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FULLY CONNECTED NEURAL NET

Example: 1000x1000 image 4
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MBPFHZE WM 2& EI| EFAHRZ M 2% - LeNet-5
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C3: f. maps 16@10x10
INPUT C1: feature maps S4:1. maps 16@5x5

6@28x28
32x32 S2:f. maps CS:layer pg. Jayer OUTPUT
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Fullcoanection ‘ Gaussian connections
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Feature map Number of unit | Training
size parameters
Cl 32 x32 5x5x1->6 28 x 28 28 x 28 x 6 156 (5x5+1)x6
S2 28 x 28 2 x 2(sampling zero) 14x 14 14x14x 6 12 2x6
C3 14 x 14 5 x 5x1->16 10 x 10 10x10x 16 1516 6% (3*5x5+1) +6*

(4*5x5+1) +3*
(4*5x5+1) +

(5x5*6+1)
S4 10 x 10 2 x 2(sampling zero) 5x5 5x5x16 32 2*16
C5 5x5 5x5x1->120 1x1 1x1x120 48120 120* (16*5*5+1)
F6 84 node 10164 7x12*(120+1)
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2012 AlexNet

2013 Clarifai 5+3 60M
2014 MSRA 5+3 200M
2014 VGG-19 16+3 143M
2014 GoogleNet 22 6.8M
2015 ResNet 152 19.4M
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* Low-Rank

* Pruning

* Quantization

* Knowledge Distillation

* Compact Network Design
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miCML2017  ARAI2017, s
475, 5% 21, 3% 35 31 33 + Quantization becomes popular
= NIPS2017, T AAAI2018, 0 - efficient training using quantization

6, 8% 75 - low-bit representation

105, 13% 30 - binary convalutional neural netwarks
ICLR2017, 15 * Pruning is still a hot topic
A4, 5% e ) 4 3
0 - i B . Fewlow-rank based method
& & L i T
® CVPR2018, & & & & ¢
13§, 17% ® |CLR2018, ) o & &
145, 19% &ﬁP
W CVPR2017, 4
1074, 14%
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o EIEM BRI ZE] (compact net)

o MZEEIRL (pruning)

o« Z# w4k (quantization)
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Publication Key technology
Network model

SqueezeNet ICLR-2017 Han.etc.(Berkeley&Stanford) 5| Afire module, 1 1*1 )&% &
HFIE B (feature maps) &=
MobileNet CVPR-2017 Google Depth-wise convolution

(depth-wise convolution + pointwise
convolution)

ShuffleNet CVPR-2017 Face++ Depth-wise convolution
(Group convolution + channel shuffle)
Xception N/A Google MAKFET-Depth-wise convolution ] i
pisy

S,lln0LlNnp>D0LDL6pNL6LDll6lInNN=nN../>6>,.......,6,6.566,,.,65.655l............==.=555....= e, 2
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2= L LE IR B 26 f5l-SqueezeNet (FARTRHER)

O SqueezeNet (IandolaZE A% 1t)  SqueezeNet& it Hr AN T BB FAEFICNNIR B B, e EHiEil
X255 = B, [AIEFIA Bllpublic M Z& R ARG L o BT ASqueezeNet 32 208 N | PR CONNAR Y 2 B &l e 1 i 11
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BEMW LR 1E B % 5]-SqueezeNet (Fire module)

O Fire module: 5 Kfa B — FconvEZ M E: squeeze/Z+expand)Z, % H T FRelul4i )=
O ffifHFire modulef it e, &slxl < elxl + e3x3, Xffsqueeze layern] PLFR #ill%m NiHiEE & (L
e 2 )R Hg —)

:

]

Pt
a4
=

1x1 convolution filters

d
ew’c\“ 1x1 and 3x3 convolution filters

of of of of 5330 338 3338 533

noaf paaf noof nao

Figure 1: Microarchitectural view: Organization of convolution filters in the Fire module. In this
example, 1,1 = 3, e1;1 = 4, and eaz;3 = 4. We illusirate the convolution filters but not the
activations.
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BEM LR ISR ZEf5-SqueezeNet (LR ZEHIFIINFE)

OO X3 2 25 A0 RIS

Table 1: SqueezeNet architectural dimensions. (The formatting of this table was inspired by the
Inception2 paper (loffe & Szegedy, 2015).)

input image | 224x224x3 - -
convl 111x111x96 | 7x7/2 (x96) 1 100% (7x7) 6bit 14,208 14,208
maxpooll 55x55x96 3x3/2 0
fire2 55x55x128 2 16 64 64 100% 100% 33% 6bit 11,920 5,746
fire3 55x55x128 2 16 64 64 100% 100% 33% 6bit 12,432 6,258
fired 55x55x256 2 32 128 128 100% 100% 33% 6bit 45,344 20,646
maxpoold 27x27x256 3x3/2 4]
fire5 27%x27%256 2 32 128 128 100% 100% 33% 6bit 49,440 24,742
fire6 27x27x384 2 48 192 192 100% 50% 33% Bbit 104,880 44,700
fire7 27x27x384 2 48 192 192 50% 100% 33% 6bit 111,024 46,236
fire8 27x27x512 2 64 256 256 100% 50% 33% 6bit 188,992 77,581
maxpool8 13x12x512 3x3/2 0
o fire9 13x13x512 2 64 256 256 50% 100% 30% Gbit 197,184 77,581
conv10 13x13x1000 | 1x1/1 (x1000)| 1 20% (3x3) 6bit 513,000 103,400
. m:;’m avgpooll0 | 1x1x1000 13x13/1 0 | |
"labrador ! - J L i T 1,248,424 421,098
retriever activations parameters compression info {total) {total)
dog®
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X E M 4ZFE B 2445]-SqueezeNet (ST EZE4))
O Dai— R fire2 M, 1HHIX —ZERSENE.

