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f( . ) ̂y = f(wx + b)w

The Common Pipeline

Training

Initialise  and w b1

Find optimal  and  as defined by loss function w b J(w, b, x)2

Use  to make predictionŝy = f(wx + b)3
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f( . ) ̂y = f(wx + b)w

The Common Pipeline

Loss Function

Find optimal  and  as defined by loss function w b J(w, b, x)2

J(w, b, x) = y − ̂y
= y − f(wx + b)
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Loss Function

Find optimal  and  as defined by loss function w b J(w, b, x)2
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The Common Pipeline

w
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The Common Pipeline

w
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The Common Pipeline

w

 f(wx + b)
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The Common Pipeline
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The Common Pipeline
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The Common Pipeline

input 
(data)

output 
(prediction)
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The Common Pipeline

input outputhidden layer
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The Common Pipeline

input outputhidden 
layers
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The Common Pipeline

input outputhidden 
layers
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The Common Pipeline

input outputhidden 
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The Common Pipeline

input outputhidden 
layers
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The Common Pipeline

input outputhidden 
layers
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The Common Pipeline

w0
00

w0
01

w0
02

w1
00

w1
01

w1
10

w1
11

w1
20

w1
21

w2
00

w2
01

w2
10

w2
11

f( . )

f( . )

f( . )

f( . )

f( . )

f( . )

f( . )

x

input outputhidden 
layers



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning 30

Representation and Features

The classic pipeline considers separate steps for feature extraction and the learning algorithm

Classification 
Algorithm

SVM

Perceptron

Feature Extraction

Colour Shape

SIFT SURF

Pre-processing
Sensor Sampling
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Representation and Features

Feature Extraction

Colour Shape

SIFT SURF

The classic pipeline considers separate steps for feature extraction and the learning algorithm
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Feature Extraction

Colour Shape Region Domain Descriptors

RGB

LAB

HSL

LUV

Canny

Sobel

Prewitt

Deriche

Laplacian of Gaussian

Difference of Gaussians

Determinant of Hessian

Hough Transform

Wavelet Transform

Distance Transform

SIFT
SURF
GLOH
HOG

The classic pipeline considers separate steps for feature extraction and the learning algorithm

Representation and Features
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What if we could learn these representations whilst making them tailored for the task
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Extração de  
CaracterísticasPre-processing

Sensor Sampling
Classification Algorithm

Representation and Features

What if we could learn these representations whilst making them tailored for the task
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Convolution

?
Mathematical Operation

Binary

N-dimensional tensors

⊛
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A B
a1 a2 a3 a4 b1 b2 b3 b4

⊛

Convolution
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A B
a1 a2 a3 a4

a5 a6 a7 a8

a9 a10 a11 a12

b1 b2 b3 b4

b5 b6 b7 b8

b9 b10 b11 b12

⊛

Convolution
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Cx,y =
a

∑
dx=−a

b

∑
dy=−b

Adx,dyBx+dx,y+dy

C = A ⊛ B

Convolution
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Cx,y =
a

∑
dx=−a

b

∑
dy=−b

Adx,dyBx+dx,y+dy

C = A ⊛ B

Convolution

Source: Michael Plotke, a wikipedia contributor
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Convolution
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Convolutional Neural Network
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Convolutional Neural Network
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Cx,y =
a

∑
dx=−a

b

∑
dy=−b

Adx,dyBx+dx,y+dyC = A ⊛ B

each input map is convolved with a kernel

Convolutional Neural Network
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each input map is convolved with a kernel

Convolutional Neural Network
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and the resulting activations are summed together

Convolutional Neural Network
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a process that is repeated for all filters

Convolutional Neural Network
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a process that is repeated for all filters

Convolutional Neural Network



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning 51

and gives us the same number of activation maps as the number of filters

Convolutional Neural Network
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input maps single kernel filter and filter output

(n, m, c_in) (k, k) (k, k, c_in) (n, m, c_in)

Convolutional Neural Network
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filter collection

(k, k, c_in, c_out)

output feature maps

(n, m, c_out)

Convolutional Neural Network
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The Common Pipeline
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The Common Pipeline
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Convolutional Neural Network
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history of scaling in DL

