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e BUEEHIRE Stripe-wise/ Group-wise Pruning
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e BUEEHIRE Stripe-wise/ Group-wise Pruning

For conv layer (N,C,H,W)
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Figure 2: The visualization of different types of pruning.

Meng, Fanxu, et al. "Pruning Filter in Filter." NeurlPS. 2020.



e BUREHRIFE Pattern Pruning
3*3 Conv:

_ Output Channels
(C out,C in,k H, k W)=(4,4,3,3) 1%%3
g g s s AIBR
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— iR — MEHNEREE
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BieX (Patdnn)iZy
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Input Channels

Niu, Wei, et al. "Patdnn: Achieving real-time dnn execution on mobile devices with pattern-based weight
pruning." Proceedings of the Twenty-Fifth International Conference on Architectural Support for Programming
Languages and Operating Systems. 2020.
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27k : L1838 Pruning Filters for Efficient ConvNets ICLR 2017
BIRZHIE . Channel pruning
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2% FPGM JUfadu(Bif;  Filter Pruning via Geometric Median for Deep

CVPR 2019 Convolutional Neural Network Acceleration
BIRZFIE: Channel pruning Motivation: EF B2 TR L, SBEISHSTH
VAVAN = iEES
i p SRS TRERARINE
s’ Large norm o —1 NS N u ] = \ =4}
5‘ Medium norm Previous _;‘ — M etric: IEIEZE%'—in{EJEF“UEI‘JEEﬁ
Small norm method E .
[ S Algorithm 1 Algorithm Description of FPGM
— : Input: training data: X.
i —" Pruning - I: Given: pruning rate P;
= 2: Initialize: model parameter W = {W), 0 <i < L}
i ________ B : 3: for epoch = 1; epoch < epoch,,az; epoch + + do
Rell Our : 4: Update the model parameter W based on X
Filters before pruning method ,»*é' ===z 5 fori=1;:< L;i++do
(a) Criterion for filter pmning 6: Flnd l\r-i+1Pj ﬁlterS that Satley Equation 6
7 Zeroize selected filters
Number Filters to be| Ideal distribution: V 8 end for
of filters | ; pruned Requirement 1: g (V) > 0 5. ‘Gl tor
0 i Requirement 2: vy - @ 10: Obtain the compact model W* from W
. ¥ V2 Value of norm Output: The compact model and its parameters W*

(b) Requirements for norm-based criterion
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Z2@755%: ThiNet

ThiNet:A Filter Level Pruning Method for Deep Neural

BUEKIEE: Channel pruning Network Compression ICCV2017

BIARIRIAT: e Bin:

2
C K K m
U= 3 Wk % e 4. agmin (6= %,
c=1 ky=1 ky=1 ’ i=1 j€ES
8 |Sl=0%% SCIL2:::0k%
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Original L £TIIEER [:>: » 59 |
Model — L =7 '
\__ s — )
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Pruned — == i —
e v x £277
Model — il ] ~
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Model —— 7 = - =

input of layer i+1 filters of layer i+1 input of layer i+2

s /)
v/
S S Ed =

< h\\
x: the sliding _ : y: a random
window W: the corresponding filter sampled data

Algorithm 1 A greedy algorithm for minimizing Eq. 6

Input: Training set {(X;, 9;) }, and compression rate r
Output: The subset of removed channels: 7’
T+ 0; 1+ {1,2,...,C};

2: while |T| < C x (1 —-r) do

3 min_value <+ +o0;

4: foreachitem: € I do

5 tmpT «+ T U {i};

6: compute value from Eq. 6 using tmpT';
7 if value < min_value then

8 min_value + value; min_i + 1;

9 end if
10:  end for
11:  move min_i from I into 7T";
12: end while




wme B3HZ757E EIELEEER

ZFHiE: AMC AMC: AutoML for Model Compression and Acceleration on
BEIf7HIE : Channel pruning Mobile Devices ECCV2018
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SOTAX%ZE: EagleEye  EagleEye: Fast Sub-net Evaluation for Efficient Neural
BUf#iEE: Channel pruning  Network Pruning ECCV 2020
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SOTAZ%i%: EagleEye EagleEye: Fast Sub-net Evaluation for Efficient Neural
Network Pruning ECCV 2020
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SOTAZ%i%: EagleEye EagleEye: Fast Sub-net Evaluation for Efficient Neural
Network Pruning ECCV 2020

