feature A = FY{(X, W), E is
the loss function, Y denotes ground-truth labels and k! is the desired number of

preserved filters for the [-th layer.
Adversarial Selection Layer:
Al+1 — (P(Wl+1 * (ﬁl@Al 4+ I'B"l@A"l))
Where @ is the activation function, , * is the convolutional operation and ®
denotes element-wise multiplication.

I}liﬁnE(X,)?, Y,8,8),s.t.8"+ B =1,1€[1,2,..,L]
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Filter Pruning

Intuitively, if the real feature cannot suppress its knockoff counterpart (i.e., small

B! and large B'), the corresponding filter wi € W' should be pruned.

Calculate statistics

~
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Summary

Pre-trained Network -> Pruning ->

Generating Knockoffs -> Filter Selection for each Layers
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(a) Real data and features (b) Knockoff data and features  (c¢) Frequency distribution histogram
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-

G =: Development of Pre-trained Deep Learning Model for Segmentation
of Structures of Major Interest in the Medical Field
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Max Validation Dice Real Se.gme_lr_ltattlor; Dice

EFA sing Test se

Unet Unet
Unet Attention Unet 3+ | Hardnet | Unet Attention Unet 3+ | Hardnet
AX LAl Left 0.932 0.915 0.934 0.734 0.785 0.773 0.783 0.477

AX L& 2 Right 0.947 0.928 0.950 0.780 0.767 0.775

AX &= Left 0.989 0.987 0.99 0.987 0.986

. AT A|ZHH|E (2B AZIRE HAE 2ABIIK)
Unet : Unet Attention : Unet 3+ = 1 :1.75 : 3.81
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