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 LeNet 3 AR ERDHERL :
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AlexNet
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FC (1000)

t

FC (4096)

t
« 20125F, AlexNet t&==HH., BEEH/XUE FC (4096)

B Y =2 T LA SF TiRit
FUSHIE. B—& 7RISV oo e T
%EI’\JEJ”J% AlexNet {5 1 8EHF1H o TR

iz, FF L,L?chﬁ’wﬁ%m?%nmz 7S (120 53 Conv (394 pad
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5 x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4

1 t

Image (28 x 28) Image (3 x 224 x 224)
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AlexNet
I

. TE AlexNet FIS—2, BIRETRFARE 11x11, BFA Fotow
%4 ImageNet FEIGAIZAIEEL MNIST EBISREYZ10(5LA FC (4096)
F, mit, EEAEANEREORRRER. B2 o

PHESTREMIAHEGER 5x5 , AfaE 33, Whh, &
F—EB. FEMFREZE, IMABORRA %3, &

IEA 2 IRAHILE. ItEoh, AlexNet FOBTIRBER il e ——
LeNet Y1013, FC (84) 3 x 3 Conv (384), pad 1
. ERE—ENEEEFHNEER, HE54096 M, 1 T —

XFNTEREERERERKT 1GB iEEISE, BT

B8 GPU BFAIR, JRhRAY AlexNet XA 7 WEGRRIRT,
EEEF GPU RAGEFMEMIT EEEN—F2E,. =iz DR niln) SPCo (50 el 2
HIE, EGPUEFHENIFERE, FRLARIIERDEERES | 1 [
GPU ffRias (R, FIAYAlexNet =B EIX S E SRR

A 5 x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
1B HEBEARE). t t
Image (28 x 28) Image (3 x 224 x 224)

LeNet (&£), AlexNet (B9)
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’ 1 N =TI N S K 2 Yxan N=IIN NP~
¢ AIeXNet 'l%' SlngId Iﬁ&l%@é&&b%'@%ﬁg ReI—U Iﬁ&l%@é&o FC (1000)
class AlexNet(nn. K 4
def (self): FC (4096)
(AlexNet, . @) t
.convl = nn. (3, 96, 11, stride=4, padding=2)
.pooll = nn. (3, stride=2) FC (4096)
.conv2 = nn. (96, 256, 5, padding=2) f
-pool2 = nn. (3, stride=2) LeNet (E) ,  AlexNet (E) 3 x 3 MaxPool, stride 2
.conv3 = nn. (256, 384, 3, padding=1)
.conv4 = nn. (384, 384, 3, padding=1) t
= nn. (384, 256, 3, padding=1) FC (10) 3 x 3 Conv (384), pad 1
= nn. (3, stride=2) T f
= nn. (256 * 6 * 6, 4096)
= nn. (4@96, 4@96) FC (84) 3 x 3 Conv (384), pad 1
= nn. (4096, 10) 4 4
(self ) FC (120) 3 x 3 Conv (384), pad 1
self, x):
x = (seLf.convi(x)) i f
X = . (x) 2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
X = ( : (x)) 4 $
z : : ( (x) (x)) 5x 5 Conv (16) 5 x 5 Conv (256), pad 2
X = ( (x)) “ . t {
X = ( - (x)) Talk is 2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
X = : (x)
* (-1, 256 7 6 © 6) Cheaﬁ. Shzw » 5x500n3(6) pad 2 1"Mx1 Convt(96) stride 4
X = ( (X)) me the code. ' :
X = ( ) t t
X = Fe3(x) Image (28 x 28) Image (3 x 224 x 224)
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VGG16

VGG16
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VGG16

224 X 224 X 64
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@ max pooling
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ConvNet

Configuration
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3. 283 Inception L

1x1 &HF (Network in Network)

Why does a 1 X 1 convolution do?

(B[2[3s[5]8 2[<[6].- |
3[s[s[1(3]a I [ |
2(113|4]9|3 |-
4|(7(8|s5|7]|9 = | 1
1(5(3[7 (4|8 T 6 % 6 X # filters
5|ale|8[3]|5 | .

6x6 <L

6X6x32 1x1x32 6 % 6 % # filters

1x 1EREMEXFESLI] ¥ — S EEINEERN (doing
something pretty non-trivial) , B4R
TR REL, AR ERIF AN EPRYBIEE]
EAT, SRNRFER, ILUENEELE.




3. 283 Inception L

» -|+--
Inceptionf=iR
T Wty by v
/ & \

\3 x)w’

d_x 8 mx
28 )8>< 192 ﬁ\n\m(\l :

— AL

T — & \ 28%2E %25 6

==

fxs convolutions

1x1 convolutions

5x5 convolutions

1x1 convolutions

?

?

?

1x1 convolutions

1x1 convolutions

3x3 max pooling

B 71 XFRInceptiontZiR, {FFJLUBGAENE,

RACENTHhEHF, XERZHEHA

32+32+128+64=256, Inceptiont=RAVEHIA N

28x28x192, Hit/928x28x256,
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DenseNet

DenseNetZ220178FECVPRE

X IR HAY— ARG T RLE R 4%
&, HEFRRT "B
/%S (Densely
Connected Network) “

DenseNetfI8lFETAETFTER
ANTREEE, (F
BEEEEINSS

2R2i1=’g |

“a1
==l

5
A

T

, TEABIE
. DEIFE

=

INLAS

—
« m—
A

-

&S, Bintail

+ means concatenation
operation

452

SIE

RERENIS T ANiE

EF@:

Figure 1. A 5-layer dense block with a growth rate of & = 4. Each
layer takes all preceding feature-maps as input.
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DenseNet

