CNN
(Convolutional Neural Network)
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Image Filtering(Convolution)
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— Convolution layer

QB MNIST
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4 & - Convolution layer

0: €%t 20| E 22| 7t 27|
import torch
import torch.nn as nn
import torch.optim as optim
import torchvision
import torchvision.transforms as transforms

#1: H|O[HM 2E S MK

transform = transforms.Compose(][
transforms.ToTensor(), # O|O|X| & HIA 2 HZt
transforms.Normalize((0.5,), (0.5,)) # B 0.5, ETH Xl 052 H 3t

1)

ot A HAEHOHALCIREE R 2E
train_dataset = torchvision.datasets.MNIST(root="./data’, train=True, transform=transform, download=True)

test_dataset = torchvision.datasets.MNIST(root="./data’, train=False, transform=transform, download=True)

# HO[HZE -4 (HO|H Z HiX| tHRI 2 | O | 5)
train_loader = torch.utils.data.DataLoader(dataset=train_dataset, batch_size=64, shuffle=True)
test_loader = torch.utils.data.DatalLoader(dataset=test_dataset, batch_size=1000, shuffle=False)




4 & - Convolution layer

(#2: LR= S Rol A
class TestCNN(nn.Module):
def __init_ (self):
super(TestCNN, self). __init_ ()
self.relu = nn.ReLU()
AT SES S ARG (=), S kS 16

self convl =nn. Conv2d(|n channels=1, out_channels=16, kernel_size=3, stride=1, padding=1)
RH oI-A'l_' x OIE=| XHI—'| 16, = j<E=| XHl—Eﬂ 32

self.conv2 = nn.Conde(m_channeIs 16, out_channels=32, kernel_size=3, stride=1, padding=1)

def forward(self, x):
# °.=,W = ->RelU > Z &

= self.relu(self.convl(x)) # & = [B, 1, 28, 28] -> [B, 16, 28, 28]
x = self.relu(self.conv2(x)) # & & [B, 16, 28, 28] -> [B, 32, 28, 28]

return x

model = TestCNN()
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Pooling (Sub-sampling)
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Pooling (Sub-sampling)
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#& - Pooling Layer

Feature maps

Convolutions Subsampling Convautions Subsampling

Low-level features Mid-level features High-level features
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— Convolution layer

Q& MNIST
(Xt &==M, 0~9)
28x28
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4 & - Convolution layer

(#2: LR= S Rol A
class TestCNN(nn.Module):
def __init_ (self):
super(TestCNN, self). __init_ ()
self.relu = nn.ReLU()
AT SES S ARG (=), S kS 16

self convl =nn. Conv2d(|n channels=1, out_channels=16, kernel_size=3, stride=1, padding=1)
RH oI-A'l_' 7< OIE=| XHI—'| 16, = j<E=| XHl—Eﬂ 32

self.conv2 = nn.Conde(m_channeIs 16, out_channels=32, kernel_size=3, stride=1, padding=1)

2 S EUAETRE AT HEOE A
self.pool = nn.MaxPool2d(kernel_size=2, stride=2)

def forward(self, x):
# S8 E >RelU > =2

x = self.pool(self.relu(self.convi(x))) # 2 =: [B, 1, 28, 28] -> [B, 16, 14, 14]
x = self.pool(self.relu(self.conv2(x))) # & =: B, 16, 14, 14] -> [B, 32, 7, 7]

return x

model = TestCNN()
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4l&= - Convolution layer
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4 & - Convolution layer

(1. =R=TpSjel
class TestCNN(nn.Module):
def __init__(self):
super(TestCNN, self). _init_ ()

self.relu = nn.ReLU()

AR BT S T A (S, B L

self convl = nn.Conv2d(in_channels=1, out_ channels 16, kernel_size=3, stride=1, padding=1)
SHA AT S 8 kY 16, 5 A Y 32

seIf.convZ = nn.Conv2d(|n_channeIs 16, out_channels=32, kernel_size=3, stride=1, padding=1)

#EY S AERZ 7| HHIOZ =
self.pool = nn.MaxPool2d(kernel_size=2, strlde—2)

