CNN

- Convolutional Neural Network
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PyTorch/gY LeNet

« Code...
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AlexNet 2254
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PyTorch/rgY AlexNet

« Code...
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VGG S

sequentiall output shape: (1, 64, 112, 112)
sequential2 output shape: (1, 128, 56, 56)
sequential3 output shape: (1, 256, 28, 28)
sequential4 output shape: (1, 512, 14, 14)
sequential5 output shape: (1, 512, 7, 7)
denseO output shape: (1, 4096)
dropoutO output shape: (1,4096)

densel output shape: (1, 4096)
dropoutl output shape: (1,4096)

dense2 output shape: (1, 10)
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PyTorchs gy VGG

Code...
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FREMZ (ResNet)

generic function classes nested function classes
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FeZM4s (ResNet)

I y J“)J I:I ) EKE\E&}? Actwatlon function Activation function
SES " ol

1 " f(x) f(x) 1
BAVER M et e
yy I Weight layer | I Weight layer |
I.JJ ? |2| : 1 i : £ i
: Activation function | : Activation function |
1 — " | ! |
* 23 Eﬂ < EII‘J : t | . t |
£ 3y ! Weight layer : ! Weight layer :
29& o ___ F______J o ___ .
f(x) =x+ g(x) X X
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M4 (ResNet) = °
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PyTorch#1gY ResNet

« Code...
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{sEFPyTorch Hub

model = torch.hub.load('pytorch/vision’, 'resnet18’, pretrained=True)
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l v For Researchers | PyTorch

<« X @ pytorch.org/hub/research-models B 4 o9 M @ :
—_—
O PyTorch Ger Started Ecosystem Mobile Blo Tutorials Docs Resources GitHub Q
3 g
All Audio Generative Mlp Scriptable Vision = Q
Inception_v3 MobileNet v2 heibibd Wit

Also called GoogleNetv3, a famous ConvNet trained on Efficient nerworks optimized for speed and memory, " "
Imagenet from 2015 with residual blocks

ProxylessNAS ResNet

Proxylessly specialize CNN architectures for different Deep residual networks pre-trained on ImageNet
hardware platforms.

ResNext ShuffleNet v2

have monararinn Rachlare mara officient and accurate An efficient ConvNet optimized for speed and memory,

https://pytorch.org/hub/pytorch_vision_mobilenet w2/ o . -