B9, DenseNetk

ResNet&ERIMFTAIIGTRHENEES, B

DeﬂS@NetLL@_LT‘f.;§< Ez, (FE—EEERREEIZ N ZRIERSE

, 1R T FHIRYIREIAE

Standard CNN

IR

, NTERRELERER | S iE 14 E3RIEE T

EESSY

SO o )

ResNet

DenseNet
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EfficientNet |

EfficientNet-B7
EfﬁcientNetx%—ﬁF% FESMSERERAE pmsai o= =
R, BARENTF2019ERN, % . Ve v
EMT%%6§\EM¢JW§@“ﬂ£E§ e
%E H& TZ_ %H:E’J gb“ ,_f:_..-"'.I.rr;:eption-ResNet-vz
'é_ ,’ Xceptlon
EfficientNetBNIRITBIERTHRELIUILEY 2= [1 eResNet-152 i
2 ResNet 152 (He eval, 2016) | 778%  60M
AN EH#H - T Bb DenseNet o EfficientNet-B1 791%  7.8M
W %IU\IU\- %_A_ I Rcs§:Xt-I()l (Xie et al., 2017) s()..w 84M
1R LR LENTIEZT (Neural Architecture =" ,.' ResNet:50 SERe 837w
Search, NAS) 5F|II7|‘§’q nEAo 1| § Tnception-2 G s T 8355
H - EJ\ ﬁk'ﬁ: @J I\iiﬂj;]: L] sl g l_Li/j /j éﬁ NASN%F;;Net-M ot o

B& (Accurate Scallng) ;E-Lnyﬁﬁlﬂ El;ﬂ%i; ' . v Nur(;(t))erof g;rameltg'r)s (Milllfc‘))ns) “” 16“ o
. BEMDHERNAGEA.
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EfficientNet

#channels , . : !
jm b - —— s wider memem e 5 :
! . i . deeper

= | )
L J
- layer =

" higher —..--higher
} resolution HxW i resolution __Z_.regsolution
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.
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(ERFERIE S

Go to file Add file

O Search or jump to... Pull requests Issues Marketplace Explore
Clone ®
. . HTTPS SSH GitHub CLI
H wzy6642 / Dive-Into-Deep-Learning-PyTorch-PDF ®Watch + 3 # Unstar 178 % Fork 63
https://github.com/wzy6642/Dive-Into-Deep- 15
<> Code (1) Issues {0 Pull requests (& Actions [ Projects  [T] Wiki () Security | Insights Use Git or checkout with SVN using the web URL

— B9 Open with GitHub Desktop

# main - # 1branch  © 0 tags Go to file Add file ~ About

- vh v s il Download ZIP
FRERIHI (HFLREST) F @
@ Wzy6642 Update README.md 976408 on 9 Feb Y 44 commits HEBE 1T 7 PyTorch=L I HE2IE HPDF
MRAME T
code Add files via upload 4 months ago
M Readme
data Update readme.md 4 months ago
&8 GPL-3.0 License
img Add files via upload 4 months ago
pdf Add files via upload 4 months ago |
Releases
[ .gitignore Initial commit 4 months ago
No releases published
[ LICENSE Initial commit 4 months ago
[ README.md Update README.md 3 months ago
Packages
. No packages published
‘= README.md

Dive-Into-Deep-Learning-PyTorch-PDF Languages
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Color shifting

2 | Adeancd:
EieeE R
E E il - - clase G':;
F\Ylb‘?h‘t)’(’ Cep

. Lt ) e o 1
import torch * — ‘ A Py

- - - ’ Al v gL e ,». -~ &»‘\M aads
from torchvision import transforms . AN i ‘NS J % iy :

. ,J —— ~ Random Cropping
/

# Random horizontal flip :
transforms. (p=0.5)
# Random vertical flip
transforms. (p=9.5)
# Random rotation of angle between -degrees and degrees

transforms. (45)
# Random crop and return output of fix size

transforms. (224)

# Resize the image
transforms. (256)

# Apply a linear affine transformation (translate, scale, shear, etc.)
transforms. (matrix , resample , fillcolor=0)
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FigEs)
T3] (Transfer Learning) 22|14 FaIREL SR ED)|
s, 1TREIEREFZIPIEEEENERI—KRES,

Transfer Learning

AT

Task 1

= -\
Predictions1
T i '

Knowledge transfer

Task 2

 Predictons?
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1.{E ATl SR RY RS + VGG
 ResNet

net = models.resnetl8(pretrained=True) « SqueezeNet
 DenseNet

2 REEIEBINE * Inception
 GoogLeNet

for param in net.parameters(): #HiBHE MERISE]  ShuffleNet

param.requires_grad = False #2#{{% & /JFalse « MobileNet
3B EERE

# FERERIEEEREST7E
device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
net.fc = nn.Linear(512, 10)
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- |IAN GOODFELLOWE, (FREZY) , ARHPHEMLMsL, 2017
« Andrew Ng, http://www.deeplearning.ai
« LeNet-5: Gradient-Based Learning Applied to Document Recognition (Yann

LeCun, 1998)
« AlexNet: ImageNet Classification with Deep Convolutional Neural Networks

(Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012)


http://www.deeplearning.ai/

S5 3R

N I —

« VGG: Very Deep Convolutional Networks for Large-Scale Image Recognition
(Karen Simonyan and Andrew Zisserman, 2015)

« GooglLeNet/Inception Net: Going Deeper with Convolutions (Christian Szegedy
et al., 2015)

« ResNet: Deep Residual Learning for Image Recognition (Kaiming He et al., 2016)

« DenseNet: Densely Connected Convolutional Networks (Gao Huang et al., 2017)

« MobileNet: MobileNets: Efficient Convolutional Neural Networks for Mobile
Vision Applications (Andrew G. Howard et al., 2017)

« EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks
(Mingxing Tan and Quoc V. Le, 2019)
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