# 2™ AA B 7x7 7|2 3270 M 22 1070 EfA 2
self.fc = nn.Linear(32 * 7 * 7, 10)

def forward(self, x):
# St & > RelU -> =2
= self.pool(self.relu(self.convl(x))) # =B, 1, 28, 28] -> [B, 16, 14, 14]
x = self.pool(self.relu(self.conv2(x))) # & =: [B, 16, 14, 14] -> [B, 32, 7, 7]

# HIM S 1K 2= HEtg}
X =x.view(-1,32 *7 *7)

#AT™ AL B
x = self.fc(x)
return x

model = TestCNN()



Low-Level Vision Task
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Super-Resolution
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Dataset
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LeNet

32x32x1 28 28x6
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“Gradient-based learning applied to document recognition,”

vision.stanford.edu/cs598 spring07/papers/Lecun98.pdf



http://vision.stanford.edu/cs598_spring07/papers/Lecun98.pdf

e
Al — LeNet

e N
import torch.nn.functional as F

class LeNet(nn.Module):
def __init_ (self):
super(LeNet, self). _init_ ()
self.convl = nn.Conv2d(1, 6,5) # (input=1, output=6, kernel=5x5)
self.pool = nn.AvgPool2d(2, 2)
self.conv2 = nn.Conv2d(6, 16, 5)
self.fcl = nn.Linear(16*4*4, 120) # MNIST 7| =
self.fc2 = nn.Linear(120, 84)
self.fc3 = nn.Linear(84, 10)

def forward(self, x):
x = self.pool(F.relu(self.convi(x)))
x = self.pool(F.relu(self.conv2(x)))
x = torch.flatten(x, 1)
x = F.relu(self.fc1(x))
x = F.relu(self.fc2(x))
x = self.fc3(x)
return x




AlexNet

CONV

Overlappil
11 x11, Overlapping CONV ,\X:; ?;,Fggf
3 stride = 4, Max POOL 5x5, pad = 2, 3x 3. stride = 2
96 kernels 3 x 3, stride = 2 256 kemels '
9 % / A 256
227 —— — t==39 ’/ —
= (A 27
11 § 55 27 7
13 7
1 (55-3) 27 (27+272-5) 27 (27-3)
(227-11) 55 R+1=27 n+1=27 R2+1=13 13
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13 | &2 13 - =
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ImageNet ALICH2| &5
Herxte| o| S 2 |
Max pooling

RelU A& o .
“Imagenet classification with deep convolutional neural networks,”

proceedings.neurips.cc/paper files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
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https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

Al= _ AlexNet

import torchvision
torchvision.models.list_models()

‘alexnet ',
‘convnext_base’',
‘convnext_large’,
‘convnext_small ',
‘convnext_tiny ',
‘deeplabyi_mobi lenet_v3_large’,
‘deeplaby3_resnet101',
‘deeplabyi_resnethl’,
‘densenetizl’,

‘densenetigl’,

‘densenet169

‘densenetz01 ",
‘efficientnet_bo",




Al= _ AlexNet

import torchvision.models as models

# A7 25 2l (pretrained) AlexNet 221 27|
alexnet = models.alexnet(pretrained=True)

#EE= HHE X7|31E AlexNet 22{ 27|
alexnet = models.alexnet(pretrained=False)
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VGGNet

y // 56Ix 56 x 256
K Y VA
= (//} 1‘_"v ¢ -ll.; ia ) l,.)- ‘
uln [{‘ ( I/ I’,T’ r ]/,Lll." 4{ 'I'.",, -II L. 1x1x4096 1x1x1000

. I‘l convolution+ReLU

] max ])ln)““u
fully connected+RelLU

softmax

2 filterS A 4 ™ THoverfitting) 0] M += AUS
> &2 TE F(3x3) 6{2] 8 A}-Z (Receptive fieid)

“Very deep convolutional networks for large-scale image recognition,”
arxiv.org/pdf/1409.1556



https://arxiv.org/pdf/1409.1556

e
AlZ — VGGNet

import torchvision
torchvision.models.list_models()

EWIN_D,
‘sWin_s',
swin_t"',
"swin_ve_b',
‘sWin_ve_s',
'owipn we
(’>'vgg11', <‘\
"voggli_bn',
"vagld',
"vogl3_bn',
'wogle',
"vogl6_bn',
"wogl9',
\\»'vgg19_bn', <‘/
wIT_ DT,
"Wit_b_32',
"Wit_h_14',
wit_I_16",
Wit__ 32",

