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torch.nn.functional.conv2d(input,
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groups: FHAMAE . ERAREX 2, RERIE L.

A2 BRS8N LR F:

o input: $i AN Tensor Eiflg, B3N (channels H. W). —#E¥4.
B REN R eE IR, . SRR,

o kemel size: LB, FHERMEHEE khxkw). DRRLG
—A~ (R0 3 T P 7 A I

EKIAA kernel size FHIRIE. IXFFEIRALATRT i
Nt = E&. 2

o stride: JHENE .
ACEE. WREE L kemel size /b,
2 T O R o P R

o padding: 7RI ATE/CHIHETE 0. MALRT, 1 F A KB A
BEMBALIX A, W22 FFEHE. Padding 0T LA AR 1 skl i
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HERRIORIBERLE, k0 GRRAEEHNA 0. A
iR .

o ceil_mode: EiH5 %t shape J/hE 44 ceil 1545 floor if 5, &
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In [4]:

# Convolutional network building
network = input data(shape=[None, 32, 32, 3],

network
network
network
network
network
network
network
network
network

data preprocessing=img_prep,
data augmentation=img aug)
conv_2d(network, 32, 3, activation='relu')
max pool 2d(network, 2)
conv_2d(network, 64, 3, activation='relu')
conv_2d(network, 64, 3, activation='relu')
max pool 2d(network, 2)
fully connected(network, 512, activation='relu')
dropout (network, 0.5)
fully connected(network, 10, activation='softmax')
regression(network, optimizer='adam',
loss='categorical crossentropy’,
learning rate=0.001)
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LeNet-5

The LeNet-5 architecture is perhaps the most widely known CNN architecture. As
mentioned earlier, it was created by Yann LeCun in 1998 and widely used for hand-
written digit recognition (MNIST). It is composed of the layers shown in Table -

LeNet-5 architecture

Layer Type Maps Size Kernel size Stride Activation
Out  Fully Connected - 10 - - RBF
F6 Fully Connected - 84 — - tanh
&) Convolution 28 1Tx1 5¥5 1 tanh
54 Avg Pooling 16 xS 1x1 2 tanh
G Convolution 16 10x10 5x5 1 tanh
52 Avg Pooling 6 14x14 2x2 2 tanh
q Convolution 6 28x28 5Xx5 1 tanh

In Input 1 32x32 - - -
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AlexNet

» 2012 ILSVRC winner

» (top 5 error of 16\% compared to runner-up with 26\ % error

)
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AlexNet

The AlexNet CNN architecture won the 2012 ImageNet ILSVRC challenge by a
large margin: it achieved 17% top-5 error rate while the second best achieved only
26%! It was developed by Alex Krizhevsky (hence the name), Ilya Sutskever, and
Geoffrey Hinton. It is quite similar to LeNet-5, only much larger and deeper, and it
was the first to stack convolutional layers directly on top of each other, instead of
stacking a pooling layer on top of each convolutional layer.

Layer Type Maps  Size Kernel size Stride Padding Activation
Out  Fully Connected - 1,000 - - - Softmax
F9 Fully Connected — 4096 - - - ReLU

