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Outline
« Supervised Learning

* Neural networks
« Convolutional layer

« Convolutional neural networks (CNNs)
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Image Classification: ImageNet

 Image classification with 1.3M color images and 1000 classes
* Need large scale non-parametric methods
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Neural Networks and Convolution Features

« 8 layer convolution neural network [Krizhevsky et al. 2012] achieved the state-of-
the-art result (beating the second place by 10%).
* First 5 layers: convolution + max pooling
« Next 2 layers: fully connected nonlinear neurons
 Last layer: multiclass logistic regression
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https://proceedings.neurips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

Fully Connected (FC) Layer

How to handle images using fully connected layers?

Flatten Feature x Wx /Actlvatlon
) — 10x3072 — e f
3072 weights : 10
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: 1 number:
[ The result of an activation function over
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the dot product of the i-th row weight W
and feature x

32x32x3 image
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Convolution Layer

32 x 32 x 3 image

/ 5x 5 x 3filter
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Convolution Layer

32 x 32 x 3 image

5 x5 x 3 filter
32

F___»

1 number:

The result of taking a dot product between the
filter and a small 5x5x3 chunk of the image
(i.e., 5*5*3=75-dimensional dot product + bias)

w

32x32x3 image
Xsexsimag wix+b
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Padding and Stride

Padding = 0, stride = 1 Padding = 1, stride = 1 Padding = 0, stride = 2 Padding = 1, stride = 2

Georgia
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https://hannibunny.github.io/mlbook/neuralnetworks/convolutionDemos.html
https://hannibunny.github.io/mlbook/neuralnetworks/convolutionDemos.html

Convolution Layer

32 x 32 x 3 image

5 x5 x 3 filter
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all spatial locations
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Convolution Layer

32 x 32 x 3 image

Consider a second filter
5 x5 x 3 filter
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Convolve (slide) over
all spatial locations
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32x32x3 image
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Convolution Layer

F___»

32x32x3 image
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32 x 32 x 3 image
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Convolve (slide) over
all spatial locations

Activation maps
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We stack all these outputs to get a 28x28x6 images.
Pick the number of layers you want.
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Convolution Layer

F___»

32x32x3 image
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Conv2d + RelLU
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This is how the torch.nn.Conv2d
function works.

.

28— 24 —

Conv2d + RelLU Conv2d + RelLU
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Conv2d

class torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0,
dilation=1, groups=1, bias=True, padding_mode='zeros', device=None, dtype=None) [source]

Applies a 2D convolution over an input signal composed of several input planes.

In the simplest case, the output value of the layer with input size (N, Cy,, H, W) and output
(N, Couty Houty Wout) can be precisely described as:

Cip—1
out (N, Cout,) = bias(Cout,) + Z weight(Cou;, k) * input(N;, k)
k=0



https://docs.pytorch.org/docs/stable/generated/torch.nn.Conv2d.html

How Many Parameters?

.

4 A

Conv2d + RelLU Conv2d + RelLU Conv2d + RelLU
4 4 e
3 6 12
| J \ |
| |
) 5x5x3x6 weights in the filters  5x5x6x12 weights in the filters
32x32x3 image = 450 = 1800
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Pooling Layer

Input feature map

max

Pooled output

avg

Pooled output

MaxPool2d

class torch.nn.MaxPool2d(kernel_size, stride=None, padding=0, dilation=1,
return_indices=False, ceil_mode=False) [source]

Applies a 2D max pooling over an input signal composed of several input planes.

In the simplest case, the output value of the layer with input size (N, C, H, W), output (N, C, Hyyt, Weyt) and
kernel_size (kH,kW) can be precisely described as:

out(N;,Cj,h,w) =  max max
m=0,....kH-1n=0,....kW-1

input(NV;, Cj, stride[0] x h + m, stride[1] x w + n)

AvgPool2d

class torch.nn.AvgPool2d(kernel_size, stride=None, padding=0, ceil_mode=False,
count_include_pad=True, divisor_override=None) [source]

Applies a 2D average pooling over an input signal composed of several input planes.

In the simplest case, the output value of the layer with input size (N, C, H, W), output (N, C, H,yut, Woyt) and
kernel_size (kH, kW) can be precisely described as:

kH-1kW-1

1 Z Z input(N;, Cj, stride[0] x h + m, stride[l] X w + n)

out(N;, Cj, h,w) = RH « kW
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Adding Pooling to the Layers

/ maxpooling maxpooling
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Input RGB (227%x227) Convl (11x11,s4,p2) ch0 (56%x56)

Conv3 (3%3,pl) ch0 (13x13) Conv4 (3x3,pl) ch0 (13x13)

17

MaxPool 3%x3,52 (27x27)

Conv5 (3%x3,pl) ch0 (13x13)

Conv2 (5x5,p2) ch0 (27x27)

MaxPool 3x3,s2 (6x6)

oy

MaxPool 3%x3,s2 (13x13)
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Deep Learning

* Hand engineered filters are time consuming, brittle, and not scalable in practice

« Can we learn the filters directly from data?