30



-
GoogleNet

Filter Inception module
concatenation
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling
o A ' - e >
~— - i
\\\ S //» > > =
\\\ 7 i g
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CIst 37| 9| filter A2 =2 CIY St receptive field
S Lo 20| A HHE X2

“Going deeper with convolutions,”
arxiv.org/pdf/1409.4842



https://arxiv.org/pdf/1409.4842

A& - GooglLeNet

import torchvision
torchvision.models.list_models()

tasterrcnn_resnetbi_tpn_wve',
fon_resneti10l ',
focn_resnetho’,

fcos_resnethbl _fpn',
qood | enet ',
Incept 1on_vs ',
keyvpointrocnn_resnetb0 _fpn',
| raspp_mobilenet_v3_large’,
maskrcnn_resnetbO_fpn',
maskronn_resneth0_fpn_ve ',




ResNet

t layer
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o O

“Deep residual learning for image recognition,”

arxiv.org/pdf/1512.03385



https://arxiv.org/pdf/1512.03385

AlZ — ResNet

import torchvision
torchvision.models.list_models()

‘regnet_y_s00mf ',
‘regnet_y_8af ',
resnet 101",
‘resnet1be’,
'resneti1s’,
‘resnet3d’,
Jesnethi’,
‘resnext101_32x6d ',
‘resnext101_Bdxdd ",




e
MobileNet

Depthwise Convolution

- <
N\ \\_
' ‘ Pointwise Convolution
N
AL L
NN RN Dyx Dy conv[® A\ AN
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— = ——— | L [—/
— —
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) M H
Edge(Mobile) ZH|0|M E&X 2 £ convolution & WHHO| g1 27}
Conventional Convolution =» Depth-wise + Point-wise

“MobileNets: Efficient convolutional neural networks for mobile vision applications,”

arxiv.org/pdf/1704.04861



https://arxiv.org/pdf/1704.04861

e
AlZ — MobileNet

import torchvision
torchvision.models.list_models()

Maxvit_t",

‘mes_18",
‘mnasnetd_b',
‘mnasnetd_7h',
‘mnasneti_0°,
‘mnasnet 1 3!

‘mobi lenet_wve ',
‘mobilenet_w3_large’,
‘mobilenet _w3_small "',
Myt _wi1_D
myit_we s,

‘gquant ized_googlenat ',




e
U-Net

Concatenation
input tOfCh.Cat([XZ X]-] 1) t
|ma(gi]|§ > ! ’ *1*|* gg;pmuentalion
- map
H Transposed Convolution

.| _| ll 1 .| nn.ConvTranspose2d(in_c, out_c, k_size, stride)

|
]’l’l =»conv 3x3, ReLU
t

- copy and crop
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¥ s
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' L
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“U-Net: Convolutional Networks for Biomedical Image Segmentation,”

[1505.04597] U-Net: Convolutional Networks for Biomedical Image Segmentation



https://arxiv.org/abs/1505.04597

U-Net: Transposed Convolution

Feature map 7| 7| 27| (Up-sampling)

= De-Convolution: |22 ZE gt& X
=>» Transposed Convolution: *HE-E— dE S50

Type: conv - Stride: 2 Padding: 1 Type: transposed’'conv - Stride: 2 Padding: 1

Input Output Input COntput




TERMINAL

PS C:\DL_EX> pip install segmentation_models_pytorch

import segmentation_models_pytorch as smp

model = smp.Unet(
encoder_name="resnet34", # 2= network
encoder_weights="imagenet", # Al St E 715X AR

in_channels=3, # 2= O|0|X| X{ ‘2 (RGB)
classes=1 # X5 =8 A 5




GAN(Generative Adversarial Networks)
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“Generative Adversarial Networks,”
[1406.2661] Generative Adversarial Networks



https://arxiv.org/abs/1406.2661

e
415 - GAN

CHFot Gan Lol &S

GitHub - eriklindernoren/PyTorch-GAN: PyTorch implementations of Generative Adversarial Networks. - GitHub



https://github.com/eriklindernoren/PyTorch-GAN

