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Difference between pruning and quantification - It S&2AIXFI

Classification of pruning methods - BIfy & iESZE

Pruning process - B3fz,iAE

LI-norm based Channel Pruning - L1-normBESf; &%
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To prune, or not to prune: exploring the efficacy of pruning for
model compression

Table 4: NMT sparse vs dense results

— 1o - #units Sparsity NNZ params EN-DE BLEU score DE-EN BLEU score
ERFLREERERT , KiHEE

256 0% 34M 23.52 26.52
L/ NSRS T SR TERC I 2605 2558
e . ~ N . 768 0% 140M 26.63 2941
éﬁ_-fﬁ%ﬁZE *ﬁﬁﬁTﬁﬂ%ﬁﬂ: I ﬁﬂx 1024 0% 211M 26.77 29.47
- 80% 44M 26.86 29.50
| =] 85% 33M 26.52 29.24
FRARRETREL. %0% 23M 26.19 28.81
RFRBRAIER T , EREHRE
E/‘J*E;_—ﬂ Egﬁ% H]go Table 1: Model size and accuracy tradeoff for sparse-InceptionV3
o - Sparsity NNZ params Top-1acc. Top-5 acc.
AR R LA R R AE P 7 o 0% 27.1M 78.1%  94.3%
. 50% 13.6M 78.0% 94.2%
A&RE. 75% 6.8M 76.1%  93.2%
87.5% 3.3M 74.6% 92.5%
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BIfREE

Name

Brief Introduction of Algorithm
Pruning the specified ratio on each weight element based on absolute value of weight element

Pruning output channels with the smallest L1 norm of weights (Pruning Filters for Efficient Convnets)

Pruning output channels with the smallest L2 norm of weights
Filter Pruning via Geometric Median for Deep Convolutional Neural Networks Acceleration

Pruning output channels by pruning scaling factors in BN layers(Learning Efficient Convolutional Networks through Network

Slimming)

Pruning output channels based on the metric APoZ (average percentage of zeros) which measures the percentage of zeros in activations of
(convolutional) layers.

Pruning output channels based on the metric that calculates the smallest mean value of output activations

Pruning filters based on the first order taylor expansion on weights(Importance Estimation for Neural Network Pruning)

Pruning based on ADMM optimization technique
Sparsity ratio increases linearly during each pruning rounds, in each round, using a basic pruner to prune the model.

Automated gradual pruning (To prune, or not to prune: exploring the efficacy of pruning for model compression)

The pruning process used by "The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks". It prunes a model
iteratively.

Automatic pruning with a guided heuristic search method, Simulated Annealing algorithm
Automatic pruning by iteratively call SimulatedAnnealing Pruner and ADMM Pruner
AMC: AutoML for Model Compression and Acceleration on Mobile Devices

Movement Pruning: Adaptive Sparsity by Fine-Tuning
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https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1608.08710
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1811.00250
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1708.06519
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1607.03250
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
http://jankautz.com/publications/Importance4NNPruning_CVPR19.pdf
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1804.03294
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1710.01878
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1803.03635
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1907.03141
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1907.03141
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/1802.03494
https://nni.readthedocs.io/zh/stable/reference/compression/pruner.html
https://arxiv.org/abs/2005.07683
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- Unstructured Pruning (EIIE?E#SJHG 5% ) * Structured Pruning ( Z13{4555; )
BB IR S AU EE Bl A R oA TR, XY filter / channel / layer JH{TEIf
ki - > g

Fine-Grained layer-level channel-level Filter-level
Sparsity(0-D) Sparsity(1-D) Sparsity(2-D) Sparsity(3-D)

B
A
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IRBIBIEI 2%

Unstructured Pruning ( IE&13{4554; )
Pros : I ELAEER , iRBIFE4ELLS
Cons : I8EADIR , Bt StNERME T , 128 T R4 ELASCINEFaF 0 INERAYHER

Structured Pruning ( £&5183{L854: )

Pros : KERDEIETE channel B layer FIHHTEIR: , (REBIRIBEIAEN , AR ET AL
Cons : BIR B A BT EZY

11 Huawei Confidential. Ascend


http://www.hiascend.com/

12

Weight distribution of CNN layers for different pruning methods
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IRBIBREREHTT

Il€x Training : JIIZRI SEUIREL | 1SEIGIENRZMERE , LULAERE ;
BI#% Pruning : tRIBEIZIMRILEIR, , EENEREMFIBESEE , 525 EHIMEREN ;
{ilif Finetune : TE[REWESE LHITHUA , BT EFHNAAERRRIMHEE X LRI EIERE,

4 ) i ) 4 )