Low level features Mid level features High level features

Lines & edges Eyes & noses & ears Facial structure
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19

CNN Models



Convolutional Layers + Neural Networks

Fully connected layers (FCs)

/ maxpooling maxpooling Flatten
—p  LOSS
- ———) 32 =—> —> 14 = —> 5 = function
Conv2d Conv2d 12 5 : ; :
+ RelLU + RelLU
14
32

w |

=1 300 4096 4096 10

How to use this???

32x32x3 image

Question: what are the trainable parameters? Memory and computation cost? Georas
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AlexNet (Named after Alex Krizhevsky)

» AlexNet was one of the first deep convolutional on ImageNet competition with an

 The activation used is the Rectified Linear Unit (ReLU).
« How long did it take?

21

_ Input 1 FC2
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~3M parameters ~58M parameters

accuracy of 84.7% as compared to the second-best with an accuracy of 73.8%.

« The training set had 1.2 million images. It was trained for 90 epochs, which took 5-6 days on
two NVIDIA GTX 580 3GB GPUs.
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VGGNet

Visual Geometry Group

« Having fixed size kernels (3x3) rather than the variable
used in AlexNet (11x11, 5x5, 3x3).

 Variable size kernels can be replicated by making use of multiple 3x3 kernels as

building blocks.

* The deeper the better!

convl

28 x 28 x 512

56 x 56 x 256

L
112/x 112 x 128

LA
224 x 224 x 64

14 x 14 x 512

ey
1x1x4096 1x1x1000

7x7x512

@ convolution+ReLLU

@ max pooling
y: y
(i fully connected+ReLU

Image from Max Ferguson in ResearchGate

Published as a conference paper at ICLR 2015

VERY DEEP CONVOLUTIONAL NETWORKS
FOR LARGE-SCALE IMAGE RECOGNITION

Karen Simonyan* & Andrew Zisserman*
Visual Geometry Group, Department of Engineering Science, University of Oxford
{karen,az}@robots.ox.ac.uk

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv(receptive field size)-(number of channels)”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration J
A A-LRN B C | | D E
11 weight | 11 weight | 13 weight | 16 weight I 16 weight [N 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB imag

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
‘ LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 § conv3-128 [Nconv3-128
‘ ‘ conv3-128 | conv3-128 § conv3-128 [Nconv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 J conv3-256 [Mconv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 QN conv3-256 [Mconv3-256
convl-256 § conv3-256 |§conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512 |Bconv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512 [Nconv3-512
convl-512 § conv3-512 [Bconv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 J§ conv3-512 |§conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512 (Mconv3-512
convl-512 § conv3-512 [Bconv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

138M parameters
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https://www.researchgate.net/profile/Max-Ferguson

Vanishing Gradient Issue

 When models go deeper, gradient can vanish in
the backpropagation...

dl dl ngg dZ98

dw - ngg dZ98 dZ97 " dZO dw

dZ1 dZO

« Any term that is nearly 0 will ruin the entire chain rule.

« Activation functions play an important role.

Nonlinearities

257 — ReLU

— GELU

ReLU (Rectified linear unit)
» Easy to backprop

« Preserve gradients (one-
1.01 Slded)

] « Some variants to
preserve more gradients
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VGG-19 34-layer plain 34-layer residual

image image image

ResNet Sevl

stre: 112 313 conv, 128
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7 7
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« ResNet architecture makes use of shortcut connections to o) g
. . . ¥ 12
| 33conv,25 | | 33 conv, 64
solve the vanishing gradient problem. e
| 3x3conv, 64
L] L] L] L] *
| 3x3conv, 64
 Since the vanishing gradient problem was taken care of e
output 2
M M e 28 Ty gcony,512 | [ 3x3conv, 128
(more about it in the how part), CNN started to get deeper ——
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Batch Normalization

- Batch normalization was
proposed to normalize the input of
any layer in neural networks.

® Ed + “Batch Normalization: Accelerating Deep Network Training by
{x }ie{l,z,...,B} eER Reducing Internal Covariate Shift”, Loffe and Szegedy 2015
* “Group Normalization”, We and He 2018

Compute the elementwise mean and variance
1 .
* U= gZix(‘) € R4

e o2=23%(x® - )’ eRe

B
Return batch-normalized features BatchNorm2d
MO
() _ Up d e )
X = ﬁ € R* Vi class torch.nn.BatchNorm2d(num_features, eps=1e-05, momentum=0.1, affine=True,
op t € track_running_stats=True, device=None, dtype=None) Isource]

Applies Batch Normalization over a 4D input.

° I't e m p i ri C a I Iy WO rkS Ve ry We I I . 4D is a mini-batch of 2D inputs with additional channel dimension. Method described in the paper Batch
Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift .
« However, there is no consensus -
why. Sometimes it may cause Y arl e

gradient instability too.
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https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1803.08494
https://arxiv.org/abs/1803.08494

Nowadays Deep Learning

Leaderboard Dataset
View Top 1 Accuracy v by Date v | for All models v
100 =
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I go ResNet 15— T
>
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<
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50
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Other models -eo- State-of-the-art models
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Nowadays Deep Learning

Parameter count of ML systems through time
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https://epoch.ai/blog/parameter-counts

Domain

O Games

O Language
A Other

«n Vision
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https://epoch.ai/blog/parameter-counts
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