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Artificial Neural Networks

Machine learning algorithms
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Artificial Neural Networks
Feed Forward Nets (FNN)
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Recurrent Nets (RNN)

... and others
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Generative Adversarial Network (GAN)
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http://www.asimovinstitute.org/neural-network-zoo/
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Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

Deep Belief Network (DBN)
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Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Liquid State Machine (LSM)  Extreme Learning Machine (ELM)
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Grandes avances del Deep Learning




NN can do more complex tasks, e.g., scene captioning

“straw”

llhat"

END

RNN

"two young qirls are playing with "boy is doing backflip on
lego toy.” wakeboard.”

"man in blue wetsuit is surfing on

“young girl in pink shirt is s
g wave

swinging on swing."
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Neural Networks Learning

* Labeled data
* Direct feedback
* Predict outcome/ffuture

Supervised

Learning

Unsupervised Reinforcement
* No labels * Decision process
* No feedback * Reward system

* “Find hidden structure” * Learn series of actions



Image classification of MNIST

Training stage
(60.000 images)

Test stage
(10.000 images)
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Building Neural Network

¥ NN
) = developer

Building
block




Classitying with Neural Networks

Simple dataset - simple linear classifier




Classitying with Neural Networks

Complex dataset > ?



Classitying with Neural Networks

Complex data - ?




Classifying with Neural Networks

Complex data—> Non-linear classifier = a sequence of one or more
(linear classifier+activation functions)




Classifying with Neural Networks

Complex data—> Non-linear classifier = linear classifier+activation
functions




The math behind

Learning step
* Given N examples (X; , y;) , where x; 1s the image and y; the
corresponding label find function F() such as:

F(W,x,b)=y

Test step
 How well is the prediction on a new set

3 m) F(W,x,b) =) 3

28x28 pixels




Simple Linear classifier

welights  bias

|

F(W,x,b)=y :

|

data Input layer  output layer




How does a Linear Classifier learn?

For MNIST dataset

* Each image 1s 28x28=784 pixels
* 10 classes

imflge
é F(x,W)= W |x +b =|out
10x784 || 784 10
Array of [28,28] pixels
(784 numbers total)

10 numbers indicating
class score

parameters

An optimization problem:
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How does a Linear Classifier learn?

F(x,W) =

Wx + b= out
v
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W[10,784]

* x[784]+ b[10]= out[10]

W, =random

Define a loss function
(cost function)
Loss=(Predicted-
desired)



How does a Linear Classifier learn?

F(x,W) =

88 |82 |84 |88 |85 |83 [80 |93 [102
88 |80 |78 |80 |80 | 78 |73 |94 [100
85|79 |80 |78 77|74 [65 |91 |
38 |35 |40 |35 39|74 [77 |70 |65
20 |25 |23 |28 |37 | &3 [64 |60 |57
22 |26 |22 |28 |40 |65 [64 |59 34
24 |28 |24 |30 |37 |60 [58 |56 |66
21 /22|23 |27 38|60 |67 |65 |67
23 |22 |22 |25 |38 | 50 |64 |67 |66

Wx + b= out
v

W[10,784]

* x[784]+ b[10]= out[10]

W, =random

Define a loss function
(cost function)
Loss=(Predicted-
desired)

How good is
Ww?



L.oss Function

Quantifies how good 1s our W(w,,...,wy) 1In each iteration:
crossentropy = — % Ny, =log(out,) + (1 — yi) = log(1 — outi))

where out; = softmax(outi)
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How to find the best W?

Gradient descent




How to find the best W?

Gradient descent
e How to detect the direction that minimize the error?
* The slop. In 1-dimension the derivative 1s

af(o)_ .o fath)=f @)
ax h—-0 dh




Outline

Intro de Artificial Neural Networks(ANN)
How ANN Learn?

Linear Classifier

Loss Function

Gradient Descent

Backpropagation

Activation Functions

The training of a simple ANN step by step




How does a Linear classifier learn?

Backpropagation

88 82

88 85

80 193

88 | 80
85|79

80 | 80
78|77

73|94
65 91

g B

38 35

35 39

7770

—> 20 |25

28 |37

64 | 60

22 126

28 40

64 | 59

24 128

30 |37

58 | 56

21 22

27 138

67 |65

23 |22

25 |38

88|88 |8 |8 |2 |8

64 |67

-

W([10,784]

* x[784] + b[10 | = out[lﬂ] /[10]

Crossentropy(out,)ZWi)

—> AWi




Outline

Intro de Artificial Neural Networks(ANN)
How ANN Learn?

Linear Classifier

Loss Function

Gradient Descent

Backpropagation

Activation Functions

The training of a simple ANN step by step




Activation functions

The linear classifier W x +b = out

Neuron 3
Weight 1,3 o
z Activation output
Function
2
a Weight 2,3 i

——




Activation functions
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TanH

tanh(z) =
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RelLU
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Activation functions

Nanec Plot

These function are easy to derive

Identity

Binary step

Logistic (a.k.a
Soft step) —

TarH

ArcTan

Rectified
Linear Unit
(ReLU)

Paraneteric
Rectified
Lincar Unit
(PReLU) (2]

Exponential

Lincar Unit

Source: (&)
https://towardsdatascience.com/activation- ...
functions-neural-networks-1cbd9f8d91d6
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Recapitulate

Training iteration of a neural network with a specific architecture 1s two
steps:

Forward Propagation

Initial Weights |m=)| Training m) | Prediction H Error

Backward Propagation

Error » Calculate gradients # Update weights
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