Training [— Pruning [—— Fine-tuning
& 4 - 4 o 4

I L A fREIRSE

15 Huawei Confidential. Ascend


http://www.hiascend.com/

ER—AMEEL > IHEBLHTEI > WEIR RS TR
' l l

= ==

L@
km

16 Huawei Confidential. Ascend www.hiascen d.com

E TR



http://www.hiascend.com/

L1-norm

BIREIA
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L1-norm based Channel Pruning

{85 LI-norm tREREES]

RINEBIE , Ll-norm R—MRIFIGIREINZATE , M

ER—"MilterAYEIHEFILLEL

\, GiBRfilter FARE, 1838 HXI BRSNSk

BT B ZR B ST HYPZS,
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L1-norm based Channel Pruning

BESR

| SENEIL R, TTETRINESESHE (Ll-norm ) ZF1 S, = YL SIKI| ;
2. HRIEEFRRAIL -norm (& S; HTHER ;

3. 18 m MUELEIHEZFIE/MIBTIZLUR IR feature mapsi#HfTEIR ;

4, F—EIEPSEE feature maps FREIIBTUL F,, . ; tHEBI ;

5. ST | B i+ BT EEMEROIE | B FTNES SRS SR s,
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L1-norm based Channel Pruning

Dataset Model Unpruned  Prune Ratio  Fine-tuned Scratch-E Scratch-B
30% 93.51 (£0.05) 93.71 (£0.09) 93.31 (£0.26)
VGG-19 93.50 (£0.11) 80% 93.52 (£0.10) 93.71 (£0.08) 93.64 (£0.09)
95% 93.34 (+0.13) 93.21 (£0.17) 93.63 (+0.18)
30% 95.06 (£0.05) 94.84 (£0.07) 95.11 (£0.09)
CIFAR-10 | PreResNet-110 | 95.04 (£0.15) 80% 94.55 (£0.11) 93.76 (£0.10) 94.52 (£0.13)
95% 92.35 (£0.20) 91.23 (£0.11) 91.55 (£0.34)
30% 95.21 (£0.17) 95.22 (£0.18) 95.23 (+0.14)
DenseNet-BC-100 | 95.24 (£0.17) 80% 95.04 (£0.15) 94.42 (£0.12) 95.12 (£0.04)
95% 94.19 (£0.15) 9291 (£0.22) 93.44 (£0.19)
30% 71.96 (£0.36) 72.81 (£0.31) 73.30 (£0.25)
VGG-19 71.70 (£0.31) 50% 71.85 (£0.30) 73.12 (£0.36) 73.77 (£0.23)
95% 70.22 (+0.38) 70.88 (£0.35) 72.08 (+0.15)
30% 76.88 (£0.31) 76.36 (£0.26) 76.96 (£0.31)
CIFAR-100 | PreResNet-110 | 76.96 (£0.34) 50% 76.60 (+£0.36) 75.45(£0.23) 76.42 (£0.39)
95% 68.55 (£0.51) 68.13 (£0.64) 68.99 (£0.32)
30% 77.23 (£0.05) 77.58 (£0.25) 77.97 (£0.31)
DenseNet-BC-100 | 77.59 (£0.19) 50% 77.41 (£0.14) 77.65 (£0.09) 77.80 (£0.23)
95% 73.67 (+£0.03) 71.47 (£0.46) 72.57 (+0.37)
30% 73.68 72.75 74.02
ImageNet VGG-16 7331 60% 73.63 71.50 73.42
ResNet-50 76.15 30% 76.06 74.77 75.70
60% 76.09 73.69 7491

Table 6: Results (accuracy) for unstructured pruning (Han et al., 2015). “Prune Ratio” denotes the percentage

of parameters pruned in the set of all convolutional weights.
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Channel Pruned VGG-16 on CIFAR-10
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o 1EBYFEYE : BURSELE https://zhuanlan.zhihu.com/p/462026539

o To prune, or not to prune: exploring the efficacy of pruning for model compression

o The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks

o Zhu M, Gupta S. To prune, or not to prune: exploring the efficacy of pruning for model compression[J]. arXiv: Machine Learning, 2017.

e Han S, Pool |, Tran J, et al. Learning both weights and connections for efficient neural network[C]. Advances in neural information processing systems..
o LeCun, Denker ] S, Solla S A. Optimal brain damage[C]//Advances in neural information processing systems. 1990: 598-605.

o GuoY, Yao A, Chen Y. Dynamic network surgery for efficient dnns[C]//Advances In Neural Information Processing Systems. 2016: 1379-1387.

o AutoCompress: An Automatic DNN Structured Pruning Framework for Ultra-High Compression Rates

o A Systematic DNN Weight Pruning Framework using Alternating Direction Method of Multipliers

o Network Trimming: A Data-Driven Neuron Pruning Approach towards Efficient Deep Architectures

o Learning Efficient Convolutional Networks through Network Slimming

o Filter Pruning via Geometric Median for Deep Convolutional Neural Networks Acceleration

o Pruning Filters for Efficient ConvNets.
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