[ orunoct | wr fir, 67 Method FLOPs Topl-Acc
| |
| | AdaptiveBN | 0.75 x MobileNetV1 [9] 325M  68.4%
[0.1,05, .., 0.5] | I.II | IlII 3% 9] 0
o | il | AMC [7] 285M  70.5%
e I inetunin
IIII amp (05,02, .., 0.1] m,: .III : _Adaptive BN | l .III 14% : :;.III 70.7% NetAdapt [26] 284M  69.1%
_ _ L | = Meta-Pruning [20]  281M  70.6%
Wy, OF : | : : Wrearfirsars 62 ar
I aptive .
(03,02, ... 0.7] : III. | DdaptiveBN .II. L0% EagleEye 284M  70.9%
l‘\-_____/l
Trained Pruning Strategy Sub-nets From Winner Candidates Delivered
Model Generation Searching Space Selection Pruned Model

+—— Strategy Generation —>|4— Filter Pruning —>|<—Adaptive-BN-based Candidate Evaluation —

Fig. 6. Workflow of the EagleEye Pruning Algorithm
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SOTARE: APQ APQ: Joint Search for Network Architecture, Pruning and
BURHIE . Channel pruning  Quantization Policy
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SOTATA: APQ APQ: Joint Search for Network Architecture, Pruning and
BURHIE . Channel pruning  Quantization Policy
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Figure 3: Illustration of the progressive shrinking process to support different depth D, width W,
kernel size K and resolution R. It leads to a large space comprising diverse sub-networks (> 10'?).
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SOTA%E: APQ

XFEHE: 124 Fine-grained XFEW: RBEBEENLEFLE {48}, EHAILH:

JROFARIBEEIRIN: {3,4,6)%256
Fine-grained®&E : [768,776,...,1536]

( Once-For-All Network )
w/ Fine-Grained Channel }

1.
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EEMIZEmkE, KiE
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HiESE B
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SOTA%GE: APQ APQ: Joint Search for Network Architecture, Pruning and
BIRZKIE . Channel pruning Quantization Policy
Algorithm 1: APQ framework

Input: Pretrained once-for-all network &, evolution round 75 £
iter M ax, population size N, mutation rate prob,
architecture constraints ' - ?4/ e
1 Use S to generate FP32 model dataset Dpp (arch, acc) SRR
and quantized model dataset Dasp (quantization policy, Eé =
arch, acc). < 737d ?
2 Use Dpp to train a full precision (FP) accuracy predictor E‘ ”,r;HﬁQ b Ours
Mpp. 721 W > —+— ProxylessNAS
3 Use Dysp and M pp (pretrained weight to transfer) to 718 ProxylessNAS + AMC
train a mixed precision (MP) accuracy predictor My p. 71 - —+— ProxylessNAS + AMC + HAQ
4 Randomly generate initial population P (quantization | | | [ i . i . | .
policy, arch) with size N satisfying C. 80 85 9.0 95 10.0 10.5 11.0 11.5 12.0 12.5 13.0
5 fori=1...iterMax do Latency (ms)
6 Use M s p to predict accuracy for candidates in P
and update T'opy. with the candidates having Top k Figure 5. Comparison with sequentially designed mixed-precision
highest accuracy. models searched by AMC and HAQ [5, 1 2, 56] under latency con-
Perossover = Crossover(Topy, N/2,C) straints. Our joint designed model while achieving better accuracy
Prutation = Mutation(Topx, N /2, prob, C') than sequentially designed models.
P =PU Perossover U Pmutation

Oillput: Candidate with best accuracy in 1 opy..
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same Hybrid Search For pruning
AR RNEESHD AR
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Norm of filters

He, Y., Ding, Y., Liu, P., Zhu, L., Zhang, H., & Yang, Y. (2020). Learning filter pruning criteria for deep
convolutional neural networks acceleration. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition (pp. 2009-2018).
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T Learning Filter Pruning Criteria for Deep Convolutional Neural
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Constraint Search Space
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RRZEIRLT BERTA
SLFPCEI, M MEIEEERtRE BHUEIE, FIREEER:

° '!:J J*ﬁtt@
L1 L2 FPGM APOZ ... - BEMNBREIR A
. - MR MAEIERES(ERE . ehlFNEE
TG SRR 0.34 0.25 0.56 w042

L1 APOZ FPGM L1

M IEFFEEERATT1T
X H Adaptive BN Ri&E1FE(G

Li, Ballin, et al. "Eagleeye: Fast sub-net evaluation for efficient neural network pruning." European
Conference on Computer Vision. Springer, Cham, 2020.
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a1l