F8 Fully Connected — 4096 - - - ReLU

(7 Convolution 256 Bx1B 3X3 1 SAME RelLU

(6 Convolution 384 Bx13 3X3 1 SAME RelLU

(5 Convolution 384 Bx1B 3Ix3 1 SAME RelLU

$4 Max Pooling 256 1313  3x3 2 VALID -

G Convolution 256 27 X271  5X%5 1 SAME RelLU

52 Max Pooling 96 27x27  3X3 2 VALID -

(1 Convolution 96 555 11 xM - VALID RelLU

In Input 3(RGB) 227 x227 - = = =




VGGNet

e 20144, FEKFHENMIE (Visual Geometry Group) FlGoogle
DeepMind /A~ & HIBF 5T 1 — it & 1 T IR SRR N 4% : VGGNet, FFHX
13 T ILSVRC2014 b FE 432K H 38 — 44 (55 —4 /&GoogleNet, /& [FJ4FEHE
HrD FENMNITHBIZE —44
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VGG16 VGG19
YA i - / /
CNN .:E ~ ConvNet Configuration Fs /
-= A A-LRN B C D 4 E /
11 weight 11 weight | 13 weight | 16 weight 16 weight | 19 weight
VGGN e "t layers layers layers layers layers layers
wput (224 x 224 RGB mmage)
conv3-64 conv3-64 conv3-64 convi-04 convi-64 conv3-64
LEN convi-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | comv3-128 | conv3-128 | conv3-128 | comv3-128
22 % 224 %3 224 x 234 x (id conv3-128 | conv3-128 | conv3-128 | comv3-128
maxpool
conv3-236 | conv3-256 | comv3-236 | comv3-256 | conv3-236 | comv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
7 convl-256 | conv3-256 | conv3-256
/ convi-256
56|x 56 x 258
7 28 % 28 x 512 TxTx512 o
14x14x 512 l R s S e conv3-312 | conv3i-5312 | conv3-512 | conv3-512 | conv3-512 | conv3i-512
' s PR et conv3-312 | conv3-312 | comv3-512 | comv3-312 | conv3-5312 | comv3-512
convl-512 | conv3-512 | comv3-312
conv3i-512
ﬁ] |:l.JIl\-'L:Il.uLi-:IllL+RI.'|.l' .I.'IJ.BKPWI
- ;'l'l]': '::::::wi_'_m[ o conv3-512 | conv3-312 | comv3-512 | comv3-512 | conv3-512 | comv3-512
= ﬁ:ml: e conv3-512 | comv3-312 | comv3-512 | conv3-512 | conv3-512 | comv3-512
= ; convl-512 | conv3-512 | conv3-312
conv3-512
maxpool
2 FC-4096
Al o= - 258 — & FC4096
FC-1000
soft-max




GooglLeNet

» 2014 ILSVRC winner (22/%)
» 4% GoogleNet: 4M VS AlexNet: 60M
» AR E L 6.7%

GoogleNet



GooglLeNet

The GoogleNet architecture won the ILSVRC 2014 challenge by pushing the top-5
error rate below 7%. This great performance came in large part from the fact that

the network was much deeper than previous CNNs . This was made possible by
sub-networks called inception modules, which allow GoogleNet to use parameters
much more efficiently than previous architectures A

Softmax
Max Pool 112 288 64 64 Eully Cornecied
192, 3x3 + 2(S) b 144 32 1000 units
Local Response 128 256 64 64 Dropout
Norm b 12824 40%
Convolution 160 224 64 64 Global Avg Pool
192, 3x3 + 1(S) b 112 24 1024
Convolution 192 208 48 64 384 384 128 128
64, 1x1 + 1(S) & 96 16 b 192 48
Local Response Max Pool 256 320 128 128
Norm 480, 3x3 + 2(S) b 160 32
Max Pool 128 192 96 64 Max Pool
64, 3x3 + 2(S) b 128 32 832, 3x3 + 2(S)
Convolution 64 128 32 32 256 320 128 128
64,7x7+2(S) | | b 96 16 < 160 32
Input T T

f b = inception module
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Convolution Convolution Convolution Convolution
1x1 + 1(S) 3x3 + 1(S) 5x5 + 1(S) 11 + 1(S)
! 1 I I
Convolution Convolution Max Pool
11 + 1(S) 11 + 1(S) 3x3+1(S)

Inception module




ResNet .

» 2015 ILSVRC winner (152/%)

» HrIR R 3.57%




ResNet

The ILSVRC 2015 challenge was won using a Residual Network (or ResNet), devel-
oped by Kaiming He et al., which delivered an astounding top-5 error rate under
3.6%, using an extremely deep CNN composed of 152 layers. It confirmed the general
trend: models are getting deeper and deeper, with fewer and fewer parameters.

f

A(X) Softmax / Convolution
; 128, 3x3 + 1(S)
? Fully Connected ! Convolution
h(x) + 1000 units / 128, 3x3 + 1(S) 4
— Global Avg Pool Convolution
t 5 1 1024 7| 128, 3x3+1(8) . g ook
Layer 2 9 Layer 2 \ Convolution g Batch
? h(x) % f fix)=h(x)-x |—— Deepl —— 128, 3x3 + 2(S) Convolution e
o Convolution 64 3x3 + 1
Layer 1 2 Layer 1 64, 3x3 + 1(S) e 19) BN +
% =l n ? Max Pool Convolution Convolution RelLU
\ 64, 3x3 + 2(S) 64, 3x3 + 1(S) 64, 3x3 + 1(S)
Input Input Convolution \ Convolution _ _
64, 7x7 + 2(S) \ 64, 3x3 + 1(S) Residual Unit
Input Convolution |
'\l 64, 3x3 + 1(S)

: !
)
%

Residual learning ResNet architecture
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Y. Kim. "Convolutional neural networks for sentence classification” . In: arXiv preprint

arXiv:1408.5882 (2014).
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The cat 55t on the red mat

N. Kalchbrenner, E. Grefenstette, and P. Blunsom. "A Convolutional Neural Network for Modelling
Sentences” . In:
Proceedings of ACL. 2014
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