Hands-on Introduction to Deep Learning
Convolutional Neural Networks
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Image:3x5x5 1 layer, 3 neurons :
75 weights per neuron

\ Motivations
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Image : 3 x Height x Width Complex model

\ Motivations
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\ Convolution
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\ Convolution 2D
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Edge detection Box mean
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@\ Convolution 2D
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Machine Learning

Gan | 53

Input Feature extraction Classification Output

Deep Learning
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Input Feature extraction + Classification Output

@\ Convolutions role
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Activation | Feature Map

Convolution

Same depth

@\ Convolution 3D
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\ Kernel and activations map
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Convolution
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5 filters, 3 x5x 5 8 filters, 5x5x 5 12 filters, 8 x5 x5

@\ Dimensions evolution
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Compression

—

Max Pooling
Filter : 2 x 2
Stride : 2

—
Mean Pooling

Filter: 2x 2
Stride : 2
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Image

: Relu + Max :
Convolution Pooling Flattening

Fooled

Feature Maps Features

Features extraction

\ Final Fully connected layers prototype

Output Predictions

-
Fully Connected
Layer

Predictions
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ReLU

R(z) =max(0, z)

0
=10

@

\ Activation function
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— CAR
import toxrch.nn as nn :T\Z:J,fx
import torch.nn.functional as F —
class Net(nn.Module): O e

def __init__(self): INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN co:‘zuryiznn SOFTMAX
super().__init__() ~ 5
self.convl = nn.Conv2d(3, 6, 5) FEATURE LEARNING CLASSIFICATION
self.pool = nn.MaxPool2d(2, 2)
self.conv2 = nn.Conv2d(6, 16, 5)
self.fcl = nn.Linear(16 x 5 x 5, 120) torch.nn.Conde(
self.fec2 = nn.Linear (120, 34) in Channe|5’
self.fe3 = nn.Linear (84, 10) Ol;f channels
i 7
def forward(self, x): kerneI_S|ze,
X = self.pool(F.relu(self.convl(x))) Stridezl’
X = self.pool(F.relu(self.conv2(x))) paddlng=0
x = torch.flatten(x, 1) # flatten all dimensions except batch . . !
X = F.relu(self.fc1(x)) dilation=1,
X = F.relu(self.fc2(x)) groups:l,
X = self.fe3(x) bias=True
7
return x .
padding_mode="zeros’,
device=None,
net = Net() dtype=None)

\ Basic CNN implementations (Pytorch)

IDRIS(CNRS) - Hands-on Introduction to Deep Learning

v.2.0

17



On | O Fyg | Fopp
= Convolution Xo1 | Xy | Xy
0,, | 0,, E .
- o 21 22
Xa1 | Xz | Xag p,
Output O Filter F
Input X
oL oL oL
(}Xl 1 {)X A E]X 3 [ E ) @ %
121
aL dL oL . Full aoll aﬂlz
%) : ) ~ Convolution !
( XJ] (JU"(:2 ( XH ) E aL aL
oL oL oL 11 d0,, 6'022
X, X, oaX, Filter F .
' ' Loss Gradient f—
oL a0
X

\ Convolution backpropagation

Pavithra Solai. "Convolutions and Backpropagations"
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He, Kaiming, et al. "Deep residual learning for image recognition."

\ Depth problem
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He, Kaiming, et al. "Deep residual learning for image recognition."
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He, Kaiming, et al. "Deep residual learning for image recognition."
ResNet
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Filter
concatenation

/ 3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions i A B

1x1 convolutions 1x1 convolutions 3x3 max pooling

_--

Previous layer

Szegedy, Christian, et al. "Going deeper with convolutions."

\ Inception module
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Szegedy, Christian, et al. "Going deeper with convolutions."
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[Long et al. 15] Fully Convolutional Networks for Semantic Segmetnation (FCN
forward /inference
backward /learning
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. . Redmon, Joseph, et al. "You only look once: Unified, real-time object detection.”
Ap pl |cat|o NS Long, et al "Fully convolutional networks for semantic segmentation."
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