55*55*%96 (1% 1% 96+1)% 16+(1* 1% 16+1)*% 64+(3% 3% 16+1)* 64
=(1552+1088+9280)=11920

Squeeze layer: 16/~1x1 JEF 75
55*55*16

Expand layer: 641~1x1 JEIK a5 Expand layer: 641~3x3 JEiK s

55*55%64 55*55*64

R

55*55% (64+64)
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BEM LR ISR ZE5]-SqueezeNet (BEHEXTEE)

O

SqueezeNet 5 AlexNet 7E 4% B ALY K /N Il 7 %FEL, W0F

Table 2: Comparing SqueezeNet to model compression approaches. By model size, we mean the
number of bytes required to store all of the parameters 1n the trained model.

CNN architecture Compression Approach Data Original — Reduction in Top-1 Top-5
Type Compressed Model Model Size ImageNet | ImageNet
Size vs. AlexNet Accuracy Accuracy
AlexNet None (baseline) 32 bit 240MB 1x 57.2% 80.3%%
AlexNet SVD {Denton et al. 32 bit 240MB — 48MB 3x 56.0% 19.4%
2014
AlexNet Network Pruning dzHan | 32bit 240MB — 27TMB Ox 57.2% 80.3%
| etal.||2015b)
AlexNet Deep 5-8 bit 240MB — 6.9MB 35x 57.2% 80.3%
Compression (Han
| et al.,|2015a)
SqueezeNet (ours) one 32 hit 4 8MB S0x 57.5% 80.3%%
SqueezeNet (ours) Deep Compression 8 bit 4.8MB — 0.66MB J63x 57.5% 80.3%
SqueezeNet (ours) Deep Compression 6 bit 4.8MB — 0.47TMB S1ix 57.5% 80.3%
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JLFRR S MERE-RER 5 EEF (Deepwise Separable Convolution)
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M
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{a) Standard Convolution Filters
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(b) Depthwise Convolutional Filters
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{c) 1 x 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution
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4R B 4% (pruning)-3& WE X EE

O MREoR 1 BIEGTE R Ega gt Bl CORBHan% Affideep compression)

T'he compression pipeline can save 35 % to 49 parameter storage with no loss of accuracy.

Network Top-1 Error - Top-5 Error | Parameters EGMT press
LeNet-300-100 Ref 1.64% - 1070 KB

LeNet-300- 100 Compressed | 1.58% - 27 KB 40 %
LeNet-5 Ref 0.80% - 1720 KB

LeNet-5 Compressed 0.74% - 44 KB 39x
AlexNet Ref 42.78% 19.73% 240 MB

AlexNet Compressed 42 78% 19.704% 6.9 MB 35
VGG-16 Ref 31.50% 11.32% 552 MB

VGG-16 Compressed 31.17% 10.91% 11.3MB 49 x
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S # = 1¢(quantization)

O EEMSHEE ATH k-meansRIERFRIRYIZRM 25 b 1) H = AUA
RS A U AUE B HAL, AN/ 7 ZE A7 it R BUE 2
AL VP2 E A, IR A A I A AR Y A TR EAR RS O IR E) MR 5l

weights cluster index fine-tuned
(32 bit float) (2 bit uint) centroids centroids

A FH [ A%68 FEE 5E 0T = A A

k
. % . R 2
K-means % % : al‘géﬂmz z |-w {:,_i
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Quantization: less bits per weight

A7 BT =) A = y— =1 ETL V] 2 Pruning: less number of weights
O R EIRL, B R & g is A FP B LA 2 o nainmniei -
'_"\‘ '_L'\ / ¥ R 3 %
A R R N een B i
2 faray . sainal ! Train 1 o : e
(3k HHanZ: A#Jdeep compression) | SR LD, | -
original | i 9x-13x | 35%49x
sze | B | reduction ireducion
|| Train Weights l 4
l\ \ J ,I
Compression statistics for AlexNet. P: pruning, Q: quantization, H:Huffman coding.
Weights% Weight  Weight Index  Index Compress Compress ﬁ P
Layer | #Weights ~ Dbits bits bits bits rate rate ImageN TI.SVRC—-2012 25 V] 2
®) (P+Q)  (P+Q+H) (P+Q) (P+Q+H) (P+Q) (P+Q+H) N == t geNet ILSVRC-2012%45 4R 14
convl | 35K 84% 8 6.3 4 12 32.6% 20.53% 114t
conv2 | 307K 38% 8 55 4 23 14.5% 9.43%
conv3 | 885K 35% 8 5.1 4 26 13.1% 8.44%
convd | 663K 37% 8 5.2 4 2.5 14.1% 5.11%
conv5 | 442K 37% 8 5.6 4 2.5 14.0% 9.43%
fco 38M 9% 5 3.9 4 3.2 3.0% 2.39%
fe7 17M 9% 5 3.6 4 3.7 3.0% 2.46%
fc8 4M 25% 5 4 4 3.2 1.3% 5.85%
Total 61M 11%Ox) 54 4 4 3.2 3.7% (27x) 2.88% (35x)
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