SCIQEER
Method Topl Acc  FLOPs  #Params
Base model 94.47% 313.73M 14.98M
/-1 (Lietal. 2016) 93.40%  206.00M 5.40M
SSS (Huang and Wang 2018)  93.02% 183.13M  3.93M
HRank (Lin et al. 2020a) 93.43% 145.61M 2.51M
NSPP (Zhuang et al. 2020) 93.88% 144.21M 2.49M
Hybrid Search (F = 150M) 94.30% 148.90M 4.84M
GAL-0.05 (Lin et al. 2019) 92.03% 189.49M 3.36M
HRank (Lin et al. 2020a) 92.34% 108.61M 2.64M
Hybrid Search (F = 100M) 94.21% 98.90M  2.63M
GAL-0.1 (Lin et al. 2019) 90.73% 171.89M 2.67™M
HRank (Lin et al. 2020a) 91.23% 73.70M 1.78M
ABCPruner (Lin et al. 2020c) 93.08% 82.81M 1.67TM
DPFPS (Ruan et al. 2021) 93.52% 91.24M 1.00M
Hybrid Search (F = 70M) 93.95%  69.70M 1.53M

Method Topl Acc (%) FLOPs (M)
MobileNet-Base 70.6 569
Uniform(0.75x) 68.4 32D
NetAdapt (Yang et al. 2018) 69.1 284
AMC (He et al. 2018b) 70.5 285
MetaPruning (Liu et al. 2019) 70.6 281
Hybrid Search (F = 285M) 70.8 283
Uniform(0.5x) 63.7 149
MetaPruning (Liu et al. 2019) 66.1 149
Hybrid Search (F = 150M) 67.5 150
Hybrid Search (F = 100M) 65.3 100
Uniform(0.25x) 50.6 11
MetaPruning (Liu et al. 2019) 07.2 41
Hybrid Search (F = 50M) 59.8 49

Table 3: Top-1 accuracy of VGGNet on CIFAR-10.

Table 5: Pruning results of MobileNet on ImageNet.
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EHA#% Model Method Topl Acc (%) TopS Acc (%) FLOPs (M) Ratio]
- ‘-‘L— —
Base model 69.66 89.08 1824.52 -
SFP (He et al. 2018a) 67.10 87.78 1061.87 41.8%
DSA (Ning et al. 2020) 68.61 88.35 1080.12 40.8%
ResNet-18 MiL (Dong et al. 2017) 66.07 86.77 1193.24 34.6%
FPGM (He et al. 2019) 68.41 89.63 1080.12 40.8%
ABCPruner-100 (Lin et al. 2020c¢) 67.80 88.00 968.13 46.9%
Hybrid Search (F = 1000M) 69.44 88.83 990.90 45.7%
Base model 73.28 91.45 3679.23 -
SFP (He et al. 2018a) 71.83 90.33 2167.07 41.1%
ResNet.34 FPGM (He et al. 2019) 72.63 91.08 2167.07 41.1%
] ABCPruner-90 (Lin et al. 2020c¢) 70.98 90.05 2170.77 41.0%
DPFPS (Ruan et al. 2021) 72.25 90.80 2170.77 41.0%
Hybrid Search (F = 2000M) 73.20 91.00 1986.10 46.0%
Base model 76.01 92.96 4135.70 -
SFP (He et al. 2018a) 74.61 92.06 2406.98 41.8%
FPGM (He et al. 2019) 75.59 92.87 2167.07 A47.6%
ResNet-50 ABCPruner-80 (Lin et al. 2020c¢) 73.86 91.69 2390.43 42.2%
' ; SRR-GR (Wang, Li, and Wang 2021) 75.11 92.50 1856.62 55.1%
SCOP (Lin et al. 2020c¢) 75.26 92.50 1877.29 54.6%
DPFPS (Ruan et al. 2021) 75.55 92.54 2224.63 46.2%
Hybrid Search (F = 1800M) 75.74 92.56 1736.20 58.0%

Table 4: Pruning results of ResNet on ImageNet.
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i RSEa
XM R Ran R TR RV HRISES

BT EFHI TIB RS

Model ¢; in layers Top-1 Acc FLOPs Model Phase 1 Phase 2 Top-1 Acc (%) FLOPs
14 93.1%  69.1M X v 62.3 144M

FPGM 93.3%  69.8M MobileNet  / X 65.5 147M

VGG-16  APoz 93.7%  69.2M v v 67.5 150M

HRank 93.7% 68.1M

Search 94.0%  69.7TM _ _
Table 8: Pruning results after removing one of the search

phase.

Table 7: Pruning results with different pruning algorithms.
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