57

the publication of the AlexNet in 2011 was a turning point for scale in Deep Learning

it was the deepest network yet, thanks to clever optimisations and design choices
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the publication of the AlexNet in 2011 was a turning point for scale in Deep Learning

it was the deepest network yet, thanks to clever optimisations and design choices

grouped 
convolutions

ReLU

Max Pooling

history of scaling in DL
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VGG came next and brought with it the idea of blocks based on the current image size

history of scaling in DL
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VGG came next and brought with it the idea of blocks based on the current image size

blocks

history of scaling in DL
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by implementing the residual connections, ResNet overcame the vanishing gradient problem

which finally opened the door for networks to scale ‘unbounded’ in the depth dimension

history of scaling in DL
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by implementing the residual connections, ResNet overcame the vanishing gradient problem

which finally opened the door for networks to scale ‘unbounded’ in the depth dimension

34-layers
50-layers

101-layers
each with improved accuracy 152-layers

history of scaling in DL
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by scaling width as well as depth, 
managed to get a better results with less 
depth

used depth-wise separable convolutions 
extensively and has parameters for scaling 
both width and resolution

a pattern of three scaling dimensions started to take shape

history of scaling in DL
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managed to get a better results with less 
depth
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extensively and has parameters for scaling 
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showed that scaling resolution also had a 
significant impact on performance

a scalable model across all dimensions
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used depth-wise separable convolutions 
extensively and has parameters for scaling 
both width and resolution

a pattern of three scaling dimensions started to take shape

showed that scaling resolution also had a 
significant impact on performance a scalable model across all dimensions

history of scaling in DL
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wider nets have better 
gradients and are 
easier to train

deeper nets perform 
better on single-object 
classes

wider nets perform 
better on classes that 
represent scenes

width increases 
computational cost 
quadratically

depth increases 
computational cost 
linearly

resolution increases 
computational cost 
quadratically

Zagoruyko et al. Nguyen et al. Nguyen et al.

history of scaling in DL
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Applications
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The Common Pipeline
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The Common Pipeline

Retrieval 
 AlgorithmFeature Extraction

Colour Shape

SIFT SURF

Pre-processing
Sensor Sampling

BoVW
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The Common Pipeline

Retrieval 
 AlgorithmFeature Extraction

Colour Shape

SIFT SURF

BoVW

https://medium.com/towards-data-science/bag-of-visual-words-in-a-nutshell-9ceea97ce0fb
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attention is all you need 
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Z = σ
(XWq)(XWk)T

dq

XWv

attention is all you need 
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given two vector sequences

attention is all you need 
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we wish to compare all 
against all

attention is all you need 
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each comparison will result 
in a scalar, the attention 
weight

0.23

0.38

0.12

0.33

0.23

attention is all you need 
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together these compose 
the attention matrix

attention is all you need 
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finally, the values on the 
attention matriz are used to 
weight a third sequence of 
vectors

X

attention is all you need 
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each of these sequences is 
called queries, keys and 
values

queries keys values

attention is all you need 
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queries keys values

Z = σ
(XWq)(XWk)T

dq

XWv

XWq XWk XWv

attention is all you need 
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queries keys values

Z = σ
(XWq)(XWk)T

dq

XWv

XWq XWk XWv σ
(XWq)(XWk)T

dq

attention matrix

attention is all you need 
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attention is all you need 
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Embedding 
Lookup

Positional 
Encoding

+

Multi-head 
Attention

Matrix that converts words (the concept) into unique vectors

attention is all you need 
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Embedding 
Lookup

Positional 
Encoding

+

Multi-head 
Attention

Attention is a position equivariant function

attention is all you need 

Matrix that converts words (the concept) into unique vectors
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X

queries

ke
ys

valuesmatriz de atenção

attention is all you need 
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X

queries

ke
ys

valuesmatriz de atenção

=

attention is all you need 



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning 92

Embedding 
Lookup

Positional 
Encoding

+

Multi-head 
Attention

Transformação de palavras para vetores

Atenção é uma função equivariante a permutação na sequência

Diversification of the outputs. “Can pay attention to multiple things”

attention is all you need 
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vision transformer

94

Linear Projection of Flattened Patches
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Linear Projection of Flattened Patches

vision transformer
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Cx,y =
a

∑
dx=−a

b

∑
dy=−b

Adx,dyBx+dx,y+dyC = A ⊛ B

vision transformer
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vision transformer
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vision transformer
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X

queries

ke
ys

valuesmatriz de atenção

=

vision transformer
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Linear Projection of Flattened Patches
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learning representations

Classifier

SVM

MLP

118

Feature  
Extraction

Colour Shape

SIFT SURF

Preprocessing
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Classifier

119

Feature  
ExtractionPreprocessing feature abstraction 

became a learnable part of 
the pipeline

Deep Learning

learning representations
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ClassifierFeature  
ExtractionPreprocessing

Deep Learning

Representation Learning
Bengio et al.

120

learning representations

feature abstraction 
became a learnable part of 
the pipeline
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Content-based 
image retrieval

Classi
fier

Feature  
ExtractionPreprocessing

Representation Learning
Bengio et al.

Face Recognition

Pre-training for 
multitask

Recommendation 
Systems

Unsupervised 
Learning

Self-supervised 
Learning

learning representations
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contrastive learning

122

introduced the contrastive loss as a technique to 
do dimensionality reduction
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introduced the contrastive loss as a technique to 
do dimensionality reduction

ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y )(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

each x is a sample

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

y is a binary label

0 if the pair is similar

1 if the pair is dissimilar

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

W are the network 
weights

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

D is a distance 
function usually euclidean

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

if the pair is similar

decrease D between both samples

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

if the pair is dissimilar increase D between both samples

but only up until it is larger than m

contrastive learning
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ℒ(W, (Y, x1, x2)) =
1
2

(1 − Y)(D(W, x1, x2))2

+
1
2

Y max{0, m − D(W, x1, x2)}2
let’s break this apart

m is the margin
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contrastive learning
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we are going to have two networks or two copies of 
the same network
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contrastive learning
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we are going to have two networks or two copies of 
the same network

(D(W, x1, x2))2

for similar pairs, learning will 
bring the representations closer
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contrastive learning
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we are going to have two networks or two copies of 
the same network

(D(W, x1, x2))2

for similar pairs, learning will 
bring the representations closer
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contrastive learning



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning

we are going to have two networks or two copies of 
the same network

for dissimilar pairs, learning will 
move the representations apart

max{0, m − D(W, x1, x2)}2
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contrastive learning
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we are going to have two networks or two copies of 
the same network

for dissimilar pairs, learning will 
move the representations apart

max{0, m − D(W, x1, x2)}2
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contrastive learning
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triplet loss

introduced the triplet loss to learn face representations and 
perform 1-shot facial recognition
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introduced the triplet loss to learn face representations and 
perform 1-shot facial recognition

1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

138

triplet loss
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1
2

max{0, m + D(xa, xp) −D(xa, xn)}ℒ(xa, xp, xn) =

139

triplet loss
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1
2

max{0, m + D(xa, xp) −D(xa, xn)}ℒ(xa, xp, xn) =

similar to the 
anchor
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triplet loss
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1
2

max{0, m + D(xa, xp) −D(xa, xn)}ℒ(xa, xp, xn) =

dissimilar to the 
anchor
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triplet loss
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1
2

max{0, m + D(xa, xp) −D(xa, xn)}ℒ(xa, xp, xn) =

the margin now limits the 
distance of distances
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triplet loss



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning

1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

143

a

+

-

triplet loss
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1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

144

a

+

-

margin

triplet loss
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1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

145

a

+

-

margin

notice how the margin is 
between the distances

triplet loss
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1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

146

a

+

-

margin

notice how the margin is 
between the distances

avoiding the issue of 
representing similar objects with 
the same vector

triplet loss



Classic Pipeline Convolutional Neural Networks Transformers Contrastive Learning

1
2

max{0, m + D(xa, xp)
−D(xa, xn)}

ℒ(xa, xp, xn) =

147

a

+

-

margin

notice how the margin is 
between the distances

avoiding the issue of 
representing similar objects with 
the same vector

triplet loss
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information noise-contrastive estimation

introduces InfoNCE specifically to learn general 
representations

148

ℒ(zi) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)
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information noise-contrastive estimation

149

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)
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information noise-contrastive estimation

150

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

our anchor
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information noise-contrastive estimation

151

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

our positive sample
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information noise-contrastive estimation

152

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

distance comparison
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information noise-contrastive estimation

153

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

normalized by distance 
from anchor to all 
samples
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information noise-contrastive estimation

154

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

normalized using 
softmax
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information noise-contrastive estimation

155

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

designed as cross-
entropy loss
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information noise-contrastive estimation

156

ℒ(zi, zj) = − log
exp(zi ⋅ zj /τ)

N
∑
k=1

1[k≠i] exp(zi ⋅ zk /τ)

temperature controls the spread 
of representations
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applications
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applications
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